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Abstract

This thesis covers modeling, optimal sizing, and energy management of a Hybrid Renewable Energy
System intended for supplying electrical energy to oil and gas facilities located in southern Algeria.
The globally increasing demand for energy, which is accompanied by environmental concerns calling for
cleaner sources of energy, presents an urgent need for the integration of renewable sources in indus-
tries, especially within the oil and gas industry. This work investigates one such transition from conven-
tional natural gas systems to renewable sources of energy, addressing the resultant techno-economic
and environmental challenges associated with integrating renewables. A complete simulation-driven
methodology has been applied by using MATLAB for the representation of the various system compo-
nents including photovoltaic (PV) modules, wind turbines (WT), gas turbines (GT), Battery Energy
Storage Systems (BES), and Hydrogen Energy Storage (HES). In the given work, the optimization
methodology was implemented through sophisticated optimization algorithms such as Non-dominated
Sorting Genetic Algorithm Il (NSGA-II), multi-objective particle swarm optimization (MOPSO), and
Fick's Law Algorithm (FLA) combined with energy management techniques, based on the load flow
between generated power and priority between storage means, toward better system efficiency with
low cost and low emissions. All these settings were taken into consideration: completely renewable
integrated systems and partial transitions of 20%, 50%, and 80%, while the used strategies included
the storage integration of BES and HES. The results indicate that while full integration of renewables
can bring Carbon Dioxide Emission (CDE) factor as low as nearly zero, the cost of energy is higher.
In contrast, partial integration of Renewable Energy Sources(RES) shows a more balanced approach
in which lower Cost of Energy (COE) values can be achieved while it reduces CDE significantly. For
instance, a PV-WT-BES-HES based system, emerged as the most efficient configuration to meet 0%
Loss of Powe Supply Probability (LPSP) with optimal COE and environmental performance. Results
have pointed out the feasibility and efficiency of the integration of renewable energy sources into the
oil and gas industry, hence providing an opportunity to cut carbon emission while transitioning towards

sustainable energy systems.
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Résume

Cette theése porte sur la modélisation, le dimensionnement optimal et la gestion de I'énergie d'un
systeme hybride d'énergie renouvelable destiné a |'approvisionnement en électricité des installations
pétrolieres et gazieres situées dans le sud de I'Algérie. L'augmentation mondiale de la demande en
énergie, accompagnée de préoccupations environnementales appelant a des sources d'énergie plus
propres, souligne I'urgence d'intégrer les sources renouvelables dans les industries, en particulier dans
le secteur pétrolier et gazier. Ce travail explore cette transition d'un systéeme conventionnel a base
de gaz naturel vers des sources d'énergie renouvelables, en abordant les défis technico-économiques
et environnementaux qui en résultent.

Une méthodologie compléete basée sur la simulation a été appliquée en utilisant MATLAB pour la
représentation des différents composants du systeme, notamment les modules photovoltaiques (PV),
les éoliennes (WT), les turbines a gaz (GT), les systémes de stockage d'énergie par batteries (BES)
et le stockage d'énergie par hydrogene (HES). Dans ce travail, la méthodologie d'optimisation a été
mise en ceuvre a I'aide d'algorithmes d'optimisation avancés tels que I'algorithme génétique a tri non-
dominé Il (NSGA-II), I'optimisation par essaim particulaire multi-objectifs (MOPSO) et I'algorithme
basé sur la loi de Fick (FLA), combinés avec des techniques de gestion de I'énergie basées sur le
flux de charge entre la puissance générée et la priorité entre les moyens de stockage, dans le but
d'améliorer I'efficacité du systeme a faible colit et faibles émissions.

Les scénarios étudiés incluent des systemes intégrés entierement renouvelables ainsi que des tran-
sitions partielles a hauteur de 20 %, 50 % et 80 %, avec des stratégies incorporant I'intégration du
stockage via BES et HES. Les résultats indiquent que, bien que I'intégration compléete des énergies
renouvelables puisse réduire presque a zéro les émissions de dioxyde de carbone (CDE), le cofit
de I'énergie reste plus élevé. En revanche, une intégration partielle des sources d'énergie renouve-
lables (RES) offre une approche plus équilibrée permettant d'obtenir un colit de I'énergie (COE)
plus bas tout en réduisant considérablement les CDE. Par exemple, un systeme combinant PV-WT-

BES-HES s'est révélé étre la configuration la plus efficace pour atteindre une probabilité de perte



Vi

d'alimentation (LPSP) de 0 %, avec un COE optimisé et de bonnes performances environnementales.
Les résultats mettent en évidence la faisabilité et I'efficacité de I'intégration des énergies renouve-
lables dans I'industrie pétroliere et gaziere, offrant ainsi une opportunité de réduction des émissions
de carbone tout en assurant une transition vers des systemes énergétiques durables.

Mots-clés : Systeme Hybride d’Energie Renouvelable (SHER); Dimensionnement Optimal; Stratégie
de Gestion de I'Energie (SGE); Installations Pétrolieres et Gazieres; Photovoltaique (PV); Eolienne
(Eolienne); Stockage d'Energie par Batterie (SEB); Stockage d'Energie a I'Hydrogene (SEH); Analyse

Technico-Economique; Réduction des Emissions de Carbone.
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General Introduction

The increasing demand for energy is intrinsically linked to improvements in the quality of life world-
wide. As societies advance, their energy needs grow, creating a pressing demand for reliable and
abundant energy sources. Historically, fossil fuels such as coal, oil, and natural gas have been the
cornerstone of global energy supply. However, the continued reliance on these finite resources raises
concerns over their eventual depletion and the significant environmental repercussions associated with
their use. Chief among these concerns is global warming, driven by the accumulation of greenhouse
gases in the atmosphere, resulting in rising global temperatures. This issue has garnered international
attention, leading to global accords such as the Paris Agreement, which aims to mitigate climate

change by reducing carbon emissions.

In response to these challenges, there is a global shift towards renewable and clean energy sources.
Renewable energy technologies, including solar, wind, and hydropower, offer the promise of a sustain-
able energy future with minimal environmental impact. However, these technologies face significant
hurdles, primarily their intermittent nature and the high initial capital investment required. The
variability of renewable energy sources necessitates the integration of storage systems or the supple-

mentation with conventional energy sources to ensure a stable and continuous energy supply.

To address the limitations of standalone renewable energy systems, hybrid renewable energy sys-
tems (HRES) have been developed. These systems combine various renewable sources, such as solar
and wind, with conventional energy generators like natural gas power plants and diesel generators,
alongside diverse storage technologies including batteries, hydrogen storage, thermal batteries, and
hydraulic and pneumatic systems. The hybrid approach aims to balance the intermittency of renew-
able sources with the reliability of conventional power, thereby enhancing the overall system efficiency
and reliability.

A critical aspect of HRES is the management of diverse load demands. These demands encompass



not only electrical loads but also thermal (heating/cooling) and hydrogen supply loads, with varying
profiles depending on the application—whether residential, industrial, or communal. Effective load

management requires precise matching of supply with demand to ensure optimal system performance.

The optimal sizing and installation of HRES components are essential to achieve a balance between
energy supply and demand. This necessitates sophisticated energy management systems (EMS) that
can dynamically allocate power flows, minimize power losses, reduce system costs, and lower environ-
mental impacts. The EMS must be capable of integrating and managing multiple energy sources and

loads to ensure a continuous power supply throughout the system'’s lifespan.

To enhance the efficiency of HRES, artificial intelligence (Al) techniques are increasingly being
employed. These techniques include Genetic Algorithms (GA), Particle Swarm Optimization (PSO),
Grey Wolf Optimization (GWO), and other advanced methods. Al-based optimization enables the
precise sizing of system components, ensuring an optimal trade-off between various performance indi-
cators such as cost, efficiency, and environmental impact. Al techniques can be categorized into four
main groups: swarm-based techniques (e.g., PSO), evolutionary-based techniques (e.g., GA), physics
law-based techniques (e.g., Simulated Annealing), and human behavior-based techniques (e.g., Har-
mony Search). Each category offers unique advantages in solving complex optimization problems in

the design and operation of HRES.

Consequently, the transition to a sustainable energy future necessitates the development of in-
novative solutions like hybrid renewable energy systems. These systems, through the integration of
diverse energy sources and advanced management strategies, promise to meet the rising energy de-
mands while mitigating environmental impacts. The application of Al in optimizing these systems
represents a significant step forward in achieving efficient, cost-effective, and environmentally friendly

energy solutions for various sectors, including the oil and gas industry.

The primary objective of this study is to develop a hybrid renewable energy system that seamlessly
integrates renewable energy sources with existing fossil fuel-based energy production facilities. The
focus is on an oil and gas processing facility located in the southeastern region of Algeria, which
currently preprocesses natural gas. The existing energy production system at this facility relies on a

Natural Gas Turbine coupled with a synchronous generator, commonly referred to as a Natural Gas



Power Plant (NGPP). The proposed system aims to partially incorporate renewable energy sources

into the current setup, thereby reducing its environmental footprint.

In particular, this study will explore the integration of renewable energy technologies such as so-
lar and wind power with the existing NGPP infrastructure. Additionally, the system will incorporate
advanced storage solutions, including batteries and hydrogen storage systems, to manage the in-
termittency of renewable sources and ensure a stable energy supply. The optimal sizing of these
components will be guided by an energy management strategy that prioritizes the maximum feasible

integration of renewable energy sources (RES).

The performance of the proposed hybrid system will be evaluated using three key performance in-
dicators (KPIs). The technical indicator will focus on the probability of power supply loss and excess
energy production. The economic indicators will include the total annualized cost of the system and
the cost of energy production. Lastly, the environmental indicator will assess the reduction in carbon

dioxide emissions, reflecting the system’s impact on mitigating climate change.

This study's final aim is to achieve an optimal trade-off between these KPIs through the physical
modeling of system components and the application of advanced artificial intelligence (Al) techniques.
By employing Al methods such as Genetic Algorithms (GA), Particle Swarm Optimization (PSO), and
other relevant optimization algorithms, the study will determine the optimal sizing for each system
component. These Al-based optimization techniques will ensure that the system meets the desired

technical, economic, and environmental performance targets.

Furthermore, this research will culminate in providing comprehensive recommendations to stake-
holders and policymakers. These recommendations will be instrumental in making informed decisions
regarding the adoption and implementation of clean energy systems. By demonstrating the feasibility
and benefits of integrating renewable energy with existing fossil fuel-based infrastructure, the study
aims to contribute significantly to the advancement of sustainable energy solutions in the oil and gas

sector.

In summary, the study's objective is to design and optimize a hybrid renewable energy system that
enhances the sustainability of an oil and gas processing facility in Algeria. By integrating renewable

energy sources and advanced storage technologies with the existing NGPP, and optimizing the system



using Al techniques, the study seeks to achieve a balance between technical performance, economic
viability, and environmental impact. The insights and recommendations derived from this research will
support the transition towards cleaner energy systems and inform strategic decision-making processes

in the energy sector.

This thesis is organized as follows: following this general introduction, the first chapter (Chapter I)
is dedicated to an extensive literature review and the problem statement concerning the hybrid renew-
able energy systems under study. This literature review provides a historical overview of renewable
energy sources (RES) and their impact across technical, economic, and environmental dimensions.
Additionally, it includes an analysis of previous works on the modeling, optimal sizing, and energy man-
agement of multi-source hybrid renewable systems. The chapter concludes by highlighting our unique
contribution to this field, emphasizing the novelty of the techniques employed to address the energy
problem. The second chapter (Chapter IlI) forms the core of our study, focusing on the modeling
and optimal sizing of the system based on Al techniques, along with energy management for the oil
and gas processing facility. This section begins with the data collection and description of the study
region, including weather and load data profiles. It then delves into the extensive and detailed physical
modeling of each system component, including generators, storage systems, and converters. Various
energy management strategies and optimization techniques are developed and utilized to solve the
optimization problem, guided by the previously mentioned key performance indicators (KPlIs).

The final part of this thesis (Chapter I11) is devoted to the presentation and discussion of the study's
outcomes. Here, the key performance indicators are evaluated and discussed, comparing the behavior
of the employed optimization algorithms. Additionally, a sensitivity analysis of the studied system is
conducted to assess the limitations of the adopted methods.

The thesis concludes with a general conclusion and suggestions for future work, providing a compre-
hensive overview of the research findings and outlining potential directions for further investigation in
the realm of hybrid renewable energy systems for oil and gas facilities.

In summary, this thesis not only addresses the technical and economic challenges of integrating renew-
able energy with existing fossil fuel systems but also contributes to the broader goal of sustainable
energy solutions. Through a systematic approach combining literature review, detailed modeling,
Al-based optimization, and rigorous analysis, this research aims to advance the understanding and
implementation of hybrid renewable energy systems, ultimately aiding stakeholders and policymakers

in making informed, strategic decisions for a cleaner energy future.



Chapter |

State of the Art and Problem

Statement

1.1 Algeria Energy Sector

The rise in global lifestyle quality has led to a significant increase in energy demand. Currently, hy-
drocarbon fuels are the primary source of energy, accounting for approximately 70% of the global
energy demand. Due to the urgent economic growth worldwide, these fuels are expected to remain
a leading energy source for the foreseeable future [1-3]. Algeria stands out as a major player in the
global energy landscape. It is the largest producer of natural gas in Africa, the second-largest supplier
of natural gas to Europe, and among the top three oil producers on the continent. The country’s
conventional hydrocarbon reserves are substantial, spread across just over 200 oil and gas deposits
(Fig. 1.1, source : [4]) [2, 4]. The hydrocarbon sector is a cornerstone of Algeria's economy, with
oil and natural gas production reaching around 155 million tonnes of oil equivalent (MToe). The
energy demand in Algeria is growing rapidly, exceeding a 6% annual increase. The nation's extensive
reserves of oil and natural gas are projected to meet consumption needs for the next 50 years for oil
and 70 years for natural gas, assuming current consumption rates persist. To capitalize on these re-
sources, Algeria has implemented fiscal incentives aimed at attracting foreign investment, particularly
for exploring unconventional resources such as shale gas [5]. Moreover, Algeria is not solely focused
on fossil fuels; it is also keen on expanding its renewable energy (RE) sector. The country has set
an ambitious strategic plan to achieve a 40% share of renewable energy in electricity production by

2030, with a particular emphasis on solar energy. This plan positions Algeria as a potential leader in
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the global renewable energy sector [1, 5-13].

Algeria possesses significant potential for renewable energy generation, including solar, wind,
biomass, geothermal, and hydropower sources. Despite being rich in non-renewable energy sources,
with 98% of energy production coming from such sources, the country aims to diversify its energy mix
by investing in renewable energy technologies. The Algerian government has set ambitious targets
to install around 22 GW of renewable energy capacity by 2030, encompassing various sources like
bio-power, solar PV, Concentrated Solar Panel(CSP), geothermal, cogeneration, and wind power.
The country’s Renewable Energy and Energy Efficiency Development Plan focuses on large-scale so-
lar and wind generation, as well as geothermal and biomass technologies, to reduce dependency on
fossil fuels and promote sustainable energy practices. This shift towards renewable energy aligns with
the country’s goal of transitioning to a cleaner and more sustainable energy system, showcasing its

commitment to environmental preservation and energy security [14—18].

Algeria benefits from exceptionally high solar insolation intensities, making it one of the world's
most promising regions for solar energy development. The country’s solar potential is estimated at
13.9 TWh/year. The average annual sunshine duration is approximately 2650 hours in the coastal
region, 3000 hours in the high plateau, and 3500 hours in the Sahara [2, 15, 19]. Correspondingly, the
average annual direct normal irradiance (DNI) in these regions is estimated at 1700, 1900, and 2650
kWh/m?2/year, respectively, which is highly favorable for the development of concentrated solar power
(CSP). Additionally, Algeria’s global horizontal irradiance (GHI) ranges from 2100 kWh/m?2/year in
the north to 2400 kWh/m?2/year in the south, further supporting the potential for photovoltaic (PV)
installations. Fig. 1.2 (source: [20]) illustrates the geographic locations best suited for CSP and PV
based on DNI and GHI values. This high level of solar insolation makes Algeria ideally suited for both
CSP and PV technologies. The extensive solar resources could significantly contribute to the coun-
try's energy mix, reducing dependency on fossil fuels and aligning with Algeria’s strategic goals for
renewable energy development. The deployment of solar technologies could harness this abundant en-

ergy, potentially transforming Algeria into a leader in renewable energy within the region [2, 14, 15, 19].

Algeria’s heavy reliance on fossil fuels has led to the rapid depletion of natural resources and a
significant increase in greenhouse gas (GHG) emissions. Hydrocarbon fuels are the primary contrib-

utors to these emissions, highlighting the urgent need for climate action. The COP28 summit has



CHAPTER I. STATE OF THE ART AND PROBLEM STATEMENT 7

A
PORTUGAL ~ 4 2 —t %
P g

& e .
- Mediterranean Sea

TRANS-MEDITERRANEAN PIPELINE

MALTA

LIBYA

|
|
S 'l LEGENDE

Oil pipeline

------------------ il pipeline under construction or planned : . o
—————  Gas pipeline

------------------ Gas pipeline under construction or planned T H = 1

e Condensate pipeline L [o G 14 E R | {
. A b= . \.
Condensate pipeline ; =R
under construction or planned i S
\
= LPG pipeline e
MAURITANIA - ~
F N
------------------ LPG pipeline under construction or planned /,/
-
S A H A R 4 pi E S E R T <~
Shblgu ,/‘
- NI GER
. -
. L
e Boo Ba Of Moktar iz
o " bogoomoooon
AN 'z
sonatrach SR Y
~. 7
~ -
MooA L) —
ST
1

Figure I.1: Algeria Oil and Gas map.

emphasized the necessity for serious climate measures, advocating for a clear phase-out of fossil fuels
to achieve net-zero emissions by 2050. This transition aims to mitigate the environmental impact of
hydrocarbon fuels and promote sustainable practices while maintaining economic stability. Given this
context, Algeria’'s dependence on oil and gas demands urgent attention at all levels to bolster the
nation’s energy security. Addressing energy sustainability, environmental protection, and economic
factors is crucial. Exploring alternative energy sources is essential to diversify and strengthen the

energy mix, enhancing Algeria’s overall energy sustainability [3, 21].

Wind energy in Algeria varies significantly across different regions due to diverse topographical
and climatic conditions. The first wind speed measurement campaign in Algeria dates to the 1910s.
Historically, wind speed measurements were averaged from three daily readings taken at 7 a.m., 1

p.m., and 6 p.m. to determine daily average wind speeds [15]. More recent assessments have utilized

ITALY
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Figure 1.2: Global resource potential for CSP and PV.

advanced methodologies and tools like the Wind Atlas Analysis and Application Program (WAsP) to
map wind speeds at 37 locations across the country. Fig. 1.3 (source: [15, 22]) shows that the most
promising wind resources are in the southwestern part of Algeria, particularly in the Sahara. Here, the
annual mean wind speeds exceed 5 m/s, making it suitable for wind power generation. Regions such
as Tindouf, Ain Salah, and Adrar exhibit particularly high wind potential, with average wind speeds
reaching 6 m/s. These conditions are ideal for the installation of wind farms, which could significantly
contribute to the country’'s renewable energy capacity. Wind power can be particularly useful in areas
with an annual mean wind speed around 5-6 m/s, which is sufficient to support wind energy projects
aimed at both small and large-scale applications. The southwestern region's significant wind potential
makes it a strategic location for future wind energy developments, contributing to Algeria's overall

renewable energy strategy and enhancing energy security [2, 14, 15, 22-24].

Algeria’s commitment to renewable energy is reflected in its ambitious targets and international
cooperation agreements. As part of its efforts to reduce greenhouse gas emissions, Algeria has signed
the Kyoto Protocol and the Copenhagen Accord. The country has also established bilateral coop-
eration agreements with various nations, including the USA, France, Germany, Spain, Brazil, and
China. These partnerships are aimed at fostering investment growth, promoting technology transfer,
reinforcing interconnections, and creating the Maghreb electricity market.

As of 2015, Algeria's installed renewable power generation capacity reached 533 MW, including 295
MW from solar, 228 MW from hydro, and 10 MW from wind. The country plans to significantly

increase this capacity to 22 GW by 2030, with specific targets for different renewable sources: 1 GW



CHAPTER I. STATE OF THE ART AND PROBLEM STATEMENT 9

&
x
5
:

Taaxesaddel
kdomites X

B OB ¥ % B & # ¥ ¥

T} [Ty i} i, L]
'ci‘ﬂ ll’i"l"rﬁ -t r'j o T

EEECOCOOO0O5

[ -
L
i
=
e
=)

Figure 1.3: Map showing wind speed measurement 10 m AGL in Algeria.

from bio-power, 13.5 GW from solar PV, 2 GW from CSP, 15 MW from geothermal, 400 MW from
cogeneration, and 5 GW from wind. These projects will be implemented in two stages, with the first
stage (2015—2020) focusing on developing 4525 MW of renewable energy capacity and the second
stage (2021-2030) enhancing electrical interconnections to facilitate the deployment of renewable
power plants in strategic regions such as In Salah, Adrar, Timimoun, and Béchar. Most renewable
energy projects are expected to be installed in the Sahara regions, positioning these areas as pioneers
in Algeria's renewable energy exploitation. Table |.1 provides details on 14 installed PV parks and one
wind farm managed by Sonelgaz-Energies Renouvelables (ex. SKTM), a subsidiary of SONELGAZ
[15].. These projects are essential for Algeria's transition to a sustainable energy future and its po-

tential role as a major exporter of renewable energy [2, 14, 15, 22-24].

In the context of Algeria’s substantial conventional (especially oil and gas) and renewable energy
potentials, it is imperative to consider a transition towards cleaner energy sources while ensuring the
growing load demand is met. This transition necessitates the integration of Hybrid Renewable Energy
Systems (HRES), which combine conventional and renewable energy sources to provide a stable and

reliable energy supply.
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Table I.1: Installed capacity and energy output of renewable energy projects in Algeria

Area Project | Installed Energy Out- | Commissioning
(km?) Capacity put at June | Date
(MW) 2017 (GWh)

El Hadjira Quargla 0.6 30 9.738 2017
Oued Nechou PV Ghardaia 0.05 1.1 4.593 2014
Tindouf Tindouf 0.18 9 6.376 2015
Djanet llizi 0.06 3 10.729 2015
Tamanrasset Tamanrasset | 0.26 13 36.41 2015
Aoulef Adrar 0.1 5 12.557 2016
Zaouiate Kounta - 0.12 6 15.213 2016
Reggane - 0.1 5 12.221 2016
Timimoune - 0.18 9 23.8222 2016
In Salah - 0.1 5 12.328 2016
Kaberten (PV) - 0.06 3 9.584 2015
Adrar - 0.4 20 59.585 2015
Kaberten (wind | - 0.33 10.2 51.579 2014
farm)

1.2 Literature review on Hybrid Renewable Energy Systems

.2.1 Electrification of rural/isolated/remote loads

To ensure a cost-effective electrification of rural areas and distant isolated loads, grid connection
proves its techno-economic infeasibilities. In other words, the grid extension approach tends to be
expensive and unviable. In this context, off grid (isolated from the national network) become the

most suitable solution [25].

1.2.2 Electrification using fossil fuels

The most feasible solution to overcome the energy and especially electricity access to those remote
areas is to consider fossil fuel-based energy grid systems. However, this solution suffers from its envi-
ronmental infeasibility. For instance, diesel generator (DG) which is the most considered solution for
remote off grid suffers from emission like Carbone dioxide (CO,) and sulfuric Dioxide (SO3). These
emissions occur not only during their utilization but also during its transportation which are against

sustainability recommendations [9, 26].

10
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1.2.3 Consideration of RE and HRES

The non abondance, the global availability, and emission-free for renewable energy (RE) sources
make them a very promising solution for energy supply to remote and isolated areas. However, full
integration still suffers from several drawbacks such as intermittency, randomness, and reliability.
Considering full shift to renewable energy sources such as solar photovoltaics (PV) and wind power

source is still not the optimal solution to ensure continuous energy demands [27-30]

1.2.3.1 The need for Hybrid Renewable Energy System (HRES)

Limitations present in all the suggested solutions from the techno-economic and environmental aspect
and the drawbacks present in the standalone renewable energy power plants, the concept of Hybrid
Renewable Energy System (HRES) is suggested. The HRES consists of the coexistence of multiple
renewable energy sources alongside with energy storage means and reserve sources [31, 32]. During
the functioning of the HRES, the renewable sources are considered as the primary source for the load
demand insurance. However, as stated earlier, the intermittent behavior of RE sources make them
in most operational time in a surplus or deficit regarding the load demand, In this case, comes the
importance of the energy storage system which will work as an energy balance in both situations by

charging-discharging processes [33, 34]

1.2.3.2 The need for non-renewable sources

On the other hand, developments are still in progress to reduce the economic impact of RE sources,
full renewable energy supply even with an appropriate storage medium is still economically infeasible
due to the need of high size for the storage system. In this regard, partial integration of RE into
existing fossil-fuel based systems or the new development of a system that co-consider both RE and
non-RE sources is considered as a promising solution [1, 35]. The primary objective of considering
Hybrid Renewable Energy Systems (HRES) is to ensure that energy load demands are met, particularly

for isolated loads, while adhering to specific design goals. These objectives include:

e Technical Objectives: Ensuring that the energy load is met consistently at a defined level
required by the consumer. This level is often quantified as the percentage of unmet load or the
percentage of time during which the load, or a portion of it, remains unmet.

e Economic Objectives: A critical consideration in the design of HRES, typically measured by

metrics such as the levelized cost of energy (LCOE), total system cost, or return on investment

11
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(ROI). These economic indicators help in evaluating the financial viability of the system.

e Environmental Objectives: This objective emphasizes the importance of minimizing the en-
vironmental impact when sizing an HRES. Most research in this area focuses on the carbon
emission (CE) factor, assessing how effectively the system reduces greenhouse gas emissions.

e Social Objectives: Although often given less attention in research, the social objective is crucial
for ensuring the designed system’s alignment with global sustainability goals. Social objectives
can include metrics such as the Human Development Index (HDI), job creation (JC), portfolio

risk (PR), social acceptance (Sa), and the social cost of carbon (SCC).

These factors contribute to the broader societal acceptance and benefits of the HRES. By inte-
grating these objectives, the designed HRES can effectively balance technical performance, economic
feasibility, environmental responsibility, and social impact, thereby promoting a sustainable and com-

prehensive approach to energy management.

1.2.3.3 The need for optimal sizing

Ensuring a trade-off between the four previously stated objectives—technical, economic, environ-
mental, and social—is a challenging task due to their often-conflicting nature. Failing to achieve an
acceptable balance among these objectives can lead to technical inefficiencies, such as undersizing,
or economic inefficacies, such as oversizing. Additionally, improper allocation and load sharing be-
tween sources may result in environmental issues if the system is not optimally designed and sized.
Therefore, optimal sizing of HRES is a crucial step in the design process. Determining the optimal ca-
pacity configuration of each component in an HRES at the planning stage is essential. An undersized
configuration may lead to insufficient power supply, whereas an oversized configuration can result in
high investment costs and considerable energy curtailment. Hence, the optimization of off-grid HRES
has garnered extensive academic and industrial attention. Effective sizing optimization ensures that
the system configurations consistently meet the defined objectives, utilizing renewable energy sources
efficiently and economically. In the literature, numerous studies address the optimal sizing of HRES,
highlighting the importance of this process in achieving a balanced and sustainable energy solution.
By integrating advanced optimization techniques and comprehensive performance evaluations, these
studies provide valuable insights into the development of HRES that align with technical, economic,
environmental, and social goals. This optimization is not only crucial for enhancing system efficiency
but also for promoting the broader adoption of renewable energy technologies in a cost-effective

and environmentally responsible manner [31, 35, 36].The recent studies regarding optimal sizing of
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a HRES consider PVs and Wind Turbines WTs in most cases, alongside with storage system based
on batteries (BTs) and/or Hydrogen storage systems. The metaheuristic optimization algorithms are
among the most used methods for sizing and allocating of HRES.

The paper by [37] presents a comprehensive technical and economic analysis for the optimal sizing
of a hybrid photovoltaic-wind power system for an industrial site in Tlemcen, Algeria. Utilizing the
Loss of Power Supply Probability (LPSP) algorithm, the study determines the most cost-effective
configuration, balancing technical performance with economic viability. A significant finding is the
critical role of the storage system, accounting for 52% of the total investment cost. The optimal
configuration identified consists of 61 PV panels and nine wind turbines, achieving a competitive
energy cost comparable to European standards. However, the study highlights the challenge posed by
government-subsidized public grid costs, which are substantially lower. This research underscores the
potential for hybrid systems to contribute to sustainable energy solutions in regions with substantial
renewable resources. It also points to the need for supportive policy frameworks to enhance their

economic attractiveness.

Authors in [38] conduct an in-depth financial and technical analysis for the optimal sizing of
renewable energy microgrids in Biskra, Algeria. Utilizing the HOMER software, the study evaluates
three configurations: photovoltaics, photovoltaics/wind, and photovoltaics/wind/diesel. The analysis
reveals that the configuration combining photovoltaics, wind, and diesel achieves the lowest Levelized
Cost of Energy (LCOE) at $0.188/kWh and the highest Net Present Value (NPV) of $10.2M,
demonstrating superior financial viability. Sensitivity and risk analyses further solidify the robustness
of these findings, highlighting the significance of financial indicators such as NPV, Internal Rate of
Return (IRR), and Discounted Payback Period (DPB) in guiding investment decisions. This research
underscores the potential of hybrid systems to meet local energy demands efficiently while mitigating

financial risks.

Bacha et al. [39] present an optimization study for the sizing of a hybrid microgrid system in a rural
area of Biskra, Algeria, aiming to alleviate energy poverty. The research employs novel optimization
algorithms—Stochastic Fractal Search (SFS) and Symbiotic Organisms Search (SOS)—alongside
the traditional Particle Swarm Optimization (PSQO) to compare performance. Results demonstrate
that the SFS algorithm yields the lowest Levelized Cost of Energy (LCOE) at $0.09138/kWh for
the optimal configuration. The study effectively highlights the importance of incorporating multiple
renewable energy sources, such as solar and wind, along with diesel generators and battery storage,

to ensure a reliable and cost-effective energy supply. This work underscores the potential of hybrid
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systems to provide sustainable energy solutions for isolated regions while emphasizing the efficiency
of advanced optimization techniques.

In [40], authors present a novel approach for the optimal sizing of a hybrid PV-wind water pumping
system in Adrar, Algeria, employing recent metaheuristic algorithms such as Equilibrium Optimizer
(EO), Slime Mould Algorithm (SMA), and others. The study integrates the Levelised Cost of Water
Pumped (LCOWP) and Loss of Water Supply Probability (LWSP) as objective and constraint func-
tions, respectively. Results demonstrate the superior accuracy and efficiency of the EO algorithm,
achieving an optimal LCOWP of $1.181/m3 at a 45m head with 0% LWSP. The study emphasizes the
economic and technical benefits of hybrid systems without batteries or diesel generators, highlighting
the significant potential of EO in optimizing complex renewable energy systems for sustainable water
pumping solutions.

Researchers in [41] conduct a detailed techno-economic analysis to determine the optimal hy-
brid energy system for the rural area of Bankhwar Utrar in Kalam, Pakistan. The study evaluates
multiple configurations involving solar PV, wind turbines, hydro turbines, and diesel generators us-
ing HOMER Pro software, considering economic, technical, operational, and environmental criteria.
The multi-criteria decision analysis (MCDA) identified a hybrid system of solar PV, wind turbines,
hydro turbines, and battery banks as the most efficient, with an NPC of $166,173.78 and an LCOE
of $0.14/kWh. This configuration also achieved zero GHG emissions, contrasting sharply with the
high costs and emissions of diesel-based systems. The research underscores the potential for hybrid

renewable systems to provide sustainable and economically viable energy solutions in remote regions.

In order to cover the most relevant research studies in this field regarding the 04 previously stated
objectives (Technical, Economic, environmental and social) as well as used algorithms/methods of
optimal sizing and modeling , in addition to system configuration, Table |.2 gives a summary on recent

published research in this field.
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Table 1.2: Summary of recent hybrid renewable energy studies with optimization techniques.

Ref.| Config.| OFs Optim. Highlight
Techs.
[42] | PV- LPSP, | Improved | The study introduces the Improved Archimedes Optimization Algorithm
WT, NPC, Archimedeg (IAOA) to optimize the design of a Hybrid Renewable Energy System
DG, LCOE, | Optimiza- | (HRES) for a microgrid in the Farafra region of Egypt. Three scenarios are
BT RF tion considered based on PV panels, wind turbine systems, diesel generators,
Algorithm | and a battery energy storage system, aiming to minimize the net present
(IAOA) cost (NPC) while meeting constraints related to renewable fraction index,
loss of power supply probability, and availability. Simulation results show
that the proposed IAOA outperforms other algorithms like AOA, AEFA,
EO, GWO, and HHO, achieving an efficient HRES design with Levelized
Cost of Energy(LCOE) of 0.213/kWh, while maintaining high reliability
and renewable fraction index .
[1] PV, LPSP, | Fick's Utilizing a multidisciplinary approach encompassing engineering, eco-
GT, COE, Law Op- | nomics, and environmental analysis, the research identifies the electrol-
Hy- CDE, timization | yser system as the primary cost contributor in the SHRES. The optimized
dro- RF Algorithm | system balances energy sources with 45% from PV modules, 35% from
gen (FLA) fuel cells, and 20% from gas turbines, showcasing a significant reliance

on renewable energy while ensuring required power generation. The study
emphasizes the importance of the electrolyser system and the distribution
of power generation sources in optimizing the SHRES for sustainability in

the oil and gas industry.
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Ref.| Config.| OFs Optim. Highlight

Techs.

[43] | PV- NPC, HOMER The proposed system generates 2,009,492 kWh/yr of electricity and
WT, LCOE, | Pro 30,199 kg/yr of Hydrogen, with reported values for Net Present Cost
BG, LCOH, | software (NPC), Levelized Cost of Energy (LCOE), Levelized Cost of Hydrogen
BT PBP, (LCOH), and payback period. After considering the effective rate after

Pl, RF digestate, the costs are reduced, and HOMER determines the breakeven
grid extension distance. The optimized system showcases the economic
viability and sustainability of utilizing hybrid renewable energy sources for
electric vehicle charging and hydrogen refueling, providing valuable insights
for future energy policies.

[44] | PV- EPSP, | HOMER A techno-economic analysis was conducted for on-site hydrogen refuelling
WT, NPC, Pro stations powered by hybrid renewable energy systems in Nigde, Tiirkiye,
BT RF software and Zaragoza, Spain. Different power system scenarios were evaluated to

refuel 24 vehicles per day in each region, with optimal system architec-
tures identified for each location based on cost metrics and CO2 emissions
reductions. The study emphasizes the role of renewable energy systems
in achieving net-zero emissions targets and reducing reliance on fossil fu-
els in the transportation sector, aligning with United Nations Sustainable
Development Goals .

[41] | PV- NPC, | HOMER | A multi-criteria decision analysis (MCDA) approach was utilized to iden-
WT- LCOE, | Pro tify the most efficient and sustainable system, resulting in a hybrid con-
Hydro, | GHG software figuration of solar PV, wind turbine, hydro turbine, and battery bank.
DG, This system demonstrated superior economic efficiency with an LCOE
BT of 0.14%/kWh, and zero GHG emissions, outperforming traditional diesel

generator-based systems in both economic and environmental aspects.
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Ref.| Config.| OFs Optim. Highlight
Techs.
[45] | PV- LPSP, | HOMER Through quantitative simulations, the biomass-battery-based system
WT, NPC, Pro emerges as the most economically optimal, with an NPC of approxi-
DG, GHG software mately 1.07 M$ and a COE of 0.118%/kWh, while maintaining environ-
BT mentally safe emission levels. Additionally, the grid-tied RE technology
demonstrates cost-effectiveness, with an NPC of 348,318 and a COE of
0.0112%/kWh, providing valuable insights for policymakers to integrate
hybrid RE systems in urban settings for sustainable energy generation .
[46] | PV- TAC(CT)The Contributions of the study include incorporating a battery degradation
WT, firefly model, stochastic modeling for islanded system planning, and account-
BT algorithm | ing for uncertainties in load and renewable power. Numerical results show
low planning costs for the hybrid system using renewable resources, with
batteries providing flexibility to cover power oscillations. The firefly al-
gorithm efficiently finds optimal solutions, and stochastic modeling, while
increasing planning costs, offers more reliable solutions without additional
costs for the battery degradation model .
[47] | Pump | LCC, NSGA-II The paper introduces a model focusing on optimizing the economic and
As LCA, environmental impacts of a hybrid renewable energy and battery storage
Tur- Cu- system for off-grid farms, utilizing micro-hydropower and photovoltaics as
bine mu- primary renewable energy sources, with batteries and a diesel generator
(PAT)- | lative as potential backup systems. A modified Non-dominated Sorting Genetic
PV- Envi- Algorithm Il (NSGA-II) is employed to provide various energy supply tech-
Hydro, | ron- nology solutions based on economic (life cycle costing or LCC) and environ-
DG, men- mental (life cycle assessment or LCA) constraints. The study conducted
BT tal in Southern Spain revealed that systems heavily reliant on batteries could
Bur- achieve cost efficiency and lower impacts on climate change and energy re-
dens sources, while systems minimizing material resource consumption resulted
in higher fuel costs. The optimal solutions utilized a significant portion of
the total energy generated, with sensitivity to energy production-demand
distributions .
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Ref.

Config.

OFs

Optim.
Techs.

Highlight

WT

dro-

gen

LPSP,
TNPC,
COE

ELECTRE

The study utilizes a hybrid optimization approach to determine the optimal
location and size of wind turbines and hydrogen storage systems in rural
areas with high wind energy potential across three Iranian provinces. The
ELECTRE decision-making method is employed to identify Assadabad Ne-
hbandan as the optimal site for wind farm implementation. The comparison
between a hybrid system with wind turbines and batteries versus one with
hydrogen storage focuses on cost minimization and reliability maximization.
Results indicate that the battery-based hybrid system has a lower cost of
energy at 0.373 ($/kWh) compared to the hydrogen storage-based system
at 0.609($/kWh). Sensitivity analysis reveals that higher wind speeds lead
to decreased total net present cost and cost of energy, while increased
interest rates have the opposite effect. The economic justification favors
the battery-based hybrid system over the hydrogen storage-based system

due to lower initial costs .

[49]

PV-
WT,
BT-
H2

Capacity
Short-
age,
TNPC,
COE

HOMER
Pro

software

The article proposes a hybrid energy model combining various stand-alone
and grid-connected systems (e.g., photovoltaic, wind turbine, fuel cell)
to meet the power needs of an educational institute in Pakistan. These
systems were optimized for techno-economic feasibility, considering elec-
tricity demand, geographic, and climatic data. The results obtained show
that grid-connected hybrid systems offer the lowest net present cost (M$
1.536859) and cost of energy ($0.155/kWh). Solar and wind resources
were also shown to be viable for hydrogen production and power gener-
ation, with hydrogen being a more affordable long-term energy storage

option than batteries.
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Ref.| Config.| OFs Optim. Highlight
Techs.
[50] | PV- Energy | Arithmetic | This paper proposes a theoretical model for a hybrid power generation sys-
TEG Factor | Optimiza- | tem combining photovoltaic (PV) and thermoelectric generation (TEG) to
tion improve power efficiency. It addresses partial shielding conditions (PSC)
(ARO) that cause power loss and component mismatch by using an artificial rab-
bit optimization (ARO) algorithm to reconfigure the electrical connections
among PV and TEG arrays, enhancing overall power output. The effec-
tiveness of the ARO algorithm is verified through simulation tests on 4
x 4 and 20 x 15 arrays, showing power output improvements of 34.05%
and 23.10%, respectively. Further validation through hardware-in-the-loop
(HIL) experiments confirms the feasibility of the proposed reconfiguration
strategy.
[51] | PV- Model | commercial| The paper presents a capacity optimization model for PV-hydrogen hybrid
H2 Chain, | solver systems, utilizing physical solar power curve modeling to enhance accuracy.
LCOE, | Gurobi It also incorporates government subsidies into the economic analysis, aim-
LCOH | 9.5.1 ing to maximize annual profits. Applied in Heilongjiang Province, China,
the study finds that a 1-MW PV plant needs a 226.9 kW transformer,
366.8 kW electrolyzers, and 3 compressors. Physical modeling improves
annual profit by 38.9%, with key factors including subsidy policies, costs,
and PV power utilization significantly influencing system optimization and
economic viability.
[52] | Grid- COE, HOMER This paper presents a techno-economic assessment of a hybrid electricity
PV- NPC Pro supply system comprising PV, diesel generator (DG), and grid components
DG software for 132 locations in India, using HOMER software. It estimates the Net
Present Cost (NPC) and Cost of Electricity (CoE) for 25 selected locations
and compares these with a conventional grid+DG system. The study finds
that the proposed grid+PV+DG system has 9.5%—36.6% lower NPC and
16%—-33.6% lower CoE compared to the conventional system at all 25
locations. The inclusion of the PV component reduces grid electricity
purchases and significantly decreases DG operation hours.
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Ref.| Config.| OFs Optim. Highlight

Techs.

[53] | Floating Radius, | EigenfunctipnBhis paper develops a practical model to analyze the performance of a hy-
Off- Draft, | AQWA brid system with semi-submersible floating offshore wind turbines (FOWT)
shore PTO coupled to point-absorbing wave energy converters (WECs). The model
Wind Damp- uses the matching-method of eigenfunctions to solve the boundary value
Tur- ing, problem, decomposing the velocity potential into radiation and diffrac-
bines Lay- tion problems. It accounts for wind forces, mooring lines, power take-off
(FOWT)),out (PTO) systems, and viscous effects, and is applied to the OC4-DeepCwind
Wave platform combined with an array of WECs. The study performs a multipa-
En- rameter effect analysis, examining the impact of WEC radius, draft, PTO
ergy damping, layout, base column submergence, wave heading, and frequency
Con- on the system’s motion response and WECs' mean capture width ratio.
vert- The model’s accuracy is validated through convergence analysis and case
ers studies, providing detailed insights into optimizing the hydrodynamic per-
(WECs) formance of the hybrid FOWT-WEC system.

[54] | Hydro- | — Real-time | This paper proposes a real-time dispatch method for hybrid hydro-
PV Dispatch, | photovoltaic (PV) systems to address the uncertainty of large-scale PV

Parallel output. The method includes a multi-scale nested joint operation model
Dynamic for short-term and real-time strategies, formulating different reserve ca-
Program- | pacity operation strategies based on PV output deviations. A case study
ming on the Beipan River, China, demonstrates that considering PV uncertainty

can reduce total monthly water consumption by 4.29% and decrease the
number of monthly passes through the vibration zone by 53, improving
economic performance and minimizing the negative impact of PV fluctua-
tions on hydropower units, though it may cause spatial loss during extreme

weather conditions.
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Ref.| Config.| OFs Optim. Highlight
Techs.

[55] | Offshore — OpenFAST} This study introduces a complete toolkit based on the OpenFAST-AQWA

Wind AQWA framework for optimizing the layout and evaluating the performance of

Tur- a hybrid system combining floating offshore wind turbines and wave en-

bine ergy converters (WECs). The DeepCWind-Wave Stars hybrid system is

and proposed to validate this new tool, with key WEC parameters optimized

WECs based on local wave contours influenced by the platform. The evaluation

under various wind and wave conditions shows that integrating WECs does

not compromise system stability, reduces mooring force fluctuations, and

slightly increases average mooring force. Additionally, the generated wave

power effectively supplements wind power, particularly at low wind speeds.

[56] | WT- - EMTP The research focuses on analyzing lightning transient overvoltages in a hy-

PV- brid wind turbine-photovoltaic-battery energy storage system by developing

Battery a hybrid system model in the EMTP environment. High-frequency models

of various components like PV string, inverter, cable, power transformer,
wind tower, DC/DC converter are established to study overvoltages caused
by lightning strikes at different points. The study delves into the installa-
tion of surge protection devices within the PV system and examines how
different wind farm and PV system topologies affect lightning surge. Re-
sults indicate that lightning surges from the PV system do not impact the
wind farm or battery energy storage system. Furthermore, significant volt-
age reductions of 72.8% in the PV system'’s string structure and 63.4% in
the wind farm’s star structure compared to radial connection are observed

when facing lightning surges from the substation side.
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Ref.| Config.| OFs Optim. Highlight

Techs.

[57] | Nuclear| — EBSILON | A hybrid system combining nuclear power, concentrated solar power, and
Power, Software thermal storage is proposed to enhance peak shaving ability, with a focus on
CSP, operation flexibility and energy efficiency. Under design conditions, the hy-
Ther- brid system demonstrates an energy efficiency of 35.74% and an equivalent
mal solar-to-power efficiency of 24.05%. The hybrid system’s performance un-
Stor- der off-design conditions was studied, showing that increasing direct normal
age irradiance (DNI) from 500 W/m2 to 900 W/m2 led to a 6.25% increase in

the equivalent solar-to-power efficiency. Additionally, maintaining constant
core power allows the hybrid system to achieve a peak shaving depth of
up to 25%, offering potential guidance for enhancing flexibility and energy
efficiency in pressurized water reactor nuclear power plants.

[58] | PV- LPSP, | MOGA The study focused on determining the optimal system size for a hybrid
Wind NPC, renewable energy system (combining solar PV, wind, and hydro energy)
and COE to achieve sustainable electrification of remote areas. By using the multi-
Hy- objective genetic algorithm optimization technique, the study found that
dropower a configuration of PV 88 kW, wind 18 kW, Hydrol 215 kW, and Hydro2

197 kW provided the best performance in terms of cost-effectiveness and
energy production. The results showed that this hybrid renewable energy
system had the lowest levelized cost of electricity (COE) and net present
cost (NPC), making it a viable solution for providing reliable load servicing
over a 25-year period without the need for an energy storage device. This
demonstrates the potential for implementing sustainable energy systems to
meet the long-term energy needs of remote communities while achieving
sustainable development goals.
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1.2.4 HRES Components and optimal sizing

The literature considers various topologies when designing an optimal Hybrid Renewable Energy Sys-
tem (HRES) for isolated loads. A fundamental HRES configuration typically includes energy sources
(both renewable and non-renewable), energy storage systems, and power converters. Additionally,
loads play a crucial role as they represent the power sink within the system [31, 32, 35, 36, 59]. This
section will provide an in-depth analysis of each component of the HRES and their roles in the system.
We will examine how these elements are integrated and managed to ensure an efficient and reliable
energy supply. The focus will be on understanding the considerations and methodologies applied in the
design and optimization of each part of the HRES. This includes evaluating different energy sources,
assessing the capacity and efficiency of energy storage systems, and exploring the functionality of
power converters. Additionally, we will discuss the significance of load management in achieving an

optimal balance between supply and demand.

1.2.4.1 Energy Sources

The literature delves into the complexities of designing optimal Hybrid Renewable Energy Systems
(HRES), considering various topologies to address these challenges. The complementary behavior
between solar irradiation and wind speed, while advantageous, also presents significant challenges.
Solar irradiation, for instance, exhibits a random pattern, increasing from sunrise to a peak at midday
before decreasing to zero after sunset. The duration and intensity of solar presence are higher in the
summer compared to other seasons [60]. In contrast, wind is present throughout the day, although its
intensity fluctuates randomly, typically peaking during spring and winter [29]. These characteristics
make wind and solar energy rarely sufficient as sole energy sources in HRES. Despite the synergistic
potential of wind and solar energy, the inherent uncertainties associated with these renewable sources
cannot be eliminated. Off-grid HRES that rely entirely on renewable energy face significant techno-
economic challenges in meeting load demand [61]. This underscores the necessity of incorporating
storage systems and/or non-renewable backup sources in the design of such systems.

Furthermore, the literature suggests that the future of HRES could be even more promising with the
inclusion of other energy sources. These additional sources, as documented, encompass a wide range
of possibilities. Hydropower [62, 63], thermal solar energy, commonly referred to as Concentrated
Solar Power (CSP) [64—66], hydrokinetic (often known as tidal) energy [67, 68], biomass [69], bio-
gas, and diesel generators [69] have all been identified as viable components of HRES. These insights

highlight that while wind and solar energy form the cornerstone of most HRES due to their comple-
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mentary nature, their variability necessitates the inclusion of additional energy sources and storage

systems to ensure a reliable and efficient energy supply.

1.2.4.2 Energy Storage (ES) systems

The objective of energy storage (ES) systems within Hybrid Renewable Energy Systems (HRES)
is to mitigate the imbalance between energy production, with its inherent intermittency, and load
demand, which exhibits stochastic behavior. Integrating ES into HRES significantly enhances the
overall techno-economic quality of the system across various sectors. One of the key advantages of this
integration is the improvement in energy efficiency, achieved by effectively managing the production-
consumption mix [36, 70—73]. In the literature, energy storage systems are categorized based on the
type of storage medium, considering the medium's availability, cost, and roundtrip efficiency, which
refers to the efficiency of the energy storage system in both storing and retrieving energy [36, 71—
73]. In isolated or remote HRES, the types of energy storage systems include electrochemical (e.g.,
various types of batteries), electromagnetic (e.g., supercapacitors), chemical (e.g., hydrogen-based
energy storage), mechanical (e.g., pumped hydro storage, compressed air energy storage, and gravity
energy storage), and thermal (e.g., molten salt thermal energy storage) [36, 71-73]. Each type of
ES presents specific advantages and challenges during installation, operation, and management. To
address these challenges and optimize the benefits, hybridizing two or more energy storage systems
within a single HRES may be considered. In such cases, the energy storage system will determine
the size and the participation percentage of each storage medium in the total stored energy at each
operational step [72, 74].The integration of ES technologies is not just a component, but a crucial
element for the efficient operation of HRES. It ensures reliability and stability in energy supply, and
its advancements and innovations continue to play a vital role in the development and optimization

of HRES.

1.2.4.2.a Electrochemical storage systems

Typically known as the battery energy storage system. Batteries are the most common energy
storage component in off-grid HRES applications. The types of batteries commonly used in these
systems are Lithium-ion [75-81], Lead-acid [75-81] , Nickel-Cadmium [75] , Sodium Sulphur [77] ,
Vanadium redox flow [76, 80, 81], Absorbent Glass Mat [78] and Zinc—Bromine [79, 80] batteries.
The storage medium in this type of storage is a chemical product that can release/store electrical

energy through electrochemical reactions initiated due to the flow of electrons between the cathode
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and anode. A battery’s typical components are:

e The cathode, the positively charged electrode, which receives electrons from the anode and is
reduced during the electrochemical reaction;

e The anode, another key player, is the negative electrode that is oxidized and actively supplies
electrons to the load, making it an integral part of the energy transfer process;

e The electrolyte, which transfers electrons between the two electrodes;

e The separators, which prevent direct contact between the positive and negative electrodes,

ensuring electrical insulation and preventing short circuits.

Electrochemical processes at both electrodes move electrons via an external circuit during dis-
charge. An external voltage between the electrodes switches electrochemical processes during charg-
ing, with the anode releasing electrons and the cathode accepting them. The study [82], authors
present a comprehensive framework for the optimal sizing of photovoltaic (PV) systems combined
with battery storage systems (BSS) for residential microgrids. The research highlights the critical
role of lithium-ion batteries in enhancing energy autonomy and reducing grid dependency by efficiently
storing excess solar energy generated during peak sunlight hours. Through a multi-objective optimiza-
tion approach, the paper addresses critical factors such as battery degradation, depth of discharge
(DoD), and the influence of various azimuth and tilt angles on the PV array's performance. The
results underscore the importance of an appropriately sized battery system to match the temporal
variability of solar generation with the residential load profile, thus ensuring a reliable energy supply
and maximizing economic benefits. By evaluating scenarios in different geographical locations, the
study provides practical guidelines for microgrid designers to achieve optimal system performance and
cost-effectiveness, emphasizing the necessity of balancing capital investment with operational savings.
This work significantly contributes to the understanding of how BSS can mitigate the intermittency of
renewable energy sources in microgrid applications, paving the way for more resilient and autonomous

residential energy systems.

Authors in [81] evaluated four battery energy storage technologies: lead-acid, lithium-ion, vana-
dium redox, and zinc bromine flow batteries within a solar PV /diesel generator hybrid system for
isolated Indian islands. Using HOMER software, the zinc bromine flow battery (ZBF) emerges as the
most cost-effective for overcoming renewable intermittency. The ZBF system showcases the highest
return on investment and renewable penetration, with the lowest payback period and pollutant emis-

sions. This highlights its superior performance and economic viability, making it an optimal choice
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for hybrid renewable energy systems in remote island settings. In [75], researchers employed meta-
heuristic algorithms to optimize the sizing of a hybrid PV /wind system with electrochemical storage
devices, comparing lead-acid, lithium-ion, and nickel-cadmium batteries. The research demonstrates
the JAYA algorithm'’s effectiveness in minimizing the unit electricity cost (UEC) while ensuring reli-
ability through various LPSP levels. Results indicate that lithium-ion batteries, despite higher initial
costs, offer competitive UEC with extended lifetime and higher depth of discharge (DOD). Sensitivity
analysis reveals significant cost reductions with improved battery lifespan and cost efficiency, high-
lighting lithium-ion’s potential to outperform traditional lead-acid batteries in hybrid renewable energy
systems. The study [77] presents a unified model optimizing the configuration of BES systems using
multiple types of batteries, specifically lead-acid, lithium-ion, and sodium-sulfur (NaS) batteries. By
accounting for capacity degradation dynamics, the model determines the optimal battery types and
capacities to minimize the total cost of hybrid power systems (HPS) with wind, PV, and biomass
generation. Results indicate that combining lead-acid and lithium-ion batteries achieves the lowest
total cost, with significant economic advantages over single-type BES system configurations. The
study underscores the importance of considering degradation characteristics in optimizing BES system

for HPS.

1.2.4.2.b Chemical storage systems (Hydrogen Energy Storage systems)

Chemical energy storage (CES) systems, including hydrogen energy storage (HES), are essential
for storing energy in the chemical bonds of molecules and releasing it through chemical reactions
[71, 72, 83].

These systems, which are environmentally friendly, offer high storage capacities, providing a robust
solution for managing the intermittency of renewable energy sources [72, 83, 84] . HES, a specific
type of CES, plays a crucial role in this process through a reversible power-to-hydrogen conversion
cycle. The main components of HES, such as electrolyzers, compressors, hydrogen tanks, and fuel
cells, determine its technical performance. The types of electrolyzers and fuel cells commonly used
are alkaline, proton exchange membrane, and solid oxide [36]. The technical performance of HES is
determined by the conversion efficiency of both the electrolyzer and fuel cell, along with the higher
heating value of hydrogen [36].

In the context of hybrid renewable energy systems (HRES), the integration of HES is particularly
significant due to the variable output of photovoltaic (PV) systems. Achieving optimal energy man-

agement requires precise sizing of the storage system, involving the determination of the rated power
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for the electrolyzer (PgL), fuel cell (Prc), and hydrogen tank capacity (mank) [1].

Hydrogen, produced via electrolysis, serves as a perfectly sustainable and clean energy carrier,
further enhancing the stability and continuity of power supply in HRES [72, 85]. By complementing
renewable energy sources and reducing dependency on fossil fuels, HES contributes significantly to
sustainable energy solutions and the reduction of harmful emissions [71]. Compared to batteries-
based BES systems, which suffer from drawbacks such as large size, limited lifespan, and high-cost
hydrogen (H2) emerges as a renewable energy storage solution [84]. Integrating Fuel Cells (FCs) into
hybrid renewable energy systems (RES) not only reduces the size of the BES but also extends the
system lifespan and enhances overall performance. Notably, HES systems boast a longer lifespan of
approximately 25 years compared to lithium-ion batteries, maintaining consistent performance with-
out significant deterioration [84].

The study in [86] has explored a grid-linked integrated energy system incorporating HES for collec-
tive energy communities. By utilizing surplus electricity to electrolyze water, hydrogen is produced
and stored, providing a robust solution to balance energy supply and demand. The hybrid operation
strategy significantly enhances system performance, achieving an annual hydrogen supply of 81 673
kg. The study highlights the high energy density, scalability, and cost-effectiveness of hydrogen stor-
age, demonstrating its superior role in mitigating the intermittency of renewable energy sources and
improving the overall efficiency and reliability of integrated energy systems.

In [87], Izadi et al. optimize a hybrid renewable energy system (HRES) comprising solar PV, wind
turbines, and hydrogen storage for zero-energy buildings across various climate conditions using a
neural network-genetic algorithm. Hydrogen storage is central to the system, capturing excess energy
via electrolyzers and storing it in hydrogen tanks. The stored hydrogen is then converted back to
electricity through fuel cells when renewable generation is insufficient. The results demonstrate that
integrating hydrogen storage significantly enhances system reliability, reducing grid dependency and
improving energy supply stability. The optimization method effectively balances installation costs,
CO2 emissions, and LPSP, showcasing hydrogen storage’s vital role in overcoming renewable inter-
mittency.

Authors in [88] utilized a whale optimization algorithm (WOA) to design a hybrid photovoltaic-
biowaste energy system with hydrogen storage. The system integrates PV panels, biowaste units,
and a hydrogen fuel cell storage system to ensure a reliable and cost-effective energy supply. Hy-
drogen is produced through water electrolysis using surplus energy and stored in high-pressure tanks.

This hydrogen is later converted back to electricity via fuel cells during periods of low renewable
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generation. Results demonstrate the hybrid system’s ability to achieve minimum total net present
cost (TNPC) and improved reliability. The incorporation of hydrogen storage significantly mitigates
the intermittency of renewable sources, ensuring continuous and stable energy supply.

In their study, [89] Ammari et al. conducted a techno-economic analysis of a stand-alone photovoltaic
(PV) system using three different storage systems—Ilead-acid batteries, lithium-ion batteries, and hy-
drogen storage—to supply energy to isolated houses in southern Algeria. The results demonstrate
that hydrogen storage is the most cost-effective and reliable option, with the lowest investment cost
and no unmet load or excess energy. Hydrogen storage, utilizing a 7 kW electrolyzer and a 6 kg
storage tank, outperforms lead-acid and lithium-ion batteries by offering a longer lifespan and higher
efficiency. This highlights the significant role of hydrogen storage in mitigating the intermittency of
solar energy and ensuring a stable energy supply for remote locations. Another forms of chemical
energy storage can be considered when HRES energy storage includues synthetic natural gas (SNG),

and methane [36, 72, 90].

1.2.4.2.c Thermal energy storage (TES) systems

According to the US Department of Energy, Thermal Energy Storage (TES) held a significant
share of 1.9%, equivalent to 3.3 GW, in energy storage as of 2017 [71]. TES technologies aim to ad-
dress the intermittent nature of renewable energy sources by storing surplus energy during periods of
abundant generation, thereby mitigating fluctuations in supply and demand. This approach not only
supports a more competitive and scalable method for reducing carbon emissions in heat and power
production but also ensures durability, cost-effectiveness, and scalability. The versatility of TES is
evident in its various applications, including industrial process heat, electricity production, and district
heating systems, making it a technology of great potential [91, 92].

TES can be categorized based on heat storage principles into latent heat storage, sensible heat stor-
age, and thermochemical storage [36, 72, 93]. The simplest and most widely used method is sensible
heat storage, which utilizes the temperature difference in materials like molten salt or solid thermal
media to store electrical energy. This method is crucial in supporting heating, cooling, and steam
generation—constituting over 45% of industrial and domestic energy demand—uwhile offering lower
investment costs compared to other energy storage types [71, 72].

A TES system consists of three essential components: a heat generator (typically an electric heater)
that converts electricity to heat, a thermal storage tank or medium that stores heat in an insulated

reservoir, and a heat transfer mechanism that delivers heat directly to the load demand or indirectly
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through thermodynamic process cycles for electrical load demands [71, 92]. Although the round-trip
efficiency from electricity to electricity, which measures the energy losses during the storage and re-
trieval process, is limited by the low efficiency of Rankine or Brayton cycles. TES offers acceptable
energy density (80—250 Wh/kg) and shallow heat loss (self-discharge typically at 1% per day) [71, 92].
These attributes make TES a valuable component in hybrid renewable energy systems (HRES), par-

ticularly for isolated or remote applications where it helps ensure a stable and reliable energy supply.

The research done by [94] examines the techno-economic feasibility of solar power plants inte-
grating photovoltaic (PV) and concentrated solar power (CSP) systems with thermal energy storage
(TES) and electrical battery storage. The analysis shows that TES, with its lower investment cost
and high storage capacity, provides superior economic and reliability performance compared to bat-
tery storage in current scenarios. However, as battery costs decrease to around 160 USD/kWh, they
become competitive with TES, offering flexibility and rapid response times. The study concludes that
hybrid systems combining PV, CSP, TES, and batteries can achieve optimal economic and reliability
outcomes, demonstrating the vital role of TES and the increasing potential of batteries in future

energy systems.

In [95] authors proposed a wind-photovoltaic-thermal energy storage (TES) hybrid power system
utilizing an electric heater (EH) to stabilize power output. The TES system, comprised of molten
salt storage, effectively captures excess energy from wind and PV generation, converting it into
thermal energy for later use. This hybrid system, optimized through a multi-objective particle swarm
optimization (MOPSO) algorithm, shows that incorporating TES significantly enhances reliability and
economic performance by smoothing renewable energy fluctuations and maximizing the utilization rate
of transmission channels. Comparisons reveal that TES offers superior reliability and cost-effectiveness

compared to battery storage, especially for large-scale applications.

Authors in [96] suggest an optimization of a hybrid renewable energy system (HRES) incorporating
PV, wind, and concentrated solar power (CSP) plants with thermal energy storage (TES) and battery
storage. The CSP system employs molten salt TES, which stores excess energy as heat to be later
converted to electricity, ensuring a steady power supply. The analysis reveals that the TES, integrated
with an electric heater, is more economical than battery storage alone for large-scale applications.
However, integrating batteries improves flexibility and reliability, especially for meeting variable loads.
The proposed multi-objective optimization highlights that combining TES with batteries effectively

mitigates renewable intermittency, achieving a balanced trade-off between cost and reliability.
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In [97] a regional multi-energy system (RMES) incorporating medium-high temperature solar ther-
mal (MHTST) technology with thermal energy storage (TES) is investigated. The system integrates
photovoltaic (PV) and wind energy sources, utilizing MHTST for dispatchable power generation. TES,
using heat transfer oil (HTO), captures excess solar heat and stores it for later electricity generation
or direct heating. The optimization model highlights TES's role in enhancing the system'’s flexibility
and reliability, particularly during periods of low solar irradiance and high energy demand. The results
indicate that TES effectively balances operational costs and carbon emissions, demonstrating superior
performance compared to conventional PV systems without TES. [98] presented the optimal config-
uration and operation of a hybrid CSP/PV/wind power cogeneration system incorporating thermal
energy storage (TES) and BES system. The TES, using molten salt, stores excess thermal energy
from CSP for electricity generation during low solar periods. The system’s two modes—TES heat
production without BES system and with BES system—demonstrate different economic and reliability
outcomes. TES without BES system achieves a lower LCOE of $0.0526/kWh but higher LPSP of
6.86%. Incorporating BES system lowers LPSP to 4.83% but increases LCOE to $0.160/kWh. The
study underscores the importance of combining TES and BES system to enhance system reliability

and economic efficiency.

1.2.4.2.d Electromagnetic energy storage (ECMS) systems

Supercapacitors (SCs) represent a pivotal class of electromagnetic energy storage technologies,
leveraging electrostatic and redox processes across positive and negative electrodes. SCs function by
storing energy in the form of electrostatic fields created between electrodes separated by a dielec-
tric medium. This design allows for quick energy storage and retrieval. These devices, categorized
into electric double-layer capacitors and pseudo-capacitors, are often coupled with batteries in hybrid
energy systems due to their high power density and rapid response capabilities, enhancing overall
regulation performance [36]. Notably, SCs exhibit power densities between 1000-5000 W /kg and can
endure approximately 500,000 cycles at full depth-of-discharge, offering charge/discharge efficiencies
up to 95% within 0.3 to 30 seconds [36, 99]. These attributes make SCs robust and durable, as
they avoid the chemical reactions that typically limit battery life, maintaining efficiency levels between
80% and 95% while requiring power electronics for voltage regulation [72]. Additionally, their char-
acteristics make them suitable for high-power and medium-energy applications such as peak energy
consumption management, output power smoothing, and energy recovery in mass transit systems

[71, 100]. With power ratings ranging from 10 to 75 kW and energy ratings between 4 and 70 Wh,
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SCs can be easily scaled through series or parallel connections [101]. Despite their high specific energy
and power densities, SCs face challenges such as high self-discharge rates and significant capital costs
[102]. However, their robustness, adaptability to diverse environments, and minimal maintenance
requirements make them a viable option for a range of applications [71, 103—-106]. SCs, particularly
those with porous carbon electrodes and liquid electrolytes, offer considerable advantages in terms of
specific energy and power densities. These systems, whether symmetrical or asymmetrical, provide
enhanced energy density and reduced leakage currents, making them suitable for both small to medium
and large-scale applications [71, 107]. Their ability to support pulsed power demands in high-tech
applications underscores their potential in advanced energy storage solutions for hybrid renewable

energy systems, including those intended for oil and gas facilities [71, 108].

In [109], authors explored the optimal design and energy management of a fully renewable en-
ergy system that integrates batteries and supercapacitors. The research focuses on enhancing the
reliability and efficiency of isolated, off-grid hybrid renewable energy systems (HRES). The hybrid
energy storage system (HESS) comprising lithium-ion batteries, lead-acid batteries, and supercapac-
itors aims to address the intermittency and variability of renewable energy sources. The integration
of supercapacitors alongside batteries significantly improves the system's dynamic response and sta-
bility. Supercapacitors effectively reduce voltage overshoots and power fluctuations during abrupt
changes in wind speed and solar radiation. This complementary use of batteries and supercapacitors
ensures a more stable and reliable power supply, enhancing the overall performance of the HRES. The
study highlights the techno-economic benefits and the potential for scalable application in remote and

off-grid areas.

1.2.4.3 Energy Management Strategies (EMS)

The Energy Management Strategy (EMS) serves as the central control mechanism for the optimal
sizing and operation of a Hybrid Renewable Energy System (HRES). The EMS coordinates power
circulation within the system's components to achieve defined operational goals and performance
within certain constraints [1, 36]. Specifically, the EMS aims to ensure a cost-effective energy supply
to meet load demand. This involves promoting the use of efficient, low-cost energy sources and

optimizing energy storage methods.

A well-designed EMS is crucial for maintaining high system efficiency and reliability throughout
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the year. It extends the lifetime of system components, reduces operating costs, and maximizes
overall system performance by managing the energy flow in a technically and economically feasi-
ble manner [31]. The EMS achieves these objectives by considering actual load demand, energy
generation, and storage states, and then determining the optimal power flow coordination. This
approach ensures high efficiency by maximizing resource harvesting, minimizing operational costs, fa-
voring low-cost energy generators, ensures low carbon emissions, and prolonging the system'’s lifespan

[1, 31, 36, 84, 110, 111].

In off-grid applications, the basic objective of an EMS is to reliably satisfy load demand. EMS can
be classified into predefined rule-based EMS and real-time optimized EMS. Furthermore, integrating
demand-side management (DSM) with supply-side energy management can achieve a higher degree
of supply-demand matching, thereby enhancing system reliability and reducing the required storage
capacity. The strategic control through an EMS ensures the consistent supply of electricity to the
load, optimizes resource utilization, minimizes operational costs, and extends the system’s lifetime

[31, 36, 112]

The EMS regulates the power circulation within the proposed HRES configuration, striving to fulfill
electricity demand while simultaneously reducing overall environmental and operational expenses. This
dual focus on operational efficiency and environmental sustainability underscores the importance of a

robust EMS in the effective deployment of HRES [31, 84, 110].

1.2.4.3.a Predefined rules-based EMS

A predefined rule-based Energy Management Strategy (R-EMS) operates using a predetermined
flowchart that defines the interaction between energy production, load demand, and storage. This
type of EMS involves various scenarios that may occur at each time step of the system’s operation.
When multiple storage systems or different energy sources are available, the EMS must prioritize
among them to optimize performance. The literature identifies four major strategies for rule-based
EMS to coordinate production and load demand while accounting for storage, thereby overcoming

the intermittency of renewable energy (RE) sources and the stochastic nature of load demand:

e Separating Low Power and High Power Demands: This strategy allocates different power
demands to the appropriate source or storage system based on the operating characteristics

and capabilities [113].
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e Long-term and Short-term Storage Priorities: This involves prioritizing between storage

systems based on the energy density and self-discharging rate [114, 115].

e Threshold-based Operation: This defines thresholds for power blocks to determine their op-

eration based on the maximization of the blocs efficiency and limiting shut-downs [34].

e Allocation Factor Definition: This involves setting allocation factors between different energy

storge to ensure that these storage will work effectively within their operation range [116].

For a typical system composed of photovoltaic (PV) panels, wind turbines (WT), batteries (BT),
and diesel generators (DG)—referred to as a PV-WT-BT-DG system—the EMS can follow either a
Load Following (LF) or Cycle Charging (CC) strategy. In the LF EMS, the battery is prioritized for
both charging (using surplus RE production) and discharging (to meet deficits in RE generation). If
the battery is insufficient, the diesel generator covers the remaining deficit, operating at partial load.
During periods of excess RE generation, if the battery cannot store all the surplus energy, the excess
energy is curtailed. Conversely, in the CC EMS, the diesel generator operates at its full rated power to
charge the battery and maintain a predefined level of charge. This strategy ensures that the battery is
sufficiently charged, providing a reliable energy reserve. These strategies highlight the importance of
a well-designed EMS in managing the balance between energy production, storage, and load demand.

By implementing such strategies, HRES can achieve higher efficiency, reliability, and sustainability.

In order to examine the effect of these two different strategies, [117] applied both Load Follow-
ing Operation Strategy (LF) and Cycle Charging Operation Strategy (CC) in optimizing the energy
management of a hybrid renewable energy system (HRES) for Sachs Harbour, a remote community
in Northern Canada. LF was found to be more suitable for integrated systems, as it operates the
diesel generator only when renewable energy sources and battery storage cannot meet the demand,
thus minimizing fuel consumption. Conversely, CC, which runs the diesel generator at full capacity
until the battery reaches a preset state of charge, proved more effective for electricity-only systems.
The study demonstrates that an appropriate energy management strategy can significantly impact
the overall system efficiency, fuel consumption, and cost-effectiveness, offering valuable insights for

sustainable energy planning in remote areas.

In [118], authors conducted a techno-economic analysis of a hybrid energy system (HES) for

an educational institution in Tamil Nadu, India, utilizing both on-grid and off-grid configurations.
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The energy management strategy focuses on two dispatch strategies: Load Following (LF) and Cycle
Charging (CC), optimized using HOMER software. LF strategy was found to be more effective for on-
grid systems, where the generator operates only to meet the load demand, thus reducing operational
costs and emissions. Conversely, the CC strategy, which charges batteries with surplus power from
the generator, was more suitable for off-grid systems. The study highlights that the on-grid system
with LF strategy achieved a lower Net Present Cost (NPC) of $7.66 million and Cost of Energy
(COE) of $0.127/kWh, demonstrating its economic feasibility and environmental benefits over the
off-grid system. This comparative analysis underscores the importance of selecting appropriate EMS
strategies to optimize performance and cost in HES deployments.

In the study conducted by [119], authors have investigated the optimal sizing of a hybrid PV-WT-
battery storage system, examining the impacts of split-Stirling engine (ST) and combined ST with
organic Rankine cycle (ORC) back-ups under circuit charging (CC) and load following (LF) dispatch
strategies. The energy management strategy uses a rule-based approach with four if-then constructs
to manage energy flow, prioritizing battery storage before deploying back-ups. For CC, the back-ups
charge batteries with any excess power, whereas in LF, back-ups strictly follow the load. Results
indicate that using ST 4+ ORC back-ups in LF mode reduces the levelized cost of energy (LCOE) by
60.70% and CO2 emissions by 33.71%, compared to a traditional diesel generator (DG) base case,
although with a slight increase in LPSP. In contrast, the split ST in CC mode achieved reductions of
61.4% in LCOE, 33% in CO2 emissions, and 24.47% in LPSP. These findings highlight the significant
potential of biomass-powered ST and ST + ORC back-ups to enhance the reliability, cost-efficiency,

and environmental performance of HRES configurations over conventional DG systems.

1.2.4.3.b Optimized EMS

Unlike predefined rule-based EMS (R-EMS), optimized EMS (O-EMS) involves greater compu-
tational time and complexity. This is because O-EMS focuses on ensuring optimal functioning in
the short term and evaluating the future implications of current decisions, rather than relying on a
fixed set of rules to achieve long-term objectives. While R-EMS ensures global techno-economic or
techno-economic and environmental objectives for the entire operation period, O-EMS dynamically
assesses and selects the best available short-term scenarios. This approach allows O-EMS to adapt
and respond more effectively to the variability of renewable energy sources and load demands. O-EMS
can be considered a double-layer optimization strategy. The inner layer focuses on short-term opti-

mization, refining the operational behavior of the system, while the outer layer provides an optimal
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sizing framework and sets boundaries for the inner layer. The inner layer then offers feedback to the
outer layer, creating a continuous loop of improvement and adaptation. This method allows O-EMS
to explore various short-term scenarios rather than merely following a predefined rule based on energy
balance. By dynamically adjusting to current conditions and predicting future states, O-EMS aims
to maximize system efficiency, minimize operational costs, and reduce environmental impact, thus

ensuring a more reliable and sustainable energy supply.

In literature, different methods are applied to HRES to achieve an O-EMS including finite au-
tomata [120] , dynamic programming (DP) [121, 122], stochastic programming [123], mathematical
programming [123], receding horizon optimization (RHO) [124, 125], model predictive control (MPC)
[126, 127], fuzzy logic controller [128].

In [122], Chedid et al. presented an optimized energy management system (O-EMS) for a univer-
sity campus micro-grid reliant on an unreliable grid. The O-EMS uses a combination of Genetic
Algorithm (GA) and Dynamic Programming (DP) to achieve optimal sizing of PV and BES system.
The GA performs the initial sizing, while the DP focuses on optimal dispatch strategies, dynamically
managing the power flow within the system. The O-EMS operates in two distinct modes: during
active hours, it employs DP to optimize power flow, prioritizing renewable energy and battery usage
to minimize reliance on DG and reduce grid energy purchases during peak tariffs. During passive
hours, a rules-based algorithm takes over, managing battery charging using the lowest tariff rates.
This dual-layer approach ensures short-term optimization while providing feedback for continuous im-
provement and long-term system efficiency. Results show significant reductions in operational costs
and emissions, with the O-EMS phasing out nearly all DG usage and optimizing energy purchase from
the grid. The O-EMS’s dynamic and adaptive strategy demonstrates superior performance in manag-
ing the variability of renewable energy sources and load demands, ensuring a reliable and sustainable
energy supply for the campus. Authors in [120] have introduced an (O-EMS) for a standalone hybrid
PV/BT/DG/hydrogen system using a finite automata-based framework. The O-EMS dynamically
generates multiple energy management strategies and evaluates them to identify the most efficient
scenario. The framework operates in three steps: initial sizing based on an analytical and economic
approach, generating various EMS using finite automata, and evaluating these strategies to develop
an optimized EMS. The O-EMS employs a dual-layer optimization strategy. The inner layer focuses
on short-term optimization, dynamically adjusting the system's operations based on current conditions
and predicted future states. The outer layer provides an optimal sizing framework, guiding the inner

layer and incorporating its feedback for continuous improvement. This approach allows the system to
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adapt to the variability of renewable energy sources and load demands, ensuring maximum efficiency
and cost-effectiveness. The study demonstrates that the integrated framework significantly reduces
the size of the PV system from 140 kW to 60 kW and cuts the diesel generator working hours by
35%. Additionally, the optimized EMS lowers the LCOE by 40% and increases the utilization of
renewable energy sources, highlighting the potential of O-EMS to enhance the performance and sus-
tainability of hybrid renewable energy systems. In another study conducted by Forough et al. [124],
they have introduced a novel optimized energy management system (O-EMS) for a hybrid renewable
energy system (HRES) using a receding horizon optimization (RHO) approach. The O-EMS employs
a dual-layer strategy where the outer layer focuses on the optimal sizing of system components, while
the inner layer dynamically adjusts the operational behavior based on real-time data. The receding
horizon strategy optimizes the control variables at each time step, using a mixed integer convex
programming method. This approach allows the O-EMS to dynamically manage the energy flows
among PV, wind turbines, batteries, and a diesel generator. The framework captures the variability
of renewable energy resources and demand profiles, optimizing short-term operations while providing
feedback for continuous improvement. Results demonstrate that the O-EMS significantly enhances
economic performance and renewable energy utilization, increasing the share of renewable energy from
68.5% to 81.4% and reducing diesel fuel consumption. By adjusting the prediction horizon length,
the system achieves more effective battery scheduling and reduces the overall operation cost. This
O-EMS approach highlights the potential for improved reliability, cost efficiency, and environmental

sustainability in HRES applications.

Another study that uses the RHO as an O-EMS is considered in [125]. In this study, authors pro-
posed an (O-EMS) for designing off-grid microgrids in rural areas using a multi-objective optimization
approach. The O-EMS employs the Non-dominated Sorting Genetic Algorithm [l (NSGA-II) and
Direct MultiSearch (DMS) algorithms to optimize multiple economic indicators simultaneously, such
as Net Present Value (NPV) and Modified Internal Rate of Return (MIRR). The dual-layer strategy
includes an outer layer for optimal sizing and an inner layer for dynamic operational optimization.
The inner layer utilizes a rolling horizon strategy (RHS), forecasting load profiles and renewable pro-
duction to minimize operational costs over a 24-hour horizon. The RHS adjusts energy dispatch in
real-time, improving system efficiency and reducing costs. Results indicate that the O-EMS achieves
a significant reduction in Net Present Cost (NPC) and enhances profitability by increasing renewable
energy utilization and minimizing load curtailment. This method ensures a balanced trade-off between

investment costs and operational efficiency, providing reliable and sustainable energy supply for rural
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microgrids in developing countries.

1.2.5 Optimal sizing of a HRES

The ultimate objective of optimal sizing for Hybrid Renewable Energy Systems (HRES) is to minimize
initial costs while ensuring load demand is met. Oversizing a system results in higher initial costs,
whereas undersizing leads to a loss of power supply. Consequently, optimal sizing is essential to ensure
a techno-economically reliable operation [35].

To analyze each HRES, several critical steps must be undertaken: identifying the energy source types,
developing mathematical models for the energy sources, calculating the energy balance, identifying the
decision variables, defining the objective functions, and establishing the constraints. Due to variations
in HRES configurations, selecting an appropriate and efficient sizing strategy is necessary. The
mathematical interplay and the conflicting behavior of objectives, constraints, and decision variables
highlight the complexity and difficulty of attaining an optimal solution for an optimization problem [35,
129]. In previous sections of this work, we have described the energy sources (section 1.2.4.1), energy
storage (section 1.2.4.2), and energy management systems (section 1.2.4.3). This part will focus on
the objective functions, decision variables, and optimization algorithms employed in the optimal sizing
of HRES. Optimal sizing requires defining objective functions that typically aim to minimize costs,
maximize efficiency, and ensure reliability. Decision variables may include the capacities of various
energy sources and storage systems, and the operational parameters of the system. Constraints are

often related to technical limitations, resource availability, and environmental regulations.

1.2.5.1 Objective Functions

In optimization problems, an objective function is a mathematical expression that depends on system
output variables and decision variables. This function must be optimized (minimized or maximized)
by the optimization algorithm during the optimization process. Based on the studied HRES, both
single and multiple objective problems may be considered. Objective functions, often referred to as
key performance indicators (KPls) for HRES, can be classified into four main categories: Technical,
Economic, Environmental, and Social. These KPIs are evaluated to be minimized or maximized by

the optimization process and significantly affect system capacity (usually decision variables) [35, 129].
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1.2.5.1.a Technical Indicator

Due to the intermittency of sources and the stochastic behavior of load demand, ensuring reliable
load demand becomes a challenging task. For this reason, technical KPls are considered when opti-
mally sizing an HRES. Technical KPIs mainly include the LPSP [1], Loss of Load Probability (LOLP)
[130], Expected Energy Not Supplied (EENS) [131], Deficiency of Power Supply Probability (DPSP)
[132], Loss of Load Expected (LOLE) [133], and Loss of Energy Expected (LOEE) [133]. The energy
target is often represented by the LPSP of the system, a metric that measures the percentage of
time when the available power is insufficient to meet the required load. The reliability of load demand
is crucial, and a system that consistently provides enough electrical energy to meet demand over
a specific period will have a lower LPSP value. This metric is widely employed by authors in the
literature [1, 134].

The study conducted by [134] integrates LPSP as a crucial reliability indicator for optimizing hybrid
renewable energy systems (HRES) for rural telecom towers. LPSP measures the likelihood of power
supply shortfalls, highlighting the system'’s reliability. The authors developed a discrete multiobjective
grey wolf optimization (DMGWO) algorithm to minimize LPSP alongside cost and excess energy
generation. By incorporating LPSP, the algorithm ensures a reliable power supply, achieving a low
LPSP value of 0.07, indicating high system reliability. This approach effectively balances economic

feasibility with the necessity of uninterrupted power supply, crucial for remote telecom operations.

1.2.5.1.b Economic Indicator

Economic indicators, along with technical KPlIs, are crucial in the development and integration of
renewable energy systems worldwide. The significance of economic indicators lies in evaluating the
feasibility of the designed systems. Typically, the economic assessment includes initial/capital expen-
diture (CAPEX), operation and maintenance costs (OPEX), replacement costs, and other relevant
expenses [35, 36]. Commonly used economic KPIs in the literature include Net Present Cost (NPC)
[135—-137], COE [138], levelized cost of energy (LCOE) [139-141] , life cycle cost (LCC) [142, 143],
Total Annual Cost (TAC) [132, 138, 144-147] , and annualized cost of system (ACS) [1, 148-150].
These KPIs provide a comprehensive evaluation of the economic performance and viability of HRES,
ensuring that the systems are not only technically sound but also economically feasible and sustainable

over the long term.
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The study by [135] conducts a comprehensive economic analysis for optimal sizing of a hybrid
renewable energy system (HRES) comprising photovoltaic (PV) panels, fuel cells (FC), and diesel
generators (DG). The economic evaluation focuses on minimizing the Net Present Cost (NPC),
incorporating capital costs, operation and maintenance costs, and replacement costs of each compo-
nent. They utilize a multi-objective crow search algorithm (MOCSA) to balance TNPC against the
reliability indicator, LPSP. The analysis includes sensitivity assessments of fuel prices and costs of FC
equipment, demonstrating that integration of hydrogen energy technology can significantly reduce

the NPC, particularly when FC costs are decreased by 30-50%.

1.2.5.1.c Environmental Indicator

One of the main objectives of considering HRES is mitigating environmental pollution by reducing
greenhouse gas (GHG) emissions and promoting cleaner energy sources. Conventional fossil fuel-
based energy sources emit significant quantities of CO, and SO, gases. Integrating renewable energy
(RE) sources into the energy production sector helps mitigate carbon emissions and leads to more
environmentally friendly power production. To account for environmental factors during the optimal
sizing of HRES, several indicators are considered in the literature. These include carbon emission (CE)
[1, 143, 150, 151], embodied energy (EE) [152], carbon footprint of energy (CFOE) [153, 154], life
cycle assessment (LCA) [155-159], and fuel emission (FE) [149]. These environmental KPls provide a
comprehensive assessment of the environmental impact of HRES, ensuring that the systems contribute
to reducing pollution and promoting sustainability.

Bortolini et al. in their study [154] integrated environmental indicators by evaluating the Carbon
Footprint of Energy (CFOE) within their hybrid renewable energy system (HRES) model. CFOE
measures the total greenhouse gas emissions in CO2 equivalents per kWh produced over the system's
lifetime. The model accounts for emissions from manufacturing, transportation, installation, opera-
tion, maintenance, and end-of-life disposal of system components, including PV modules, BES, and
diesel generators. By adopting a bi-objective design approach, the study identifies configurations that
minimize both CFOE and Levelized Cost of Electricity (LCOE). Their results indicate that integrating
higher capacity BES and PV reduces CFOE by up to 50%, demonstrating significant environmental
benefits over traditional diesel-only systems.

Authors in [155] conducted a study that evaluates the environmental indicators through a com-
prehensive Life Cycle Assessment (LCA) of various hybrid renewable energy system (HRES) con-

figurations for remote rural communities. The environmental sustainability assessment considers 18
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potential impact categories, such as climate change, ozone depletion, acidification, and more. The
study evaluates the impacts of using different configurations, including solar photovoltaics (PV), wind
turbines, diesel generators, and battery storage. Results show that hybrid systems with combined PV
and wind resources significantly reduce environmental impacts compared to stand-alone systems. For
instance, integrating higher capacity battery storage with PV and wind reduces environmental impacts
by up to 40%, making these hybrid configurations environmentally preferable. The study highlights
that PV systems, when installed at the household level, have 15% higher impacts in a micro-grid than

in individual home installations

1.2.5.1.d Social Indicator

In recent years, nearly all countries have promoted the development of clean energy sources through
national policies. Consequently, the development of Hybrid Renewable Energy Systems (HRES) should
align with these policy recommendations. However, due to the lack of evaluation methods for socio-
political performance indicators, only a few studies have considered these parameters when designing
and sizing HRES. Nevertheless, social indicators are crucial for assessing the acceptance of HRES
by society, ensuring alignment with national policies for social development, and ensuring compliance
with regulations [35, 160, 161].

In the literature, social indicators include the Human Development Index (HDI) [160, 162], job
creation (JC) or job formation factor (JFF) [160, 162, 163], portfolio risk (PR) [164-167], social
acceptance (Sa) [168], and social cost of carbon (SCC) [169]. These indicators play a significant role
in determining the societal and regulatory feasibility of HRES, thus underscoring their importance in
the optimal design and implementation of these systems.

In [162], Khan et al. addressed social indicators for hybrid renewable energy systems (HRES)
by focusing on Human Development Index (HDI), job formation factor (JFF), and local transport-
based employment (LTE). These social indicators are evaluated using the concept of excess energy
utilization. The HDI improvement is linked to the availability of excess energy, which can support
additional household and community activities, leading to better living standards. The JFF is assessed
by calculating the jobs generated per megawatt of installed capacity for various components like solar
PV, wind turbines, diesel generators, and battery storage. LTE estimates the employment gener-
ated through the use of excess energy for local transportation, such as battery-powered rickshaws.
The study finds that HRES configurations with balanced excess energy and optimal technical design

contribute significantly to social development, enhancing local employment opportunities and overall
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human development in rural areas.

In another study conducted by [163], authors focused on social indicators in the context of hy-
brid renewable energy systems (HRES) through a multi-objective optimization approach that includes
job creation and public lighting coverage. Job creation is quantified by considering the employment
opportunities generated during the construction, installation, and operation phases of HRES com-
ponents, such as photovoltaic panels, wind turbines, diesel generators, and battery storage systems.
The study uses specific job creation factors for each technology to estimate the total number of jobs
generated locally. Public lighting coverage is treated as a critical social indicator, aiming to improve
living conditions and security in rural areas. The model prioritizes ensuring that public lighting needs
are met, with a specific objective function to maximize the percentage of public lighting coverage.
This comprehensive consideration of social impacts helps to align HRES projects with broader socio-
economic development goals, ensuring that energy solutions contribute positively to the community’s
welfare.

The study, conducted by [160], delves into the social indicators for hybrid renewable energy systems
(HRES) by focusing on the Human Development Index (HDI) and job creation. The study emphasizes
HDI as a measure of social impact, correlating energy access with improved living standards, better
education, and higher income levels. The authors propose that surplus energy generated by HRES
can be used to power small workshops and businesses, thereby enhancing economic activities and
elevating HDI. Additionally, job creation is quantified using job creation factors specific to each
energy source, including PV, wind, biomass, and diesel generators. The study calculates the direct
and indirect employment generated during the installation, operation, and maintenance phases of the
HRES components. This dual focus on HDI and job creation highlights the potential of HRES to

contribute significantly to social development, particularly in rural and remote areas.

1.2.5.2 Solution methods for HRES Optimal Sizing problems

1.2.5.2.a Traditional methods

The optimal sizing methodology for Hybrid Renewable Energy Systems (HRES) involves finding
the best trade-off between the considered evaluation indicators. Several sizing methods exist in
the literature, each aiming to solve the optimization problem by considering objective functions and
system constraints. The goal is to determine the optimal set of decision variables that will minimize
or maximize the objective function while ensuring that all constraints are met.

Among these methods are traditional methods such as Mixed-Integer Linear Programming (MILP)
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[170], analytical methods [171], graphic construction methods [172], probabilistic methods [173],
iterative methods [174], numerical methods [175], and software tools [31, 176] like (HOMER [177],

iIHOGA[178] , TRNSYS [179] and RETScreen [180]).

1.2.5.2.b Artificial intelligence (Al) based methods

According to studies by [31, 35], Al-based methods, especially metaheuristic algorithms, are widely
employed in the optimal sizing of HRES due to their superior efficiency, accuracy, and rapid conver-
gence. These algorithms can be categorized into four main classes as outlined by [181]: evolution-
based methods, physics-based methods, swarm intelligence methods, and human behavior-based meth-

ods.

e Evolution-Based Methods (eg. Genetic Algorithms (GA)): These methods mimic the process
of natural selection to find optimal solutions and are known for their robustness and flexibility

[182-184];

e Physics-Based Methods (eg. Simulated Annealing (SA)): This probabilistic technique mimics
the annealing process in metallurgy and is effective for finding global optimizations in a large

search space [185, 186];

e Swarm Intelligence Methods (eg. Particle Swarm Optimization (PSO) and Grey Wolf Opti-
mizer (GWO)): These methods simulate the social behavior of organisms like birds and wolves

to explore the search space and find optimal solutions efficiently [187-191];

e Human Behavior-Based Methods (eg. Harmony Search (HS)): Inspired by the musical process

of seeking harmony, this method is effective for a variety of optimization problems [186, 192].

These optimization techniques, with their diverse approaches and strengths, are crucial for the
effective and efficient sizing of HRES. The selection of an appropriate method depends on the specific
characteristics and requirements of the system being studied, ensuring that the optimal solution is
tailored to the unique needs of each HRES.

In their comprehensive study, [193] evaluated ten metaheuristic optimization techniques for the
optimal sizing of a hybrid photovoltaic (PV)/wind turbine/battery system. The algorithms assessed
include Genetic Algorithm (GA), Cuckoo Search (CS), Simulated Annealing (SA), Harmony Search
(HS), Jaya Algorithm, Firefly Optimization Algorithm (FA), Flower Pollination Algorithm (FPA), Moth
Flame Optimization (MFQO), Brainstorm Optimization in Objective Space (BSO-0OS), and Simplified

Squirrel Search Algorithm (S-SSA). The primary objective was to minimize the Total Net Present
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Cost (TNPC) while maintaining reliability through Deficiency of Power Supply Probability (DPSP)
constraints. The study finds FPA and SA to be particularly robust and accurate, with zero standard
deviation in TNPC values across 50 runs, while FAO excels in execution speed. These results provide
valuable insights for selecting suitable optimization techniques for HRES sizing, emphasizing SA's
balance between robustness, accuracy, and execution time.

In another insightful study, [194] present a comprehensive evaluation of eight metaheuristic opti-
mization algorithms for the optimal sizing of an isolated hydrogen-based micro-grid. The algorithms
assessed include Moth-Flame Optimization Algorithm (MFOA), Genetic Algorithm (GA), Particle
Swarm Optimization (PSO), Dragonfly Algorithm (DA), Salp Swarm Algorithm (SSA), Ant Lion Op-
timizer (ALO), Grey Wolf Optimizer (GWO), and Grasshopper Optimization Algorithm (GOA). The
objective was to minimize the total net present cost (NPC) while ensuring the system’s technical
feasibility and cost-effectiveness. The study notably highlights the superior performance of MFOA
in reducing the NPC compared to other algorithms, achieving a 2.1% and 3.2% cost reduction over
GA and PSO, respectively. This research underscores the importance of advanced metaheuristic
techniques in enhancing the economic and operational efficiency of micro-grid systems, providing a

valuable reference for future studies in the domain of renewable energy systems.

1.3 Research gap and study novelties

After examining the literature regarding HRES for remote areas in our study region, several works have
focused on configurations such as PV-BT, PV-WT-BT, and sometimes incorporating DG to ensure
load availability during RE source/storage unavailability. However, these studies primarily consider
small-sized or domestic-type loads, with no studies addressing heavy industrial load demands in Algeria.
Globally, some studies have investigated incorporating renewable energy into various sectors, including
enhancing chemical reactions [195], wastewater treatment [196], hydrogen production [197—200], and
water desalination [201]. Other studies have explored the integration of solar energy into processes
like crude oil upgrading and oil refining, showing promising results in terms of cost-effectiveness and
environmental impact [197, 200].

In our study, we focus not on a fully renewable energy system but on a partial shift towards clean
energy sources for electricity generation for heavy-duty industrial applications, particularly in the oil
and gas sector in Algeria. The novelty of our approach lies in steering the backbone of Algeria’s energy
sector (oil and gas) towards cleaner energy solutions. This approach not only leverages sustainability

opportunities but also employs high-level evaluation techniques based on artificial intelligence (Al)
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methods and decision-making methodologies.

The suggested system will deeply focus on integrating renewable energy sources, particularly PV
and WT, and evaluating single and dual storage technologies, including electrochemical (battery stor-
age systems) and chemical (hydrogen storage systems). Hydrogen storage has emerged as a promising
solution for green energy storage. Additionally, we consider energy management strategies along-
side Al-based optimization techniques, including traditional ones like GA, PSO, NSGA-II, MOPSO,
and newly developed ones post-2022, such as Fick's Law Algorithm (FLA), to solve sophisticated
optimization problems. This approach aims to find the best trade-off regarding techno-economic,
environmental, and social performance while ensuring effective synergy between generations, storage
systems, and load demand. Our approach involves a comprehensive analysis of technical, economic,
and environmental performance indicators to contribute to this field.

The utilization of the considered methods (FLA) as novel optimization tools, adopting this method-
ology, we guarantee a comprehensive evaluation of the prospective advantages and obstacles linked to
the incorporation of HRES into oil and gas facilities for their electrification. Also, dual storage strate-
gies and decision making technique like (TOPSIS and SAW) will be implemented and applied to the
studied systems. The combination between traditional /novel optimization algorithms and decision-
making techniques in order to address the challenges of designing renewable energy systems, estab-
lishing a standard for operational efficiency and sustainability in energy-intensive industries. These
contributions have the potential to significantly impact the integration of renewable energy technolo-
gies and serve as a model that can be replicated in similar contexts worldwide. This represents a
crucial step towards reducing carbon emissions in the oil and gas sectors through the integration of

renewable energy solutions. The main contributions of this work are:

1. Designing and sizing a solar renewable energy system with different (dual/single) storage strate-

gies based on a hybrid battery-hydrogen system;

2. Optimizing energy use and reducing reliance on fossil fuels by dynamically balancing energy

production through renewable energy integration;

3. Using the novel optimization algorithm to optimize the size of system components, prioritizing

meeting load demand and economic viability;

4. Utilizing the decision making methods to identify the most suitable system configuration among

various feasible solutions.

By positioning our work within the context of previous studies, we address the gaps identified in
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the literature and introduce novel approaches to the integration and optimization of HRES for heavy
industrial applications like the oil and gas sector in Algeria. This research not only contributes to the
academic field but also provides practical solutions for the sustainable development of the Algerian

and worldwide energy sector.

1.4 Conclusion

This chapter represents an important contribution to the field because an extensive review of recent
literature related to modeling, optimal sizing, and energy management in Hybrid Renewable Energy
Systems is performed. System components-from different types of energy sources and storage sys-

tems to methods for their sizing-were discussed in broad detail.

Special importance was given to renewable energy sources, such as solar and wind, and the in-
stallation of storage facilities like BES system and hydrogen-based ESS to offset the intermittency of
the latter.

This chapter also focused on the various EMS, which are essential to be considered in balancing
load demand with renewable energy availability efficiently. These included the review of various rule-
based systems and advanced optimization-based EMS approaches. The latter have become especially
necessary to minimize the overall system costs while at the same time maintaining efficiency and

reliability at high values.

The literature also calls for the optimum sizing methodologies applied on HRES. Herein, this work
has reviewed several conventional and artificial intelligence-based optimization algorithms, including
GA and PSO with their supporting software, such as HOMER and iHOGA.

These are appropriate for determining the best configuration of the renewable systems and storage

units for the main objectives of minimum cost, maximum energy produced, and emissions reduction.

The literature review indeed gave insight, not only into current trends and methodologies but also
revealed striking research gaps, particularly in addressing heavy industrial loads such as those in the
oil and gas industry. This chapter therefore forms a basis for subsequent chapters where such gaps
shall be addressed by incorporating renewable energy systems into fossil fuel-based industries, with a

focus on advanced optimization techniques and dual storage strategies.
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Chapter II

Modeling, sizing and Energy
Management of a Hybrid Renewable

Energy System

1.1 Introduction

Before embarking on the optimization process, it is essential to provide a comprehensive description
and mathematical modeling of each system component. This section begins with an overview of
the existing reference system, which involves the electrification of a natural gas (NG) power plant
using NG power generation. The load profile and climate data are also discussed. Additionally, each
subcomponent of the proposed Hybrid Renewable Energy System (HRES) is modeled. The reference
system serves as a baseline for evaluating the potential improvements and benefits of the suggested

HRES based on various objectives.

1.2 System description

11.2.1 Reference system

The main goal of this study is to evaluate the technical feasibility, economic viability, and environmental
impact of integrating a Hybrid Renewable Energy System (HRES) into the oil and gas industry. The

reference system considered is an upstream natural gas processing facility. The load demand is defined
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as the electricity required to power the facility's operations, which include motor pumps, compressors,
electric furnaces, and electric aero coolers. Currently, all electricity demand for this facility is met by

a conventional natural gas power plant (Fig. I1.1).

Matural Gas power plant

Matural gas processing
plant

Figure 11.1: Current power generation system.

11.2.2 Suggested system

The proposed Hybrid Renewable Energy System (HRES), illustrated in Fig. 1.2 , represents a hybrid
configuration that integrates the existing system (Fig. II.1) with renewable and conventional energy
sources. The HRES consists of renewable energy sources, including Photovoltaic (PV) modules and
Wind Turbines (WT), as well as conventional sources such as a Gas Turbine (GT). Additionally,
the system incorporates energy storage solutions, including chemical storage (HES System, HESS)
and electrochemical storage (Batteries). The HESS components include Fuel Cells (FC), Hydrogen
Storage Tanks (ST), and Electrolyzers (EL). In this configuration, the GT supplies AC current to the
AC bus, while the PV, WT, FC, and EL are connected to the DC bus. A DC/AC converter is utilized
to ensure optimal and secure integration between the AC and DC buses.

The schematic depicted in Fig. 1.2 represents the overall system configuration. However, various
configurations may be explored to identify the most effective setup. These different configurations,

which allow for comparative analysis, are detailed in Table Il.1

11.2.3 Mdeling and optimization procedure

The evaluation of each configuration presented in Table II.1 must follow specific procedures to ensure

a thorough techno-economic and environmental analysis. This analysis requires several data inputs,
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Figure 11.2: Hybrid Renewable Energy System Scheme.

Table I1.1: Case Studies Configuration

Configuration Description / Re-
(Case study) quirements
“Configuration 1 | 0% renewable | [

Configuration 3 ‘ 100% Renewable v v

Configuration 4 100% Renewable (dual || v v v v/ ®
storage)

Configuration 5 100% Renewable (dual || v v v/ ®) 4
storage)

Configuration 6 HRES (RE > 20%) v v v

Configuration 7 HRES (RE > 50%) v v v/

Configuration 8 HRES (RE > 80%) v v v v

Configuration 9 HRES (RE > 80%) v v v v v/ ®

Configuration 10 HRES (RE > 80%) v v v v/ ® v

®): Primary storage.
including component modeling, as well as economic and environmental modeling of each subsystem.
The process begins with an initialization step that includes the following:

e System Configuration: Selection of one configuration from Table II.1.

e Climate Data: Relevant data for the studied region.

e Load Profile: Load demand specific to the studied system (reference system).
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e Technical and Economic Parameters: Parameters for each component considered within the

system configuration.

Following initialization, the next phase involves the technical and economic modeling and optimiza-
tion process. This process is guided by predefined rule-based Energy Management Strategy (EMS),
objective functions, and system constraints. The goal is to determine the optimal system size and
configuration that best meets the specified objectives. Finally, the optimal system configuration/size
is evaluated against the objective functions and system operation. These evaluations are presented

in the form of various plots, tables, and are followed by detailed discussions and analysis.

Initialization !
System‘ Climate data Load profile Technical Economical
Configuration parameters parameters
Decision variables .|  Techno-economic
T Energy Management parameters
Strategy
Optimization process (EMS)
!
Objective functions -
constraints
System optimal size (configuration) Objectif functions and operation evaluation

Plots, results, decision and analysis

Figure 11.3: HRES modeling and optimization procedures.

The evaluation of each configuration presented in Table II.1, must flow specific procedures to
be done. The techno-economic and environmental analysis of each configuration necessitates several
data inputs, components modeling as well as economic and environmental modeling of each subsystem.
Firstly, an initialization stem that include: a system configuration (one from Table I.1), Climate data
for the studied region, load profile for the studied system, technical and economic parameters for each
considered component of the system configuration. This initialization step is followed by technical and
economic modeling and optimization process based on predefined rule-based EMS, objective functions

and system constraints in order to attain the final optimal system size and configuration.
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Finally, the system optimal configuration/size is evaluated against the objective functions as well as
system operation, these evaluations are presented in from of different adequate plots, tables followed

by discussions and analysis. Fig. 1.3 summarize this modeling and optimization procedure.

1.3 Climate data and solar/wind potential for the study region

The optimal sizing of the Renewable Energy System (RES) for covering the total electric load demand
of the Natural Gas Processing Plant (NGPP) located in Hassi Messaoud, southeast Algeria, is heavily
influenced by the regional climate conditions. Hassi Messaoud is situated at latitude 31°43'10.7"N
and longitude 6°03'02.2" E (Fig. 1.4 [1]), an area well known for its extensive oil and gas production
infrastructure. To accurately model and optimize the RES, it is crucial to analyze the climate data
for this specific location, focusing on solar irradiance, wind velocity and ambiant temperature, which

are critical inputs for solar/wind-based energy systems.
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Figure I1.4: GHI of the study location.

The climate data utilized in this study were obtained from comprehensive reanalysis datasets that
offer a thorough spatio-temporal record of various meteorological variables [202, 203]. The hourly
solar radiation and temperature data for the study area are presented in Figs. 1.5 and 1.6, respectively.
These figures illustrate the significant variations in solar irradiance, temperature, and daylight hours
experienced throughout the year, a pattern that can be attributed to the Earth’s axial tilt and its

impact on solar exposure.
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Figure 11.5: Hourly Solar irradiation and temperature at the selected study area.
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Figure 11.6: Hourly and daily average of recorded temperature on the selected area for study.

In examining the solar irradiance data (Fig. 11.5), it becomes evident that there is a pronounced

increase in average daily solar irradiation during the spring season (Mar., Apr., May). The average
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Figure 11.7: Hourly wind velocity at 10m high of the selected study area.

daily solar irradiation during this period reaches a peak of 4882.86 kWh/m2, reflecting the abundant
solar energy available in the region. Conversely, the winter season records the lowest average daily
solar irradiation at 2508.52 kWh/m2, indicating a reduced level of solar energy during this time. The
maximum daily solar irradiation, observed during the summer season, peaks at 5330.60 kWh/m2,
a phenomenon driven by the extended daylight hours and intensified solar radiation typical of the
summer months. In contrast, the fourth trimester exhibits the lowest peak daily solar irradiation at
3560.07 kWh/m2, highlighting the seasonal decline in solar energy availability.

There is also a clear correlation between solar irradiance and temperature patterns in the study
region, as shown in Figs. I1.5 and 11.6. Both variables reach their highest levels during the summer
season. The average daily temperature during this period rises to 33.18°C, with a peak daily temper-
ature of 46.83°C. On the other hand, the winter season, records the lowest average daily temperature
at 12.92°C, with a minimum daily temperature of -2.65°C. These variations underscore the influence
of solar radiation on temperature, where increased sun exposure during summer months directly heats
the Earth’s surface and atmosphere, resulting in higher temperatures.

Based on the climate data analyzed, it is evident that solar energy holds significant potential for
energy generation in the Hassi Messaoud region, with a daily average solar irradiance ranging from 3.3
to 8.7 kWh/m?2/day , whereas wind speed seems to be unpredictable throughout the year (Fig. 11.7).

Consequently, solar photovoltaics have been selected as the principal source of renewable energy for
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the proposed system. The selection is supported by the region’s favorable solar potential, as indicated
by the data and visualized through the accompanying figures and maps. These insights are crucial for
the accurate sizing and optimization of the RES, ensuring it meets the energy demands of the NGPP

efficiently and sustainably.

11.4 Load demand profile

Stagesoutput
| Rawgas | products

B l H_)

Condensate &water | Condensate
Removal (Slug Catcher) | Weter

| MercuryRemoval | Hg

| Desulfurization | H2S

Processing Stages — l
| Acid GasRemoval | C02
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| Dehydration | H20

] NGL Recovery | Sales Gas
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Figure 11.8: Typical natural gas processing plant operations.

Natural gas processing plants (NGPPs) play a crucial role in converting raw gas extracted from
wells into commercially valuable products. As depicted in Fig. 11.8, a typical NGPP comprises multiple
processing stages, including raw gas extraction and transportation, sweetening, and final product
separation [3].

Initially, raw gas is extracted from wells and transported through pipelines to the processing plant.

Upon arrival, the gas is first separated from any accompanying liquids through a process called gravity
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separation. The gas then undergoes treatment to remove impurities such as hydrogen sulfide (H,S),
carbon dioxide (CO,), and water vapor. This step, known as sweetening, is particularly energy-
intensive, especially during the removal of CO, to comply with transportation standards [3, 204].
After sweetening, the gas is dehydrated to eliminate water vapor, enabling the separation of natural
gas liquids (NGLs) like ethane, propane, and butane from methane, the primary component. Mercury
removal is achieved by injecting nitrogen, and a cryogenic process using turbomachinery is employed

to separate the NGLs from the remaining methane.

These stages demand substantial heat and electrical energy, which are required to power the
turbomachinery and facilitate various thermal or chemical processes. Once processed, the methane,

now purified, becomes "sale gas” and is ready for commercial use [3, 204].

The processing plant not only produces pure methane but also yields valuable byproducts, including
NGLs and sulfur, which are recovered from the acid gases removed during processing. These byprod-
ucts are utilized across various industries. It is important to note the substantial energy requirements
of this process. The plant’s operations rely on internally generated power and steam, primarily pro-
duced by gas turbines. Additionally, natural gas with low levels of hydrogen sulfide, known as " fuel
gas,” is used to power turbines and boilers. For example, a plant processing 2.5 billion standard cubic
feet of raw gas per day requires approximately 65 MW of electricity and 15,000 tons of steam daily,

highlighting the significant energy demands of such facilities [3, 204].

In this study, accurately assessing the electrical energy requirements for the natural gas processing
facility is of paramount importance. Our primary objective is to improve the environmental per-
formance of these facilities by integrating renewable energy (RE) sources into the existing electricity
production system described in section I1.2.1. The facility selected for this study is located in southern

Algeria and comprises two treatment trains, each with a capacity of 770 tons per hour.

The power station responsible for generating electricity for this facility consists of three 20 MVA
gas turbogenerators (GTG). These thermal generators operate on natural gas produced on-site, with
an estimated cost of $0.0366 per kWh of NG. Given the approximate efficiency of these thermal
generators, which is around 30%, the specific cost of electricity production, including both variable

and fixed costs, is approximately $0.075 per kWh of electricity.

The annual electrical power demand time-series, derived from the GTG production data, is illus-
trated in Fig. 11.9. The load demand pattern closely follows typical industrial trends, exhibiting low

fluctuations on both daily and seasonal scales. This stability is attributed to the consistent nature of
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Figure 11.9: Hourly electrical load demand profile during the year.

industrial operations, which remain relatively constant throughout the working period. Additionally,
since the processing operations are only slightly influenced by ambient temperature and solar irradi-

ance, there is a modest increase in load demand during the summer season.

Based on the presented (Fig. 11.9) annual hourly time-series, the total annual electricity consump-
tion is calculated to be 83,470.035 MWh. The annual peak and minimum power demands are 11.57
MW and 8.167 MW, respectively. The average daily electricity consumption is calculated to be 228.68
MWh.

1.5 Hybrid Renewable Energy System (HRES) modeling

As outlined in section 11.2.2, the proposed system involves a comprehensive revamping of the existing
system described in section [1.2.1, evaluated from multiple perspectives, including performance indica-
tors. To thoroughly assess the impact of integrating renewable energy, 10 distinct case studies were
considered (Table I1.1). These case studies range from a baseline scenario of 100% fossil fuel-based
electrification (Configuration 1 in Table I1.1) to scenarios that gradually increase the integration of

renewable energy sources, culminating in a scenario with complete reliance on renewables (0% fossil
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fuel).

The renewable energy sources and storage systems were selected based on an analysis of the
available resources in the study region, with the goal of mitigating the intermittent nature of re-
newable sources and the stochastic behavior of load demand. In particular, specific configurations
(Configurations 4, 5, 9, and 10) were designed to explore the effectiveness of hybrid storage systems,

incorporating both BES system and HES systems (HESS).

This section presents the mathematical modeling of the proposed system, covering the technical,
economic, and environmental aspects of all equipment used in the 10 suggested configurations. The
models developed here will serve as the foundation for evaluating the performance and feasibility of
each configuration, guiding the optimization process to achieve the best possible outcomes in terms

of efficiency, cost-effectiveness, and sustainability.

11.L5.1 Sources modeling

11.5.1.1 PV solar power modeling

The PV cell models considered in this study are based on diode models, as illustrated in Fig. 11.10
[205]. Specifically, the Single Diode Model (SDM), Double Diode Model (DDM), and Triple Diode
Model (TDM) are employed, all of which have been widely used by researchers in recent years. Gen-
erally, increasing the number of diodes in the circuit enhances the accuracy of the model but also
adds to its complexity. In this section, these models have been developed and evaluated under various

operating conditions to assess their performance and suitability for the study’s objectives.

From equivalent circuits (a,b,c) in Fig. 11.10, the relationship between the output voltage and

current are V and |, respectively, is expressed in eq. (I1.1)

| =1 Eyw

v+m > q(V+1Rs)
= /ph Z lssd, |:eX < > 1:|
— AKT

Where Ipp, Isp, Isq;, and lssq, represent the photon current, shunt resistor current, diode (i) current,

(I1.1)

and diode (i) saturation current, respectively.

Rs, Rsp, and np represent the series resistance, branch resistance, and the number of diodes in
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Figure 11.10: PV models’ circuits: (a) SDM; (b) DDM; (c) TDM; (d) PV module

the circuit, respectively.
A represents the ideality factor.

T, k, and q represent absolute temperature, the Boltzmann constant (1.3806 x 10723 J/K), and

unit charge (1.6022 x 10719 C).

11.5.1.1.a |-V characteristics of PV module

From eq. (I1.1) it is clearly apparent that the output voltage (V) of the PV module is highly
dependent on its output current (I). For the objective of analyzing this characteristics under different
conditions, a simulation model is developed under Matlab to evaluate the IV characteristics of JAP6-
72-320/4BB solar panel (Fig. 11.11). The parameters of this module are presented in Table I1.2.

The relationship between the output voltage (V) and output current (1) of a PV module is a critical
aspect of its performance, as indicated by eq. (I11.1). To thoroughly analyze these characteristics under
various conditions, a simulation model was developed using MATLAB to evaluate the |-V and P-V
characteristics of the JAP6-72-320/4BB solar panel (Fig. [l.11). The parameters of this PV module
are detailed in Table 1.2 . The equations governing the behavior of the photovoltaic (PV) module

are outlined in the following set of equations egs. (11.2) to (11.6), [1]:
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Pp\/(hOUI’) = /p\/ . VP\/ (||2)
q(Vev + /R5)> ]

lpv =Ny lop =Ny Is |lexp| ——= ] — 1 1.3
PV p Iph p s|: p( N.KAT, ( )

G
o = se + Ki (To = Tre)] - =— ; (11.4)

re

Reverse saturation current /,s and Saturation current /s is calculated by using egs. (11.5) and (I1.6):

/
e = = (I1.5)
exp (NZK,ZCTO> -1

(B () () e

Table 11.2: Photovoltaic Module Specifications

Parameter Symbol Value
Dimensions (LxWxH) - 1960x991x40[mmxmmxmm]
Maximum power at STC (P,,) P 320 W
Maximum power voltage (Vip) Vin 36.95V
Maximum power current (mp) Im 8.66 A

Open circuit voltage (Vo) Ve 46.19 V
Short-circuit current (/s¢) Isc 8.98 A

Total series cells Ns 72

Total parallel cells N, 1

Ideality factor of diode A 1.3

Cell short-circuit current temperature a 0.058%,/°C
coefficient of /s

Cell open-circuit voltage temperature co- 6] -0.330%/°C
efficient of V.

Reference temperature Trer 25 °C

Solar Irradiance Gref 1000 W/m? at STC

The impact of varying solar irradiance on the |-V and P-V characteristics of the PV module is

illustrated in Fig. I1.12. The intensity of irradiance was varied from 200 W/m2 to 1000 W/m2 while
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Figure 11.11: Solar PV module of JAP6-72-320/4BB/RE

maintaining a constant temperature of 25°C. It was observed that the current remains steady as
the voltage increases up to approximately 30 V, beyond which it begins to decrease. Additionally,
an increase in irradiance intensity results in a higher current, indicating that irradiance significantly
influences the short-circuit current. However, the open-circuit voltage remains relatively low, as shown
in Fig. 11.12. The maximum power output is clearly depicted in the power performance curves, where

an increase in solar irradiance leads to a corresponding increase in power generation by the PV module.

Temperature exerts a notable influence on the output performance of the PV solar module when
the irradiance intensity is held constant at IOOOV\//m2 . While the current exhibits only minor
variations as the temperature fluctuates from 10°C to 70°C, the voltage demonstrates a decreasing
trend in the |-V performance curve as the atmospheric temperature rises, as shown in Fig. 11.13 (right).
Consequently, the power output of the solar cell increases as the temperature decreases, as depicted
in Fig. 11.13 (left). This behavior highlights the inverse relationship between the temperature and the

performance of the solar cell.
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Figure 11.12: P=V(left) and I-V/(right) characteristics, varying solar radiation at constant temperature
of 25°C.
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Figure 11.13: P=V(left) and I-V(right) characteristics, varying temperature at constant solar radiation
of 1000 W/m?
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1.6.1.1.b PV power generated in the study region

Based on climate data presented in section 1.3, the power generated from one PV module of type

JAP6-72-320/4BB/RE is presented in Fig. I.14
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Figure 11.14: hourly (left), total monthly (right) of PV power production in the study region

Fig. 11.14 shows the hourly (left), total monthly (right) of PV power production in the study region
based on the actual climate data. From the figure, it is clear that the region presents a high capacity
of power generation from solar source especially in the summer season. However, the intermittent
behaviour and the unavailability of this source are clear. In this regard, a complement source/storage

become a necessity.

11.5.1.1.c PV module Parameters extraction using metaheuristic algorithm

The estimation of the PV module parameters is conducted using a metaheuristic algorithm based
on measured |-V curves. This research provides a unique approach that employs a GA and PSO
to find the characteristics of a solar panel. The major aim is to decrease the root mean square
error (RMSE) between the measured currents and the currents that are estimated using different cell
models presented in Fig. 11.10. From eq. (I1.1), /pp, /sssd,: Rs. Rsp, and A; are the parameters that

require estimation. These characteristics offer an accurate representation of the electrical behavior
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of the solar panel. The suggested approach is verified using experimental data that is gathered for a

single situation of solar irradiance.

Objective function The objective function to be optimized is the Root Mean Square Error
(RMSE) between the measured current /,es from lab bench PV module (from the literature) and the
estimated current from the 03 models developed above. The objective functions for the three models

are recapitulated in egs. (11.7) to (11.9).

Table 11.3: Objective function

Objective function ‘ Decision variables

RMSEl = Z,l'vzl(/mes(/)_ /1(X1)(/))2(”7) Xl = [/ph./SSderlvRSvRsh]T
RMSE,; = \/Z,Nzl (Imes(i) — 12(X2)(i))?(11.8) Xo = [Iph, Issd1, Issd2, A1, Az, Rs, Rsp]”
RMSE3 = \/Z,Nzl (/mes(i) - /3(X3)(i))2(||-9) X3 = [/phr /ssdlv /ssd2. /ssd3x Alv A2v A3: Rs: Rsh]T

The optimization problem is expressed as follow:
minimise RMSE(X)
subject to X

The upper and the lower bounds for the decision variable are presented in Table I1.4

Table I1.4: Lower and upper bounds for the decision variables

Parameter | Lower bound |  Upper bound |
Rs () 0.0 1.00
Raon (KQ) 0.10 10.00
Ion (A 36 6.00
Ios1 (WA 103 1000.00
) 103 1000.00
Ios3 (WA) 103 1000.00
Ap 1.00 3.00
Ao 1.00 3.00
As 1.00 3.00

Solution methods The minimization of the objective function is conducted using genetic algo-
rithm (GA) and Particle swarm optimization (PSO) algorithms. The flow chart of the optimization
process for GA is presented in Fig. 11.16 [206], whereas the flowchart for the PSO algorithm is pre-

sented in Fig. 11.15 [206].

Parameters extraction results and discussions The optimization process for each model and

for each algorithm has been run 50 times in order to get a statistical behavior of both optimization
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Figure 11.15: PSO Flowchart Figure 11.16: GA Flowchart

techniques when applied to each model. Best, worst, mean and standard deviation for RMSE and

elapsed time are recorded and presented in Table II.5.

Table I1.5: Recapitulation of results after 50 optimization runs

GA PSO
SDM DDM TDM SDM | DDM | TDM
R.(Q) 0.0145 | 0.0394 0.3856 | 0.4421
Ron(kQ) 9.3665 | 6.1465 10.00 | 1.49
Ion(A) 3.0066 | 3.8720 | 3.9073 | 3.8432 | 3.8478 | 3.8439
les1(LA) 33.0680 | 10.8185 | 10.1159 | 0.2660 | 0.0030 | 0.2709
leso(WA) - 122589 | 0.2324 - 0.2631 | 0.4262
less(LA) - - 278.8820 - - 0.1296
A 1.7099 | 1.5689 | 1.5592 | 1.2129 | 1.00 | 1.2143
Ay - 2.0047 | 1.8124 - 1.2491 | 2.7581
As - - 2.9807 - - 2.8257
best | 54881 | 3.9114 | 4.9377 | 1.0164 | 0.7895 | 0.9356
RMSE(%) | oSt | 208571 | 20,0861 | 17.9127 | 56024 | 6.7600 | 5.0558
mean | 14.1685 | 12.2437 | 10.8767 | 2.0549 | 1.7738 | 1.9830
std | 3.9678 | 3.6492 | 3.8247 | 0.9871 | 0.9357 | 0.9524
best | 0.8650 | 83.6727 | 130.6713 | 0.4837 | 94.78 | 76.8896
Time(s) | VoSt | 93010 | 11512 | 17320 | 16.5804 | 2636.7 | 19875
mean | 1.9384 | 254.6078 | 431.317 | 6.0922 | 938.22 | 719.6401
std | 1.8298 | 232.8563 | 305.1968 | 3.6855 | 562.85 | 424.1028

Another insightful information after 50 runs of the optimization algorithms are presented in
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Fig. 11.17, this presentation shows that PSO surpass the GA in getting lower RMSE, when it comes to

duration of the optimization process GA can give an acceptable results (RMSE < 5%) with minimum

time.
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Figure 11.17: 50 runs solutions

The comparison between the estimated and the measured current for each case is presented in

Fig. 11.18
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Figure 11.18: measured and estimated currents
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Figure 11.17 shows that PSO surpass the GA in minimizing RMSE, the run time of the GA
optimization process is acceptable when minimum (RMSE{5%) is considered.

Additinally, figure I1.18 presents a comparison between measured and estimated IV-curves, with an
outcomes as follows: 5.49% (GA) and 1.02% (PSO) for the SDM, 3.91% (GA) and 0.79% (PSO)
for the second model, and 4.94% (GA) and 0.94% (PSO) for the third model. The results show that
the DDM using the PSO approach obtained greater accuracy in parameter extraction for PV module
modelling. This is demonstrated by the average deviation of the estimated values from the actual

measured values, confirming the efficiency of the method.

1.L5.1.2 Wind Turbine (WT) power modeling

Given the wind potential in the study region, the power generated by the wind turbine is calculated

using eq. (11.10) [69]

1
Py (hour) = 5 X px Cwr X Ax V:3(hour) (11.10)

Cwr is the power coefficient of the wind turbine, p is the air density (kg.m~3), and V,, is the

instantaneous wind speed (m/s).

In the literature, the developed mathematical models for estimating wind energy power are highly
dependent on wind velocity due to its significant variability compared to air density. In the optimization
of HRES sizing, eq. (11.11) is widely used for estimating wind energy production, highlighting the

critical role of wind velocity in the power output of wind turbines [137, 160, 207—209].

0, if Viw (t) < Veut—in of Viw (t) > Veut—orr
Pur (D) = ¢ P (20 ) i Voo < (1) < (11.11)
P, if V. < VW(t) < Veut—off

Since the meteorological data for wind velocity is measured at a height of 10m, which is different
from the wind turbine hub altitude, Equation 11.12 [210] yields the wind velocity at turbine hub height,
where H is the wind turbine hub altitude (m), V., is the reference velocity (m/s) at a reference height

H:er (M), and a is the Hellman coefficient.
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H a
VWH = VWref (/_/ef_> (”12)
r

The Hellman exponent o, which is influenced by the coastline, the form of the ground'’s topography,
and the air's stability, is 0.6 for this kind of terrain in stable air above populated regions [69, 211].

For the optimal selection of the wind turbine to be utilized in our study system, two different models
were chosen and analyzed. These models were evaluated based on their operational ranges, specifically
the cut-in speed (Ve,¢—in ), cut-off speed (, Viut—orr ) . and rated speed (V,). The parameters of
these wind turbine models are presented in Table 1.4 [212]. Figs. 11.19 and 11.20 illustrate the wind
velocity histogram and the Weibull distribution fit curve for the selected area, considering the hub
height. The Weibull distribution factor provides a measure of the distribution of wind speeds over the
course of a year. It is evident from this figure that the majority of wind velocities fall within the range
of 5 to 13 m/s. Based on these parameters, Model 1, with a rated speed of 8.5 m/s, was selected

as the most suitable option for this study.

Table I1.6: WT chosen models for the system study

Parameter Model 1 [ 7] Model 2: Bergey Wind Power’s
BWC Excel-R/48 [ "]

Rated capacity, P, (kW) 20 7.5

Cut-in speed, Veye_in (m.s™?) 2.75 3.1

Rated speed, V, (m.s™1) 8.5 13.8

Cut-out speed, Voyt_orr (M.s™t) | 20 15.6

Hub height, H (m) 36 18

Capital Cost ($) 50 000 19 400

The power generated by WT (model 1) based on the wind speed of the selected study area is

presented in Fig. I1.21.

11.56.1.3 Gas turbine modeling

In the reference system (Case Study 1 in Table 11.1) and HRES Case Studies 6 to 10 (Table II.1),
Gas Turbines (GT) are integral components. To accurately model the fuel consumption of these
turbines, a fuel consumption curve is utilized. In practice, the fuel consumption of a GT can be
divided into two components: one component is associated with the rated power and accounts for
the fuel consumed by cooling systems and auxiliary equipment, which remains constant regardless of
the generator's output power. The second component of fuel consumption is directly related to the

operational power output, varying in correlation with the actual operating power of the generator.
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Figure 11.21: Output power generated by WT (model 1) based on the wind speed at Hub height

eq. (11.13) is used to determine the fuel consumption of the GT:

fcer(t) = i X Prgr + f2 X Pt (t) (11.13)

Where f; (m3h~t kW™1) and £, (m3h~1.kW™1) are the fuel curve intercept coefficient and the
slope, respectively. P,g+ and Psr(t) are the rated power and the hourly power generation of the
MGT generator, respectively. All GT system parameters are presented in Table I1.7.

The efficiency of the Gas Turbine (GT) can be calculated using the Higher Heating Value of
Natural Gas (HHV ), as described in eq. (I11.14). Fig. 11.22 illustrates the relationship between
efficiency and power output for the GT. From this curve, it is evident that the GT operates more
efficiently when it is closer to its rated power. This emphasizes the importance of optimizing the
GT's operational strategy to maintain performance near its rated capacity, thereby maximizing fuel

efficiency and minimizing operational costs.

Pt (t)
fCGT( ) X HHVNG

neT(t) = (11.14)
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Table 11.7: GT system parameters

Parameter Value

Rated Power P,g1 (kW) 20 000
Fuel curve intercept coefficient f1 0.05
(m3h~t.kw™1)
Fuel curve slope f; (m3h~t.kw™1) 0.29
Higher Heating Value of Natural Gas HHVyg 32.5
(MJ/m?)
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Figure 11.22: Efficiency vs power curve for GT

11.L5.2 Storage modeling

The storage system plays a critical role in balancing the energy generated from sources with the power

demand from varying loads. At any given time, t during the evaluation of the HRES, the storage

system may either be charged or discharged, depending on the power difference between generation

and consumption. Based on the system configurations presented in Table 1, two types of storage

systems are considered in this study: BES and Hydrogen-based Energy Storage (HES). These storage

systems are integral to ensuring the stability and reliability of the HRES by managing the intermittency

of renewable energy sources and the stochastic nature of load demands.
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11.5.2.1 Battery Energy Storage (BES) modeling

BES systems utilize electrochemical conversion to store electrical energy during periods of surplus
generation by converting it into chemical energy. During periods of energy deficit, when generation
cannot meet consumption, the stored chemical energy is converted back into electrical energy to
supply the load. Two critical parameters that must be considered during the modeling process are the
actual BES capacity Cges(t) and the State of Charge SoC(t). These parameters can be determined
using eq. (11.15), which calculate the BES capacity and state of charge based on the charging and
discharging energy at each time step and the previous BES capacity Cges (t — 1). These equations

are fundamental for accurately modeling the performance and behavior of the BES system over time.

Coes(t) = Caes(t — At) x (1 — opes) + CEEE(t) — CEES™ (1) (11.15)

oges Is the parameter that quantifies the self-discharge of BES during time and is expressed as
a percentage of capacity per time step ( in this study oggs = 5.7870 - 107°%/hour which means a
50% self discharge each year. CE#L(t) and CZES"" (t) are the charging and discharging capacities at

time t, and are expressed by egs. (11.16) and (11.17):

CEES(t) = mEEs x PEEE(t) x At (11.16)
; Pdischar(t)
CEeer (1) = ié}}_j x At (1117)

Where PSIL(t) and P3Echar(t) are the BES charging and discharging power at time t. ng% and
ngiggh"’r are the charging and discharging efficiencies of the BES system. At is the time step size; in

our case, for hourly simulation, At = 1 hour.

To ensure the physical feasibility of the storage system, the state of the BES must always remain
within a specific range. This range is defined by the maximum capacity (Cges_max) and minimum
capacity (Cges—min) of the BES. Typically, Cges_max represents the nominal capacity of the entire

BES system, which can be expressed using the following equation (eq. (11.18)):
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CBES—max = NBat X CBat—nom (”18)

Where Ng,; is the total number of battery accumulators in the BES system, and Cgat—nom IS the

nominal capacity of a single battery accumulator.

Cges—min < Cpes(t) < CaEs—max (11.19)

The condition in eq. (11.19) is crucial for defining the upper limit of the storage system'’s capacity,
ensuring that the BES operates within safe and efficient parameters throughout its use.

The State of Charge (SoC) of the BES system can be expressed as the percentage of the available
capacity Cges(t) relative to the maximum allowed capacity Cges_max. It is essential that the SoC
remains within specified upper and lower limits to ensure the safe and efficient operation of the BES.

The SoC and its limit conditions can be mathematically expressed as follows:

SoC(t) = Cpes(t)

= 11.20
CBES—maX ( )

S0Cmin < SoC(t) < SoCpax (11.21)

This SoC must satisfy the following conditions:

Where SoCpin and SoCp,ax represent the minimum and maximum allowable state of charge,
respectively. These conditions ensure that the battery operates within a safe range, preventing over-
charging or deep discharging, which can affect the battery’s lifespan and performance.

Another important parameter is the Depth of Discharge (DoD) of the BES system. The DoD is
defined as the maximum allowable State of Charge (SoC) that can be utilized during the discharge
process, as described in eq. (11.22). This parameter is significant because it directly impacts the
number of charge-discharge cycles the battery can undergo, thereby influencing the overall health
and lifespan of the battery. Proper management of the DoD is essential to ensure the longevity and

efficiency of the BES system within the HRES.
DoD = SoCax — S0Chin (11.22)
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Equation eq. (11.22) can be used to determine the values of SoCpax, SOCmin, and Cges—min, and

these parameters are calculated as follows egs. (11.23) to (I1.25):

Cges—
SOCpax = 253" _ (11.23)
CBEsfmax
SoCpmin=1—-DoD (11.24)
CBES—min = SOCmin X CBES—max = (]- - DOD) X CBES—max (”25)

The data used for the BES modelling are presented in Table C.1.

11.5.2.2 Hydrogen-based Energy Storage (HES)

The Hydrogen-based Energy Storage (HES) system is considered in several case studies (specifically,
cases 2 and 4-10 in Table I1.1). Like the BES system, the primary objective of the HES is to mitigate
the intermittency of renewable energy generation and the variability of energy consumption. However,
unlike BES, HES relies on the chemical conversion of energy between electricity and hydrogen. The
HES process involves generating hydrogen (H») through water electrolysis during periods of surplus
energy generation. The stored hydrogen can then be converted back into electrical energy as needed
through the reverse process, utilizing a Fuel Cell (FC). One of the key advantages of HES is its lack
of self-discharge over time, making it a promising option for renewable energy storage. However,
it is important to note that the round-trip (charge-discharge) efficiency of HES is generally lower
compared to BES. As outlined in section 11.2.2, the HES system comprises Electrolyzers (EL), Fuel
Cells (FC), and Hydrogen Storage Tanks (ST). The detailed modeling of these components will be

presented in the subsequent sections.

11.L6.2.2.a Electrolyzer modeling

In an off-grid, PV-dominant hybrid renewable energy system for Southern Algeria, PEM electrolyz-
ers are preferable over alkaline and SOEC electrolyzers. With a more satisfactory dynamic response,
they are better able to respond to unexpected shifts in the availability of renewable energy, allow
optimal utilization, and minimize downtime—vital as the latter is based on renewable sources which

have intermittent characteristics. Additionally, their small size makes them ideally adapted to rural
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locations with limited space compared to larger alternatives. PEM electrolyzers also have the ability
to generate high-purity hydrogen, which reduces the need for large-scale post-processing, hence being
particularly useful in the oil and gas industry. Furthermore, the ability to operate effectively without
a continuous grid supply means that they are ideally suited for the handling of renewable energy

variability, further supporting their use for this project[213].

A PEM electrolyzer cell schematic diagram is shown in Fig. [1.23 . The PEM electrolyzers uses
typically a solid electrolyte to conduct H™ ions. The overall chemical reaction mechanism the in-
colves PEM electrolyzer are presented in eq. (11.26). The performance of the electrolyzer is typically
characterized by its current—voltage (I-V) characteristic curve, which is obtained from experimental
measurements. The modeling of a PEM electrolyzer can be approached both non-linearly and linearly,
with the resulting models being well-suited to curve-fitting based on experimental data. This mod-
eling approach ensures accurate representation of the electrolyzers behavior under various operating

conditions.

Anode:  2H,O = Oy +4HT + 4e™
(11.26)

Cathode: AHY + 4= = 2H,

Proton Exchange Membrane

DC generator

de

0, + 4H; 2H

2

Anode Cathode

2H,0 4H-

electrode
electrode

Anode: 2H,0 «» O_+4H*+4e"
Cathode: 4H*+4e” «» 2H,

Figure 11.23: PEM electrolyzer schematic diagram

The amount of hydrogen produced (myo (t) [kg/h]), through water electrolysis depends on the

current that passes through it based on the first Law of Faraday [214].
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lec(t)

Z—7 X My, x 3600 (1.27)

My, (t) = MF X ne X

Where /g, (t) is the current supplied to the electrolyzer (in A). The parameters presented in eq. (11.27)

are described in Table I1.8.

Table 11.8: Parameters for electrolyzer model

Parameter (unit) ‘ Description (value)

ne (%) The Faraday efficiency, typically equal to 97% [215]

ne (-) The number of PEM electrolyzer cell stacks

R (J-mol~t-K=1) | The gas constant, 8.314 J-mol~1.K~!

F (C-mol™) The Faraday constant, 96 485 C/mol

Z (-) The excess number of electrons, which is 2 for hydrogen

I-V characteristic of PEM electrolyzer To accurately predict the amount of hydrogen pro-
duced by the electrolyzer, it is essential to determine the Current-Voltage (I-V) characteristics of the
electrolyzer cell, as described in eq. (11.27). The I-V relationship is crucial for calculating the cell's
current and voltage, which are key factors in hydrogen production. The |-V characteristics of the
electrolyzer are represented by a highly non-linear model, expressed by eq. (11.28) [216, 217]. The
coefficients in this model can be estimated through curve fitting techniques based on experimental
data, allowing the model to closely match the actual performance of the electrolyzer under various

operational conditions.

tr t3
rn+nrT, hta,+3
Ve/e(t) = Vhernst + ! A f cle X /EL(t) + (51 + 5 Tere + 53Te2/e) x |Og ( AI/ = X /EL(t) +1
ele ele

(11.28)

ri, s;, and t; are the model parameters to be determined by curve fitting based on experimental |-V
data (see Table B.1. Viie(t), Viernst, Tere, and Aeje denote the operation and Nernst voltages (V),
the operating temperature (°C), and the electrode area (m?2), respectively.

The Nernst voltage depends on the temperature and pressure of the anode and cathode and can

be calculated using egs. (11.29) to (I1.31) [216].

Visernst = 1.229 — 0.85 x 1073 x (Toje — 25) + 4.3085 x 1075 x (Tese + 273.15) x log (PH2 X w//302)

(11.29)
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0.5 x RH, x P, .
Py, = a 7 [ H20s o — 1 (11.30)
PH204 ¢ 1'635X( Aele )
RHa X Panode X eXp (Te/e+273-15)1'334
0.5 x RH P
Po, = X e X TH20u (11.31)

£, () -
P 4.192x ( EL
(RHC X Hzosat) X eXp ( ( Aele )

Pcarhode (Tels+273<15)1 334

The evolution of the cell I-V characteristic of PEM electrolyzer is presented in Fig. |1.24.

32 1100

Electrolyzer Voltage Vele(t)(V)

25\ | | | | | \0

20 40 60 80 100 120 140
Electrolyzer current IEL(t)(A)

Figure 11.24: PEM electrolyzer characteristics

Efficiency and Faraday Efficiency of PEM Electrolyzer The final step in electrolyzer modeling
involves evaluating the efficiency of the device. Typically, the efficiency of an electrolyzer is defined as
the ratio of the energy produced to the energy consumed. The produced energy is derived from the
higher heating value (HHV) of the hydrogen generated, while the consumed energy is the electrical
energy required for the electrolysis process. This efficiency metric is crucial for assessing the overall
performance and viability of the electrolyzer within the energy storage system. The interpolated
current—voltage (I-V) characteristic driven from the model represented by eq. (11.29) and visually
depicted in Fig. 11.24 as presented by [1, 216]. Before calculating the hydrogen production using

eq. (I1.27), it is necessary to estimate the Faraday efficiency ng. As indicated in Table 11.8, the

7
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typical value of ng is approximately 97% [215]. However, it is important to note that the Faraday
efficiency is significantly influenced by the operating temperature of the electrolyzer. This temperature

dependency can be expressed mathematically in eq. (11.32) [217].

By + B3 X Teje + B % Te2/e i Bs + Bg X Teje + By X Te2/e (11.32)
(m(t)) (/EL(t>)2 '
Ae/e H

Where B; = [99.5, —9.5788, —.0555, 0, 1502.7083, —70.8005, 0]; for i = 1,2, ...., 7

NF = By X exp

The efficiency of the electrolyzer ng, is than calculated using the HHVy, = 39.39 kWh/kg, is

expressed in eq. (11.33):

th2(t) x At
= —— x HH Il
MEL PeL (D) X HHV, (11.33)

11.5.2.2.b  Fuel Cell modeling

As mentioned in the previous section, the Fuel Cell (FC) operates in a manner that is the reverse
of the electrolyzer (EL). The Fuel Cell is activated when there is a deficit in generation relative to
load demand, allowing it to convert stored hydrogen back into electricity. However, the operation of
the FC is dependent on the availability of sufficient hydrogen in the Hydrogen Storage Tank (ST).
In this study, a Proton Exchange Membrane Fuel Cell (PEMFC) is utilized. The schematic of the
PEMFC, as described by [218] , is presented in Fig. [1.25. The semi-empirical mathematical model
for this equipment is described by the following paragraphs. The output voltage of a single PEMFC
typically ranges from 0.9 to 1.23V, excluding entropy and irreversibility losses. To achieve a higher
voltage, multiple cells are connected in series. On a standard current-voltage polarization curve for
a PEMFC, the voltage initially drops sharply due to activation losses, then decreases more gradually
and linearly because of Ohmic resistance. At high load conditions, the voltage declines more rapidly
again, driven by diffusion over-potential. The total output voltage of a PEMFC stack is calculated

using eq. (11.34) [218].

VFC(t) = Ngpe X (Vrev,fc — Vact,fc — VYohm,fc — con,fc) (”-34)
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Figure 11.25: PEM fuel cell Schematic

ne,, is the number of cells connected in series for the FC stuck and Vie,, Vact, Vorm and Vo
are open circuit voltage, voltage drop due to activation over potential, voltage drop due to ohmic
loss over cell and the connection over-potential drop per cell. These voltages are calculated using

egs. (11.35) to (11.42) [218].

Viey fe = 1.229 — 0.85 x 1073 x (Trc — 298.25) + 4.3085 x 1075 x Tre x In (PH2 x \/Poz)

(11.35)

_ RHaPu,o0 1
Pr, = 2 RHa-Py,0 1.635/; /A 1
P &XP 713
— 1
Po, = RHc - Pu,o RAc 0 o -1
P &XP T3

Pr,0 = 2.95-1072(T¢c — 273.15) — 9.18 - 107°5(T¢. — 273.15)2 + 1.44 - 10~/ (T, — 273.15)3 — 2.18

(11.36)
Vact,fc = — [51 + £2ch + €3ch |n(COZ) + £4ch |n(/fc)] (”37)
€, =286-10242-10"%In(Arc) +4.3 x 107°In(Ch,) (11.38)
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P
Co. = saic " &P (L;&) (11.39)
N ) .
Ch, = 1.09H-2106 - EXp (%)
oml!
Vohm,fc = /fc (Rm+Rc); Rm: % (||.40)
l¢c Tre \2 (e 25
e [1+0.03 (%) +0.062 (F5)° (%) o
m — .
{A —0.634—3 (j(; } exp (4.18 : Tf%fo’i)
Imax — J
Veon = —B - log (mjx) (11.42)
max

Since the working principal of fuel cell is similar to the electrolyzer, and in order to evaluate the |-V
curve and efficiency of fuel cell, eq. (11.43): can be used. The hydrogen consumption of the fuel cell

can be calculated using the Faraday law as expressed in eq. (I1.44) [218]:

. Ppc(t)
"7 i (6) - HHV (143)
. /fc(t)
m/—/z(t) = ncfc . m . M,L/2 . 3600 [kg/h] (”44)

Figure 11.26 presents the |-V characteristics as well as the efficiency of FC based on the parameters

presented in Table I1.9.

Table 11.9: FC Parameters

Parameter (value) Description

Ne,. = 14 Number of cells connected in series
Afe = 300 cm? Cell Area

Pr;. = 4.5 kW Rated power of FC

RH,=1,RH. =1 Relative humidity (anode/cathode)
Mhydrogen = 2.01588 x 1072 kg/mol | Molar mass of hydrogen

Tre = 35°C Fuel cell operating temperature

£ =108 x 1074 Empirical coefficient
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Figure 11.26: PEM fuel cell Schematic

11.5.2.2.c Hydrogen storage tank (ST) modeling

The hydrogen tank is used to balance hydrogen production-consumption during the function of
EL and FC. In our study we consider medium pressure hydrogen tank as a storage mean for hydrogen
production/consumption. The Quantity of Hydrogen Qu, (t)[kg], available in the tank at time t
depends on the previous quantity Qo (t — At) and the amount of hydrogen produced/consumed by
EL/ FC respectively. This quantity is expressed by expressed using the mass conservation principal

(eq. (11.45)):

MH2, oguced if Excess of production (Eq. eq. (11.27))
Qua2(t) = Quo(t — At) + At - (11.45)

—MH2.0emes 1T Lack of production (Eq. eq. (11.44))

11.5.3 Economic modeling of HRES

In this study, the economic performance is evaluated using the COE metric. This indicator is calculated
by taking the ratio of the annualized cost of the system (ACS) to the total annual energy production

(TAEP) generated by the proposed system (eq. (11.46)), ensuring that the electrical load demand is
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consistently met [1, 35].
The annual cost of the system (ACS) as expressed in eq. (11.47) encompasses the capital expen-
diture (CAPEX), replacement costs, and operation and maintenance expenses (OPEX), all of which

are converted into their respective annual values:

ACS
COE = TAEP (11.46)
ACS = Cacap + Carep + Caoem (11.47)

Where Cacap, Carep, Caom represent the annual capital cost, replacement cost, and operation and
maintenance cost, respectively. The capital cost is converted to its annual value using the Capital
Recovery Factor (CRF). The CRF is a ratio used in determining the present value of a series of equiv-

alent annual cash flows. The conversion between annual and total costs is expressed in eq. (11.48))

[1]:

Cacap = CRF -CAPEX and Caoem = CRF-OPEX (11.48)

a4y
CRF = 24

Where Nsys is the lifespan of the system (in years), and «y is the actual interest rate and it can be

determined using the formula in eq. (11.49):

(11.49)

In eq. (11.49), i and f represent the nominal interest rate and the inflation rate, respectively.
Similarly, to convert the replacement cost into its annual value, the Sinking Fund Factor (SFF)

is used, which is calculated using the actual interest rate v and equipment lifetime LT (in years)
(eq. (11.50)):
SFF — v (11.50)

(1+m -1

The total replacement cost of each component (T C,.p) is then converted to its annual value (Cayep))

using the eq. (11.51):
Carep =SFF-TCrep (11.51)
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11.5.3.1 BES life estimation

A specific economic model for the annual replacement cost of the BES (Carep—ges). In fact, as
stated in section 11.5.2.1 (eq. (11.22)), the lifetime of batteries expressed as the total cycle to failure
and is highly dependent to the DoD (eq. (11.52)) as shown in Fig. [1.27 [219]. The actual lifetime of

the BES is expressed in eq. (11.52))

BESycie-to-faiure = 1188.32 x (log(DoD))? — 11123.09 x log(DoD) + 27158.74 (11.52)

8000 o 0 measured 1
——estimated (datafit)

(@]
o
o
o

4000 r

Cycle to failure

2000 r

20 40 60 80
DoD(%)

Figure 11.27: Battery cycle life (cycles to failure) vs. depth of discharge (DOD).

The BES manufacturer provides in their datasheet, the total cycle that BES can reach during its
life span BEScycle tor, to estimate the BES lifetime in years eq. (11.52)) is used and the total cycle

provided by the manufacturer using eq. (11.53)):

B Escycle—to—failure

BEScyae(1 year) (11.53)

BESLifetime(yearS) =

11.5.3.2 Fuel cost of gas turbine

Another specific parameter that has to be taken into account is the (Cagm—g7), this cost must include

the fuel consumption during the year [1]. The fuel consumption as stated in [1] is calculated using

83



84 [1.5. HYBRID RENEWABLE ENERGY SYSTEM (HRES) MODELING

eq. (11.54) based on the NG fuel consumption fcgr given by eq. (11.13) in section 11.5.1.3:

t=8760h

GThercost($/year) = > (fcer(t) x NGp) x At (11.54)
t=1h

Where NG, is the local price for the natural gas (NG). The inclusion of fuel consumption will

contribute to the overall operating and maintenance expenses associated with the use of gas turbines

11.L5.4 Environmental modeling of HRES

The reference base system (Case Study 1 in in Table I1.1), as well as other case studies presented in
Table 1.1, include Gas Turbines (GT) as a component of their energy sources. During the operation
of the GT, emissions of greenhouse gases (GHGs) occur, including carbon monoxide (CO), carbon
dioxide (CO2), and other GHGs. The assessment of GHG emissions from the gas turbine can be
carried out using the Carbon Dioxide Emission (CDE) factor. This factor can be determined using

the calculation provided in eq. (11.55) [1]:

t=8760h

CDE (kgCOyeq/year) = Y (Fcar(t) X Aco,ng) X At (11.55)
t=1h

where Aco, nG (kgCOseq/m3) represents the emission conversion factor of natural gas. This
evaluation is crucial for understanding the environmental impact of the gas turbine within the overall

energy system and for comparing the effectiveness of different case studies in reducing GHG emissions.

11.5.5 Social parameters modeling of HRES

One of the significant advantages of Hybrid Renewable Energy Systems (HRES) is their substantial
contribution to the social development of society. The implementation of HRES aligns with both
national and global policies and objectives for sustainable development. These objectives often include
reducing the environmental impact on society and promoting the growth of industries with lower
environmental footprints. In the literature, key parameters such as job creation (JC), the Human
Development Index (HDI), and the Renewable Fraction (RF) are frequently used to assess the social
impact of HRES. These metrics help quantify the broader societal benefits of transitioning to cleaner
energy systems, demonstrating how HRES can contribute to both environmental sustainability and

social progress [1, 35, 160].
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The Renewable fraction is the fraction of the total yearly renewable energy supplied to the load
to the total yearly load. The RF describes the limit of power supply as compared to non-renewable

energy source to renewable energy source. The RF is given by eq. (11.56):

(X Psr(t)
RE= (1 Z'DLoad(t)> (”.56)

The RF = 0, means that a full NG-based system , contrary , a RF = 1 means a full renewable energy

based system.

1.6 Hybrid Renewable Energy System (HRES) optimal sizing

After completing a comprehensive modeling process for all HRES components, an optimal sizing
procedure is essential to determine the best capacities and configurations that minimize or maximize
the considered objective functions while adhering to operational constraints. The optimization process
involves defining the decision variables, objective functions, and constraints, as well as selecting
the appropriate solution methods to address the problem. Additionally, the energy management
strategy plays a critical role during optimization. As outlined in section I1.2, this process is guided
by a predefined rule-based Energy Management Strategy (EMS), which significantly influences the
operational outcomes. The adopted EMS is utilized to calculate the outputs of the objective functions
and constraints based on the given inputs (decision variables). Given that this study addresses multiple
objective functions with various constraints, the optimization process is formulated as a multi-objective
constrained optimization problem, which can be expressed by eq. (11.57):
minimize,/maximize {OFi(x)}

(11.57)
x €R Conj(x) <G

where x represents the decision variable vector, R denotes the decision space of x, OF;(x) is the
i-th objective function, Con,(x) is the j-th constraint, and C; is the limit for the j-th constraint.

Here, i = 1,2,..., nor and j =1,2,..., Mcon, Where nor and mco, represent the number of
objective functions and the number of constraints, respectively. This formulation ensures that the

optimization process systematically addresses all relevant factors, leading to a solution that balances

multiple objectives within the defined constraints.
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11.6.1 Decision variables

The reference system, which relies solely on the Gas Turbine (GT) for energy generation, is not
included in the optimization process. Since the GT is the only energy source in this system, there
is only one configuration that ensures power reliability and meets the load demand, leaving no room
for optimization. However, to diversify power sources and capitalize on the lower costs and abundant
availability of renewable energy (RE) resources in the study region, RE sources are integrated into
the system. The capacities of these sources—specifically, the number of PV panels (Npy) and the
number of wind turbines (Ny,7) will be optimized to attain a balance between initial costs and the
required GT capacity.

Furthermore, to address the intermittency of RE sources and the stochastic and unpredictable
nature of load demand, the capacities of the BES system (Nggs) and the HES system (the number
of electrolyzers, fuel cells and hydrogen tanks, Ng;, Nec and Nst) will be adjusted accordingly.
This adjustment is necessary to ensure that the system can effectively manage the variability of both

generation and consumption.

Additionally, the initial energy quantities present in the storage systems significantly influence the
system's performance. These initial amounts are crucial for balancing any shortfall or unavailability
of renewable energy sources during the initial hours of the simulation. It is important to note that
the simulation begins at 00:00 on January 1st of the studied year. During the first approximately
eight hours, solar energy is unavailable. During this period, the initial energy levels in the storage
systems—represented by (Cges—init = Cges (t = 1h), and Qu,—init = Qu, (t = 1h)) play a critical
role and are treated as decision variables in the optimization process. Therefore, the global decision

variable is defined in eq. (11.58) :

x = [Nev, Nwr, Ngat, Neo, Nec, Nst, Not, Cees—initv Q@Ho—init, Do) (1.58)

11.6.2 Objective functions (OFs)

To compare the studied systems in terms of their techno-economic, environmental, and social per-
formances, this study focuses on techno-economic and environmental objective functions. Although
social performance indicators are crucial, they are not included in the optimization process to avoid

overburdening the computational effort. However, these social indicators will be evaluated separately
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for each system to assess the social impact of the different configurations.

11.6.2.1 Technical objective function

In this study, LPSP is considered the primary objective function. It serves as a critical metric for
assessing the reliability of the energy system. The LPSP is defined as the proportion of time during
which the system fails to meet the load demand due to insufficient power availability. The objective
is to minimize the LPSP, thereby maximizing the system’s reliability. The LPSP is mathematically

expressed as follows in eq. (I1.59):

t=8760h

OF — 1 PSP i—1n Power failure time (Prps(t) > 0)
1 = =

Total time = 8760

[%] (11.59)

Where P ps (t) (eq. (11.60)) is the loss of power supply or the unmet load, Psyppiied (t) is the supplied

power and P .4 (t) is the load demand at time t.

'DLPS(t) = 'DLoad(t) - Psupp/ied(t) (”-60)

In addition to LPSP, the Excess Energy (EE) factor is another technical metric evaluated for each
configuration. EE measures the renewable energy that is generated but not consumed by the load
due to an excess in generation capacity. The percentage of excess energy, which originates from

renewable sources, is calculated using eq. (11.61):

EE — Zngza)h PE,DS(t) X At

= (11.61)
EL?ZG% PLoad(t) x At

Whereas Peps(t) represents the Excess of power supply generated and not consumed by the load.

11.6.2.2 Economic objective function

The second objective function, eq. (11.62), to be considered in this study is the economic objective
function. COE is chosen to the metric to be minimized by optimization process. The COE is

expressed by eq. (I1.46) presented in section 11.5.3.

OF, = COE [$/kWh] (11.62)
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11.6.2.3 Environmental objective function

The third objective function in this study, eq. (11.63), is to minimize the Carbon Dioxide Emission
(CDE) factor, which is used to assess the environmental impact of the energy system. The CDE

factor is mathematically expressed by eq. (11.55), as detailed in section 11.5.4:

OF3 = CDE [kgCOy,,/year] (11.63)

11.6.3 Constraints

Technical constraints are essential to include in the optimization process to ensure that the proposed
system is logically and technically sound. The optimization must satisfy all these constraints to provide
a feasible solution.

The first constraints are the linear inequality related to the initial energy quantities present in the
storage systems, which must not exceed the total nominal capacities. This is represented by the

following inequalities (egs. (11.64) and (11.65)):

CBES—inft < NBat X CBat—nom - X(8) - X(3) X CBat—nom < 0 (“64)

QHo—init < NsT X Qs7—nom = X(9) —X(6) X QsT—nom < 0 (11.65)

Where Cpgat—nom and Qst—_nom are nominal capacity of a single battery accumulator in (kWh) ,
and the nominal capacity of one H, storage tank in (kg) respectvely.

Additionally, it is crucial to maintain the energy levels within the storage system throughout its
operational lifespan. Specifically, the amount of energy remaining in the storage system at the end of
the year must be equal to or greater than the energy level at the beginning of the year. This ensures
that the leftover energy can serve as the starting point for the subsequent year. If this condition is
not met, an external energy source, such as additional hydrogen or battery recharging, will be required
annually to reset the system to its initial state. These constraints are mathematically expressed in

egs. (11.66) and (11.67).
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Qpu2 (hour = 8760) — Quo (hour=1) >0 = x(9) — Qu2 (hour = 8760) <0 (11.66)

Cses (hOUI’ = 8760) — Cges (hOUI’ = 1) >0 = X(S) — Cges (hOUF = 8760) <0 (||.67)

1.6.4 Energy management strategy (EMS)

In our study, to prioritize the use of renewable energy sources, these are designated as the primary
means of meeting the load demand. However, given the inherent intermittency and unpredictability
of renewable sources—compounded by the stochastic nature of the load—BES and/or HES systems
are incorporated into the system configurations to balance these fluctuations.

Specifically, in case studies 4, 5, 9, and 10 (as outlined in Table II.1), both BES and HES coexist.
In these scenarios, one storage system is prioritized during the charging and discharging processes. The
prioritized storage system, designated as the " primary” storage, serves the short-term role (handling
hourly charge/discharge cycles), while the secondary storage system operates in a long-term capacity
(managing daily charge/discharge cycles). This approach allows for a detailed investigation of how
each storage system performs when assigned to short-term versus long-term energy balancing tasks.

Finally, if the power generated by renewable energy sources and the storage systems cannot meet
the load demand, the Gas Turbine (GT) will be activated (if included in the system configuration
under study). If GT is not part of the configuration, the LPSP will appear. The EMS flowcharts

illustrating these processes are presented in Figs. 11.28 and 11.29 [115].
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Figure 11.28: EMS for case studies 4 and 9
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11.6.5 Solution method

In the context of optimizing multi-objective problems, it is possible to optimize each objective function
independently. However, finding a solution that satisfactorily meets all objectives simultaneously
can be challenging, especially when these objectives conflict with one another. In multi-objective
optimization (MOQ) problems, the solution is often not unique; instead, a set of optimal solutions,
known as Pareto-optimal solutions or non-inferior solutions, is identified. A solution is considered
Pareto-optimal or non-dominated if there is no other feasible solution that can improve one objective
without degrading at least one other objective.

In this study, to efficiently solve the MOO problem, three optimization algorithms are employed:
the Non-Dominated Sorting Genetic Algorithm-II (NSGA-II) [220, 221], Multi-Objective Particle
Swarm Optimization (MOPSO) [222, 223], and Fick's Law Optimization Algorithm (FLA) [1].

Additionally, the Pareto curve provides a comprehensive overview and exploration of the various
trade-offs between objective functions, offering multiple options for implementing the optimal con-
figuration. Given the conflicting nature of the selected objective functions (LPSP, COE, and CDE),
selecting the best trade-off among Pareto non-dominated solutions is a crucial step in final system
implementation. To assist in this decision-making process, Multi-Criteria Decision-Making (MCDM)
methods are employed. Specifically, this study adopts the Technique for Order Preference by Simi-
larity to an Ideal Solution (TOPSIS) [224, 225] and Simple Additive Weighting (SAW) [223, 224] as

MCDM techniques to identify the most suitable solution from the Pareto set.

11.6.5.1 Non-Dominated Sorting Genetic Algorithm-11 (NSGA-II)

The Non-dominated Sorting Genetic Algorithm [I (NSGA-II), as proposed by [220] evaluates the
quality of candidate solutions based on the Pareto dominance principle. This algorithm generates a
set of Pareto-optimal solutions, representing a balance among the optimized objectives. Fig. 11.30
illustrates the key steps involved in applying NSGA-II to our system for minimizing the objective
functions described in eq. (I11.57). The specific parameters of NSGA-II utilized in this study are

outlined in Table I1.10

11.6.5.2 Multi-Objective Particle Swarm Optimization (MOPSO)

The Multi-Objective Particle Swarm Optimization (MOPSO) algorithm is a metaheuristic, swarm-
based algorithm designed for solving optimization problems. MOPSO is inspired by the simulation

of social behavior in swarms. The algorithm begins by initializing a group of random particles, each
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Table 11.10: NSGA-II parameters used in the present study

Parameter \"EIDES

Population size

200

Function Tolerance

10°°

Constraints Tolerance

Max number of generations

200 x Number of decision variables

No. of objectives 3
No. of variables 9or10
Mutation type Gaussian
Crossover Fraction 0.8000
<>
Generate random population
Gen=0
|«
¥
Find solution for each objective function
Assign fitness and not-dominated lewvel for
each solution using fast sorting algorithm
and crowding distance ewvaluation
Start

Generate Offspring from crossover
Mutation/Elitism

l

‘ Combine population of parent and children

Report the Pareto set of

‘ ‘ solutions

|

Sort new population based on non
domination rank

‘ <_// gen=gen_max

l

‘ Select non-dominated setwith the best
rank

|
4

Is the non-
dominant set
smaller than initial
population 7

Select the
population for the
next generation for
non-dominated set

Goto the next best non-dominant set to fill
the gap

Figure 11.30: Flow chart of NSGA-II

representing a potential solution within the decision variable space.

During each iteration, non-

dominant solutions (optima) are identified based on updates to the particles’ positions, which are

governed by their calculated velocities. The velocity T;(t) and position x;(t) of each particle are
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updated at each generation (iteration) using two key values. The first is the personal best Ppest,

which is the best solution achieved by that specific particle thus far. The second is the global best

(Gpest), which is the best solution found by any particle in the entire population. The implementation

steps of the MOPSO algorithm can be summarized as follows:

94

. Initialization (eq. (11.68)): Randomly generate an initial population of particles, each repre-

senting a potential solution within the decision variable space.

X, (it ="0) = LB, +rand x (UB; — LB;) (11.68)

Where x{ is the j — th particles of the i — th decision variable, UB; and LB; are the upper and
the lower bounds of the / — th decision variable. Herein, i =1,2,..., nand j=1,2,..., p,
whereas n is the number of decision variables, in this study n = 10 (eq. (11.58)) and is p the

number of particles. rand is a random number between 0 and 1.

. Velocity update (eq. (11.69)): each particle wanders around in the search space updating at

each iteration it its own position x{ (it) and velocity 'T"J,: (it) on the basis of its own past search
experience (the historical own best position of x’, ; Péest(/t)) and on that of the swarm (the

historical best position encountered by any of the particles: Gpest).

TI(it)=wx V(it—1)+c xn x (Péest(it) — (it — 1)) + ¢ X 2 X (Gpest — ¥/ (it — 1))

(11.69)

TJ, x/ and P!__, are the array form of size [1 x n] of the j — th particle velocity, position and
its personal best. Gpes: is the global best for all particles. In this context, ¢; and ¢ are positive
constants that denote the personal confidence factor and Swarm confidence factor, respectively.
The variable w represents the inertia weight, while r; and r» are two independent sequences of
random numbers generated within the range [0, 1]. These random sequences serve to prevent
entrapment in local minima and facilitate the divergence of a small subset of particles, thereby
enabling a broader exploration of the search space. The MOPSO parameters used in this study

are given in Table I1.11.

3. Position update (eq. (11.70)): the particle position at the iteration (it) is updated as follows:

X (it) = x/ (it — 1) + TI(it) (11.70)
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4. Objective function Evaluation: the OF are evaluated for each particle position.

5. Non-Dominated Sorting: non-dominant solutions are identified and archived to form a Pareto

front.

6. lIteration: the process is repeated of updating velocities, positions, and identifying non-dominant

solutions until the stopping criteria are met.

7. Stopping criteria: the stopping criteria is met when convergence occurs. the convergence is

achieved when the positions of all particles converge to the same set of values.

Table 11.11: MOPSO parameters used in the present study

Parameter Values

Population Size 200
Max lterations 1000
Inertia Weight (w) 0.4
Cognitive Coefficient (cy) 2
Social Coefficient (c) 2
Mutation Probability 0.5
Number of Variables 9 or 10
Number of Objectives 3

11.6.5.3 Fick’s Law Optimization Algorithm (FLA)

The Fick's Law Optimization Algorithm (FLA), initially developed by [181], is a physics-based meta-
heuristic approach inspired by the principles of diffusion. These principles describe the movement
of particles undergoing random thermal motion, particularly their natural tendency to migrate from
areas of higher concentration to those of lower concentration. The FLA algorithm has demonstrated
robust optimization performance across various problem types, showcasing resilience and adaptability,
which suggests its potential application in a wide range of fields. The primary strategies for searching
to achieve optimal results include several key stages. The FLA method excels in both exploration
and exploitation when seeking optimal solutions, making it a promising approach for addressing our
problem. Furthermore, FLA has proven its applicability to a diverse array of optimization challenges,
positioning it as a strong candidate for application to the current problem under study. However,
the technique does have certain limitations, such as sensitivity to parameter settings and dependence
on initialization. To mitigate these limitations, preliminary simulations were conducted to identify
the optimal parameter settings tailored to our specific problem before implementing the method [1].
Additionally, the Fick's Law Algorithm (FLA), in its current form, is not capable of solving multi-

objective problems directly. To address this limitation, the three objective functions presented in
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section I1.6.2 are combined into a single optimization problem using the Euclidean sum method. This
approach aggregates the multiple objectives into a single objective function by summing the squared
values of each individual objective function, thereby converting the multi-objective problem into a
single-objective problem. The final objective function that will be introduced to FLA is expressed as

follows (eq. (11.71)):

OF i = \/OFZ, + OF%, + OF%, (I1.71)

Where OFj, is the normalization of the / — th objective function over its maximum value(egs. (11.71)

to (11.73)).
LPSP
COE
OFz,=1-— COE.. (11.73)
CDE

LPSP nax and COEax are 1% and 1$/kWh respectively and CDE .« is calculated based on full
functioning of GT.

The implementation steps of the MOPSO algorithm can be summarized as follows (Table 11.12):

11.6.5.4 Technique for Order Preference by Similarity to an Ideal Solution (TOPSIS)

The Technique for Order Preference by Similarity to an Ideal Solution (TOPSIS) method is a decision-
making tool adopted in this study to select the best trade-off among Pareto non-dominant solutions.
This method assists decision-makers in choosing the optimal design configuration by evaluating and
ranking the alternatives based on predefined criteria. TOPSIS facilitates the identification of the
solution that is closest to the ideal and farthest from the worst, ensuring that the selected configuration
offers a balanced and effective compromise among the multiple objectives [224, 226].

The implementation steps of TOPSIS are as follows [115, 224, 226-228]:

1. Define the problem and criteria
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Table 11.12: The implementation steps of FLA

1: Initialization;

2: Insert parameters of D, C1, C2, C3, C4, C5;

3: Initiate the population X; (i=1, 2, ..., N) as random;

4: Clustering: Dividing the population into two clusters N; and No;
5. fors=1:2do

6:  Calculate the fitness of each group molecule Ng;

7 Determine the best molecule with the best fitness value;
8: end for

9: while FES < MAXFES do

10:  if TF is greater than 0.9 then: (SSO)

11: for op = 1: nop do

12: Compute rate of diffusion;

13: Compute the step of motion factor;

14: Update position of the population;

15: end for

16:  else if TF is fewer than rand then (EO)

17: for op = 1: nop do

18: Compute rate of diffusion;

19: Compute quantity of group relative;

20: Update position of the population;

21: end for

22: else (EO)

23: Compute flow direction;

24 Calculate molecules number tending to move to the region;
25: Update position of the population;

26: Update remaining molecules in region /;

27: Update region j molecules;

28:  Update FES + FES + NP;

29: end while

30: Return best solution;

Establishing the problem and identifying the criteria that will be employed to assess the available
options is essential. Our analysis focuses on three key performance indicators (KPIs): the

technical LPSP, the economic COE and the environmental CDE indicators.

2. Construct a decision matrix

Construct a decision matrix in which each row corresponds to an option or a combination
of choice variables, and each column represents a criterion or an evaluation of the objective

functions. Allocate scores to each option based on each criterion (LPSP, COE and CDE).

3. Normalise the decision matrix To achieve equal weighting for each criterion, it is necessary
to normalise the decision matrix by dividing each score by the total sum of scores in the corre-

sponding column. This function will transform the matrix into a matrix that is used for relative
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performance evaluation. The equation for normalisation is eq. (I1.75):

Fj= e =12, (11.75)
m
Zi:lxg

where r;; is the normalized value, x;; is the original value, m is the number of rows in the dataset,

and n is the number of columns.

. Weighting the criteria Determine the weights w; for each criterion based on their respective

significance in attaining the target. The total of all weights must equal 1. Subsequently, matrix
multiplication between the normalized decision matrix and the weights matrix is performed to

obtain the weighted normalized decision matrix v;; (eq. (I1.76).

R (11.76)

. Determine the ideal and negative-ideal solutions Determine the best and worst values for

each criterion. In the context of minimizing the LPSP and COE criteria, the ideal solution

vt

/ refers to the lowest value that can be obtained from a set of alternatives. Conversely, the

negative-ideal solution v; represents the highest value among the alternatives.

[

. Euclidean distance Calculate the Euclidean distance of each alternative from the ideal best

and the ideal worst values. The formula for Euclidean distance is:

(11.77)

(11.78)

where D and D; are the distances of the alternative from the ideal and negative-ideal solutions

respectively and n is the number of criteria.

. Relative closeness coefficient the relative closeness coefficient is the ratio of the negative

separation to the sum of the positive and negative separations. The formula for relative closeness
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is (eq. (11.79)):

D~

i

Ci=——
" D7+ Df
8. Select an alternative which has maximum C;

The overall TOPSIS process is presented in the flowchart in Fig. 11.31 [227].

(11.79)
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Figure 11.31: Flow chart of TOPSIS method
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11.6.5.5 Simple Additive Weighting (SAW)

Simple Additive Weighting (SAW) is a simple decision making method that converts the final pareto
solution set into one objective value by summing normalized objective functions. The implementation
of the SAW value is shown in eq. (11.80) [223]:

_OFi(x) = OF™"(x)
'OF™(x) — OF™"(x)

3

OFsaw(x) =Y A (11.80)
i=1

OF™ (x) and OF/™" (x) represent the maximum and the minimum values of the i —th objective

functions, respectively. A; is the weighting coefficients of the i — th objective function

11.7 Conclusion

The detailed model for every component of the HRES was performed in chapter Il, by setting a basis on
how each element interacts within the whole system. Emphasis has been done on devising appropriate
and realistic models that mimic energy sources such as photovoltaic panels and wind turbines, as well
as energy storage solutions, such as Battery Energy Storage Systems and Hydrogen-based Energy
Storage. It was here said that modeling the behavior of each component realistically for changes
in environmental and operational variables is very important. Solar irradiance fluctuations and wind
speed variations, for instance, were taken into consideration in modeling PV and wind turbines to
account well for the variable nature of renewable sources. In the same manner, storage systems were
modeled as dynamic systems representing charge/discharge cycles, efficiencies and depth-of-discharge
limitations amongst others in the evaluation of long-term performances. The chapter also introduced
the mathematical modeling of conventional backup sources, such as gas turbines, with a view to fuel
consumption and resulting emissions. Such models are necessary in order to assess the environmental
impact of the system and to find an optimum energy mix with a minimum greenhouse gas emission. In
chapter Il, the modeling of the HRES components was done in a very articulate and structured manner
to ensure that every variable and constraint involved in the operation of such a system were put into
consideration. This comprehensive modeling is very necessary for subsequent optimization processes
where the models shall be used in finding the most efficient and sustainable configuration of the energy
system. This chapter thus provides the knowledge based on which an initial process of refinement
and testing can be started to integrate renewable energy sources into industrial applications, helping

to achieve the overall objective of increasing energy efficiency and sustainability.
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Chapter 1l

Simulation results, analysis and

discussions

111.1 Introduction

In this section, the outcomes from the studied systems will be presented and thoroughly discussed.
This section will provide a summary of key findings. The simulations for this study were conducted
using MATLARB, with the coding. The simulations were performed on MATLAB 2024a, installed on
a Windows 11 machine equipped with an Intel(R) Core (TM) i7-1065G7 CPU @ 1.30GHz, 1.50 GHz,
and 16.0 GB of RAM. Certain simulation assumptions were made during the course of this study, and
are also detailed as follows. the techno-econmic data inputs used for the simulation are presented in

the the Appendix (Table A.1.
e The self-discharge of hydrogen in storage tanks is disregarded.
e Heat losses in the system components are not considered in the analysis.

e The price of fuel is assumed to remain constant throughout the study period, based on the

Algerian market.

e The study does not account for potential failures of HRES components, nor does it consider

transmission and distribution losses.

e The simulation starts at 00:00 on January 1st, which affects the results since solar energy is

unavailable for approximately the first 7-8 hours.
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e The analysis of load profiles and climatic data is conducted with an hourly time resolution,

assuming that fluctuations within each hour are insignificant.

111.2 Reference system

The reference system in this study focuses on load electrification through a natural gas (NG) thermal
power plant. The primary objective is to evaluate the techno-economic feasibility and environmental
impact of integrating renewable energy sources (RES) with this conventional plant. The total annual
load to be electrified is 83,470.035 MWh. From the simulation results, although the cost of energy
production from the NG plant is relatively low, at around 0.7105 $kWh, the greenhouse gas (GHG)
emissions from the plant are significant, posing a substantial threat to the environment. The total
CO2-equivalent (CO2eq) emissions generated during the process of meeting full load amount to
49,009.47 kg, which corresponds to a carbon dioxide emission factor (CDE) of 0.5871 kg/MWh.
This high emission rate not only raises environmental concerns but could also result in additional
costs through carbon taxes or other regulatory penalties in the future. Another challenge associated
with using an NG-based thermal plant is its relatively low efficiency. The simulation reveals that the
average efficiency of converting natural gas into electricity is approximately 34%. Fig. Ill.1 illustrates
the efficiency trend throughout the year, showing how efficiency varies over time, further emphasizing

the limitations of the current system in terms of energy conversion. The overarching goal of this
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Figure Ill.1: GT conversion efficiency
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study is to improve the technical, economic, and environmental performance of the oil and gas
industry by integrating renewable energy sources along with energy storage systems. The aim is to
ensure the full electrification of the load while minimizing the environmental footprint and improving
the overall efficiency of the energy production system. The introduction of renewable energy sources
and advanced storage solutions has the potential to significantly reduce GHG emissions, enhance

system efficiency, and provide a more sustainable and cost-effective energy solution for the industry.

111.3 Integration of renewable energy

To address the technical and environmental challenges, the integration of renewable energy (RE) into

the power plant is evaluated from technical, economic, and environmental perspectives.

111.3.1 Full renewable energy source integration

The first four case studies focus on a complete shift to renewable energy, meaning that the load is
electrified solely from renewable sources. To mitigate the intermittency of renewable sources, HES
and BES systems are considered. Additionally, the 100% shift to renewable energy is assessed with
both single storage systems (BES or HES) and dual storage systems (BES and HES). In the dual
storage scenario, each system is evaluated as either the primary or secondary storage means. Table
[11.1 summarizes these four case studies.

Table Ill.1: Full RE shift case studies description

Case Study Source Storage Description

Case study 2 PV-WT HES 100% shift with single HES sys-
tem

Case study 3 PV-WT BES 100% shift with single BES sys-
tem

Case study 4 PV-WT BES (1) - HES (2) | 100% shift with dual storage (pri-
mary: BES, secondary: HES)

Case study 5 PV-WT BES (2) - HES (1) | 100% shift with dual storage (pri-
mary: HES, secondary: BES)

Comparing the four case studies reveals an increase in the COE compared to the reference system.
However, this rise in COE is offset by the complete elimination of carbon dioxide emissions (CDE),
as the full integration of renewable energy eliminates all emissions associated with the power plant.
Systems utilizing a single storage option show that configurations relying solely on HES cannot achieve
0% LPSP. This limitation is largely due to the circularity constraints ((egs. (11.64) and (11.65)): in

section 11.6.3) imposed on the system, requiring that the final hydrogen quantity in the tank must be
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equal to or greater than the initial value to ensure hydrogen availability for future operational periods.
These constraints restrict hydrogen consumption, thus reducing the amount of power that can be
generated by Fuel Cells (FCs). Additionally, the upper limit of the hydrogen tank capacity, which is

sized to hold a 24-hour full load, plays a critical role in the system'’s limitations.

In contrast, due to its superior charging and discharging efficiency, BES can achieve 0% LPSP.
Even though BES and HES are subject to the same upper bound (sized to hold a 24-hour full load)
and circularity constraints, BES performs better than HES in maintaining 0% case study 02 presents

a COE of 0.1051$/kWh at a LPSP of 8.92% .

In the dual storage configurations, allocating short-term charging/discharging processes to BES
proves to be more cost-effective. Case Study 4, where BES handles short-term storage, shows a
COE of $0.1345/kWh compared to $0.2454 /kWh in Case Study 5, where HES is used for short-term
storage. This disparity arises because frequent charging and discharging cycles in HES system result in
lower efficiencies; the theoretical charging/discharging efficiency of HES is around 40%, compared to
72% for BES. Therefore, it is more techno-economically feasible to assign short-term, hourly charging
to BES while using HES for longer-term, daily charging/discharging cycles. In Case Study 4, HES
helps to prevent overloading the BES, reducing the Depth of Discharge (DoD) to 73.53% compared
to 79.46% in Case Study 3. This reduction in DoD extends the lifespan of the BES, with Case Study

4 offering a projected BES lifetime of 5.45 years compared to 5.10 years in Case Study 3.

Furthermore, alternative solutions from the Pareto-optimal curve may also be viable if the plant
operator is willing to allow a small LPSP. Fig. Ill.2 presents the Pareto curve, offering a range
of optimal solutions that can help the operator select a configuration that balances COE and LPSP
according to their specific requirements and constraints. This approach enables operators to maintain
a low COE while allowing an acceptable LPSP limit.

Figure 111.3 shows the shares of different produced/consumed energy compared to the total load
for each subsystem.

The cost breakdown analysis of the four “full renewable shift” case studies highlights the effec-
tiveness of Case Study 4 (PV-WT-BES-HES). In this configuration, the incorporation of HES as
a secondary, long-term daily storage backup demonstrates its superiority over other setups. This
configuration not only achieves the lowest COE at 0% LPSP but also provides the most balanced
distribution of costs, as shown in Fig. I11.4.

In contrast, when BES is the sole storage system or when it serves as the primary long-term

storage option, over 60% of the Total Annual Cost of System (TACS) is allocated to the BES
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component. These elevated costs are a result of ensuring circularity constraints, which require the

final storage capacities to be equal to or greater than their initial values. This leads to higher expenses

in maintaining the BES system over time. Given these factors, Case Study 4 (PV-WT-BES-HES)

emerges as the optimal configuration for achieving a complete shift to renewable energy sources. It
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balances cost efficiency and storage reliability, making it the most effective solution among the studied

options.

111.3.2 Partial shift to renewable energy sources with single storage

A complete shift to renewable energy sources is sometimes infeasible due to techno-economic lim-
itations, such as high initial investment and the challenge of maintaining a low LPSP given the
intermittency of renewable sources. In such cases, a partial shift or integration of renewable en-
ergy with existing systems presents a more practical and promising solution [115]. To explore this,
three case studies are considered (Table I11.2), each representing a different level of renewable en-
ergy integration—20%, 50%, and 80%. These case studies are optimized based on set objectives
and constraints, and they are evaluated in terms of their techno-economic and environmental per-
formance. These case studies allow for a detailed examination of how different levels of renewable
energy integration affect the overall performance of the system, with a focus on achieving a balance
between technical feasibility, economic viability, and environmental sustainability.

Before proceeding with the techno-economic and environmental analysis of the three case studies,
it is important to highlight that the simulation results for Case Study 8 reveal the infeasibility of
achieving an 80% renewable energy integration with photovoltaic (PV) as the sole renewable energy

source. In this case, it becomes necessary to incorporate an additional energy source capable of
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Table [11.2: Partial shift case study configurations (single storage)

Case Study Sources Storages Description

Case study 6 PV (min 20%) - GT (max | HES Minimum 20% integration of RE
80%) with HES system

Case study 7 PV (min 50%) - GT (max | HES Minimum 50% integration of RE
50%) with HES system

Case study 8 PV-WT (min 80%) - GT | HES Minimum 80% integration of RE
(max 20%) with HES system

covering periods when PV energy is unavailable, such as during nighttime or low-irradiance conditions.
Case Study 8, which comprises PV and wind turbines (WT) as energy sources, demonstrates that
relying solely on PV is insufficient for maintaining the required load demand at such high levels of
renewable integration. Therefore, in systems with higher renewable integration targets, a diversified
energy portfolio, such as PV combined with WT or other renewable sources, is critical to ensure both
reliability and sustainability.

The technical analysis of the effect of renewable integration rates on overall system performance
is illustrated in Figs. I11.5 and I11.6 and table 111.3. Based on Fig. IIl.5, for cases with zero LPSP, the
COE is inversely correlated with the rate of renewable integration and carbon dioxide emissions (CDE).
This trend arises because the initial investment cost for renewable energy systems is generally higher
than for non-renewable systems, such as those based on gas turbines (GT). Additionally, integrating
renewable energy into the system necessitates the incorporation of storage solutions, such as HES
(comprising electrolyzers, fuel cells, and hydrogen tanks), which further increases the overall system
cost.

On the other hand, partial renewable energy integration (at levels of 20%, 50% and 80%) increases
the COE by approximately 42.94% and 59.50% respectively and a decrease by 1.66% for 80% level
of renewable integration, while significantly reducing the CDE by 42.25, 53.86% and 80.77% for
levels of RE integration of 20%, 50% and 80% respectively. This trade-off provides valuable insight
for investors and plant operators, who can select the most suitable configuration that aligns with
their technical, economic, and sustainability goals. Furthermore, plant developers can leverage this
analysis to plan a gradual increase in renewable energy integration while understanding the impact on
key performance indicators (KPIs) such as technical reliability, cost, and environmental impact.

Regarding the system constraints, even when the upper limits for renewable energy sources were
set to 20%, 50% and 80% of the total load, the optimal results show a higher actual integration
of 42.33, 53.86% and 80.92%, respectively. This outcome is due to the system’s optimal decision

variables that balance the objectives and constraints.
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This finding underscores the need for further investigation into the optimal limit for renewable
integration. In future studies, the renewable integration factor itself could be considered a decision
variable to better explore its potential, although this approach is beyond the scope of the current

study.
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Figure I11.5: partial integration of RE case studies Load sharing

Table I11.3: Change in CDE and COE vs level of integration

RE limit 0% 20% 50% 80%

Change in CDE 0% | -42.25% | -53.86% | -80.77%
Change in cost 0% | 42.94% | 59.50% | -1.66%
EPS (% of load) | 0% | 15.98% | 81.23% | 33.33%

Due to the high marginal cost of the renewable sources compared to fossil fuel-based energy
sources, the level of integration of RE highly affects the cost of each component. Additionally, from
Table 111.3, it is not only the level of renewable integration that affects the changes in COE and
CDE, the excess of energy can also have an impact on the system performance. The best level of
integration of renewable energy highly depends on limit of acceptable EPS and the way it may be used
or handled. Nevertheless, it is vital to recognize that national energy policies may necessitate energy
producers to uphold a minimum level of involvement in renewable energy and impose restrictions on

greenhouse gas (GHG) emissions within their facilities.
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Figure 111.6: Total Annual Cost of System (TACS) shares between different system components
(partial integration)

The overall pareto curves of the three partial integration case studies are presented in Figs. I11.7
and I11.8. The techno-economic and environmental analysis of the pareto curves reveals that while
Case Study 6 demonstrates a relatively low COE ranging from 0.0979 to 0.1320 $/kWh but higher
(LPSP) of up to 15% and lower carbon dioxide emissions (CDE) of approximately between 0.2695
and 0.3391 kgCO2/kWh, Case Study 7 offers a more balanced approach with moderate increases
in COE (0.1049-0.1329 $/kWh) and LPSP (0.0-15%), but a significant reduction in CDE (0.2551
-0.2947 kgCO2/kWh). Case Study 8, on the other hand, exhibits a COE (0.0563 -0.1129 $/kWh)
and a lower CDE (0.0168 -0.1129 kgCO2/kWh). However, achieving such a high level of renewable
energy integration solely with photovoltaic (PV) systems presents challenges, potentially requiring the

addition of other renewable sources like wind turbines to maintain system feasibility.

111.3.3 Partial shift to renewable energy sources with dual storage

After assessing the behavior of the renewable integration on both level of integration (full shift and
partial integration) , it is important to evaluate the techno-economic and environmental behavior of
partial integration while considering dual storage system. As revealed in the section section [11.3.1
above where case study 4 gives a promising performance toward achieving system objectives, addition-

ally, taking into account the difficulty of full shift as stated in section I11.3.2 above, a partial integration
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of 80% is considered. In this section 2 case studies are considered as presented in Table I11.4. The

first case study (Case study 9) considers the PV-WT as a renewable energy sources, BES-HES as a

storage with priority to BES as a short run hourly charge/discharge priority and HES as a secondary

long run daily charge/discharge mean. Additionally, GT is integrated into the system sources with a
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limit of 20% of total load in order to limit the CDE. The second case study (Case study 10) to be
evaluated in this section is same as case study 9 with storage charge/discharge priority is inversed

making HES as the short run hourly priority whereas BES is considered as the long run daily storage

mean.
Table I11.4: Partial shift case study configurations (dual storage)
Case Study Sources Storages Description
Case study 9 PV-WT (min 80%) - GT | BES-HES Minimum 80% integration of RE
(max 20%) with BES/HES storage system
Case study 10 PV-WT (min 80%) - GT | BES-HES Minimum 80% integration of RE
(max 20%) with HES/BES storage system
PV-WT-GT-BES-HES PV-WT-GT-HES-BES
Load ssto)ares Load s?/ares
© 3% 19, % 2% 19

[EERE(PV+WT) [ERE(PV+WT)
[ IBES [ IBES
IHES EHES
E.cT Gt
91% 91%
PV-WT-GT-BES-HES PV-WT-GT-HES-BES
Cost shares Cost shares
1% 4% 5%

14%

Figure I11.9: Load and cost shares for partial integration with dual storage

With a null LPSP, case study 9 and 10 reach a low COE of 0.1169 $/kWh and 0.1134 $/kWh with
a CDE of 0.0279 gCO2eq/kWh and 0.0377 gCO2eq/kWh respectively. This confirms effectiveness
of reaching low COE and CDE when considering partial shift with dual storage, additionally, the
conflicting between the COE and CDE is revealed, this behavior of conflicting can clearly show in
Figs. 111.10 and I11.11 . Regarding the load sharing breakdown as shown in Fig. |I1.9 , for both storage
priority strategy, the constraint of ensuring a level of 80% of renewable integration is ensured with
only 4.57% and 6.26% of total annual load is ensured by GT for case study 9 and 10 respectively.
The storage system participates to less than 3% for both HESS and BEES respectively. Talking about

the cost sharing, and although the GT and storage systems participate to less that 10% of the total
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Figure I11.11: Detailed pareto curves of partial integration of RE (dual storage)

load, their cost participation is relatively significant. For instance, and always taking the 0 of LPSP
configuration, GT, BES system and HESS participate by (27%,12% and 18% respectively) for case
study 9 and by (30%, 7% and 18% respectively) for case study 10. The other cost participation is

shared between RE sources, usually the inverters participate of less than 5% for both case studies. For
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further investigation, and if the operator may accept a certain level of non-null LPSP, the shares may
differs and further techno-economic investigation is performed based on the chosen feasible solution
from the pareto curve as shown in Figs. I11.10 and I11.11 . From this analysis, it is clear that even the
backup system based on GT and storage system merely participate to the load shares, their presence
is important to ensure the null LPSP. Additionally, their cost is significant due to initial, maintenance,

operation and replacement expenditures.

111.3.4 Overall case studies optimal results comparison

After completing the overall optimization process, results of the output objective functions (COE,
LPSP and CDE) are presented in Fig. I1l.12 , Tables IIl.5 and Ill.6. From these results, from the
technical objective function, only case study 02 that cannot reach a null LPSP, the minimum reachable
LPSP for this configuration accounts of 8.92%. alternatively, the economic and the environmental
analysis of the obtained outputs at null LPSP reveals the confecting behavior between COE and CDE.
For instance, case studies with full renewable shift (configurations 3,4,5) present a higher COE, this
is due to the higher investment, replacement and OM for RE subsystems. In the other hand, when
partial shift is considered, the systems present a reduction in COE compared to full shift system and
a benefit in CDE reduction compared to reference system based on fossil fuel. In fact, case study 8
presents a COE similar to reference system with a huge amount of CDE reduction by -93.5733% to

reach a CDE of 0.0377 (gCO2eq/kWh).

I11.4 Trends of generated/consumed power

To provide a time-based analysis of the obtained results, since they presents the most complete
systems and contain all the possible sources and storage strategies, case studies 9 and 10 are shown
to present the trends of generated consumed power. In this section, the monthly trends of total
load demand, energy produced, and energy consumed are presented, as shown in Fig. I11.13 for Case
Study 9. As previously noted in Fig. I11.9, Fig. I11.13 offers more detailed insights into the monthly
distribution of produced and consumed power. The trends indicate that solar and wind energy reach
their peak production levels during the summer months due to higher availability of renewable energy
sources during this period. This reinforces the appropriateness of selecting solar and wind as the main
renewable energy sources for this system configuration.

Since Case Study 9 sets a minimum renewable energy factor of 80%, the optimal solution results
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Figure 111.12: Overall case studies optimal objective functions (COE, LPSP,CDE)

in a renewable energy factor exceeding 95%, mainly supplied by PV and WT. The remaining energy,
which accounts for nearly half of the total produced renewable energy, is classified as Excess Power
Supply (EPS). This significant level of excess energy is a result of the optimization process, which
aims to ensure 0% LPSP. To achieve 0% LPSP, the system must fully supply the load during every
hour of the year, necessitating higher-rated renewable energy systems. As a result, excess energy is

generated during hours of high solar and wind availability.

Additionally, the Gas Turbine (GT) primarily operates during months with lower renewable energy
production, such as January and November. During these months, GT contributes to approximately
10% of the total monthly load demand to compensate for the reduced availability of renewable sources.
Ultimately, Fig. I11.13 provides a clear depiction of the seasonal variations in energy production and
consumption, illustrating the system’s reliance on renewable sources during high-availability periods

and the role of GT in ensuring reliability during low renewable production months.

Furthermore, storage system trends are examined based on Fig. Ill.14 graphics. For case study
9 the BES system varies in the range of 10.32 -16.87 MWh, with more charging discharging cycles
during winter periods (periods with low RE energy sources availability), compared to case study
10, where the BES system become the secondary storage mean, the level of storage in most time
stays between 06.42 and 10.2 MWh, with the same charging/discharging behavior as configuration

9. Talking about the HESS, for case study 9, the fluctuation in the HESS storage is limited to
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Table 111.5: Overall case studies optimal (Reference system + full shift to RE)

Configuration

Configuration

Configuration

Configuration

Configuration

Configuration

1 (base sys- | 2 3 4 5
tem)
0% Renew- | 100% Re- | 100% Renew- | 100% Re- | 100% Re-
able newable able newable newable
(dual stor- | (dual stor-
age) age)
PV v v v v
WT v v v v
GT v
HESS v v v (p)
BES system v v (p) v
DoD 79.4618% 73.5300% 63.5400%
RE 0.0000% 100.0000% 100.0000% 100.0000% 100.0000%
COE ($/kWh) 0.0750 0.1051 0.2479 0.1345 0.2454
LPSP (%) 0.00% 8.92% 0.0000% 0.0000% 0.0000%
CDE (gC02eq/kWh) 0.5872 0.0000 0.0000 0.0000 0.0000
Rated (MW) Load 11.5647 11.5647 11.5647 11.5647 11.5647
Rated (MW) PV 0.0000 57.4550 56.1274 64.0944 56.2038
Rated (MW) WT 0.0000 22.0400 22.0000 21.8800 21.0200
Rated (MW) GT 11.6000 0.0000 0.0000 0.0000 0.0000
Rated (MW) EL 0.0000 8.6940 0.0000 11.9532 5.1618
Rated (MW) FC 0.0000 3.3975 0.0000 13.0675 2.2675
Rated (kg) Tank 0.0000 11 137.0000 | 0.0000 14 815.0000 | 10 707.0000
Rated (MW) Bat charging | 0.0000 0.0000 -58.7753 -4.1533 -52.6977
Rated (MW) Bat dis- | 0.0000 0.0000 11.1164 2.9788 8.8489
charging
Rated (MW) LPS 0.0000 7.7189 0.0000 0.0000 0.0000
Rated (MW) EPS 0.0000 72.5166 71.0657 79.4303 70.1680
Total yearly (MWh) Load | 83 470.0353 | 83 470.0353 | 83 470.0353 83 470.0353 | 83 470.0353
Total yearly (MWh) PV 0.0000 124 121 940.8584 139 122
825.3418 249.8445 107.0169
Total yearly (MWh) WT 0.0000 137 137 143.6382 136 131
392.9903 395.5820 034.5125
Total yearly (MWh) GT 83 470.0353 | 0.0000 0.0000 0.0000 0.0000
Total yearly (MWh) EL 0.0000 8 557.5533 0.0000 14 224.5984 | 6 509.0089
Total yearly (MWh) FC 0.0000 3 414.8558 0.0000 5 637.3636 2 589.5693
Total yearly (MWh) Bat | 0.0000 0.0000 -8 949.9278 -853.6951 -5 666.3307
charging
Total yearly (MWh) Bat | 0.0000 0.0000 6 305.5510 615.1135 3971.4151
discharging
Total yearly (MWh) LPS 0.0000 2 865.6544 0.0000 0.0000 0.0000
Total yearly (MWh) EPS 0.0000 172 168 576.9247 178 159
078.0939 956.4151 663.9791

daily charging/discharging cycle, and most of time the amount of stored hydrogen lays in the tanks

maximum level of 14 672 kg, however , for case study 10, and since the primary storage mean is the

HESS, the trends of the stored hydrogen in tank presents more hourly fluctuations with low level of
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Table 111.6: Overall case studies optimal (Partial shift to RE)

Configuration

Configuration
6

Configuration
7

Configuration
8

Configuration
9

Configuration
10

HRES HRES HRES HRES (RF | HRES (RF
(RF>20%) (RF>50%) (RF>80%) - | >80%) >80%)
non feasible
without WT
PV v v v v v
WT v v v
GT v v v v v
HESS v v v v v (p)
BES system v (p) v
DoD 38.8058% 36.9700%
RE 42.33% 53.96% 80.92% 95.4261% 93.7400%
COE ($/kWh) 0.1072 0.1196 0.0737 0.1169 0.1134
LPSP (%) 0.00% 0.00% 0.00% 0.00% 0.00%
CDE (gC02eq/kWh) 0.3391 0.2709 0.1129 0.0279 0.0377
Rated (MW) Load 11.5647 11.5647 11.5647 11.5647 11.5647
Rated (MW) PV 25.0941 58.6339 1.4768 22.4134 27.5325
Rated (MW) WT 0.0000 0.0000 15.4200 21.2000 18.7600
Rated (MW) GT 11.4000 10.1000 10.6000 8.9000 9.5000
Rated (MW) EL 10.8864 9.1098 0.4746 3.8556 6.3756
Rated (MW) FC 0.4250 1.5575 0.0900 2.0850 1.1725
Rated (kg) Tank 12 243.0000 | 11 804.0000 | 1 312.0000 14 672.0000 | 11 476.0000
Rated (MW) Bat charging | 0.0000 0.0000 0.0000 -7.6986 -4.4389
Rated (MW) Bat dis- | 0.0000 0.0000 0.0000 5.5626 3.2037
charging
Rated (MW) LPS 0.0000 0.0000 0.0000 0.0000 0.0000
Rated (MW) EPS 16.4862 49.5590 7.8395 34.8225 37.7666
Total yearly (MWh) Load | 83 470.0353 | 83 470.0353 | 83 470.0353 83 470.0353 | 83 470.0353
Total yearly (MWh) PV 54 518.7526 | 127 3 208.4577 48 694.8631 | 59 816.3577
386.5462
Total yearly (MWh) WT 0.0000 0.0000 96 125.2228 132 116
156.5968 946.1206

Total yearly (MWh) GT 48 136.0880 | 38 427.8826 | 15 929.5603 3 817.8380 5 223.0569
Total yearly (MWh) EL 6 553.1919 20 274.9296 | 698.4453 5 514.6911 4 621.6805
Total yearly (MWh) FC 2 570.2015 8 102.7920 277.7448 2 176.9121 1 807.9183
Total yearly (MWh) Bat | 0.0000 0.0000 0.0000 -1714.2716 | -918.7573
charging
Total yearly (MWh) Bat | 0.0000 0.0000 0.0000 1 230.3907 657.8663
discharging
Total yearly (MWh) LPS 0.0000 0.0000 0.0000 0.0000 0.0000
Total yearly (MWh) EPS 13 342.1336 | 67 801.6163 | 27 817.7430 93 185.3818 | 91 322.5847

variation in the total stored amounts in the tanks between 10000-11500 kg.

118




CHAPTER Ill. SIMULATION RESULTS, ANALYSIS AND DISCUSSIONS 119

x10*

[EELpPs
[EIBT discharging
FC

Power Produced (MWh)

5 X 10* BT charging

-
- S}

Power Consumed (MWh)
o
3

Months

Figure 111.13: Overall case studies optimal objective functions (COE, LPSP,CDE)

18 BESS - case study 9 BESS - case study 10

16 ‘ } \
14 ‘

Ceg(MWh)
Cpes(MWh)

4 . 4
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan
2023 2023

«10% HESS - case study 9 %104 HESS - case study 10

|

Q, (ko)

06 M . . . . . . . . . 06 L . . . . . . . . .
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan
2023 2023

Figure 111.14: Overall case studies optimal objective functions (COE, LPSP,CDE)

119



120.5. COMPARISON BETWEEN OPTIMIZATION RESULTS WITH NSGA-II, MPSO AND FLA

111.5 Comparison between optimization results with NSGA-II,

MPSO and FLA

The optimization algorithm plays a crucial role in obtaining global optimal solution while keeping
an eye on the performances and speed of reaching a global optimal solution. In this regard, a
comparative study is conducted to evaluate the behavior of the 3 different chosen algorithms to solve
the optimization problem. The case study 8 is chosen to be the base case study used to compare
between algorithm performances. Firstly, NSGA-II and MOMSO result outcomes are compared based
on the multi-objective outputs Table I11.7, taking into account a null LPSP, the obtained COE is
accounted for 0.07372687 and 0.113880991 for NSGA-II and MOMSO respectively. However, this
difference is due to the level of renewable energy integration (RF). The RF for MOPSO 95.39% is
much higher than that of NSGA-II (80.92%), this makes the COE for MOPSO results higher than
that of NSGA-II, in contrast, the high level of RF leads to low CDE for MOPSO results 0.028097167
gCO2eq/kWh compared to a 0.112910888 gCO2eq/kWh for the NSGA-II, these differences confirms
also the conflicting behavior of the objectives and confirms the necessity of applying a decision making
process to help operators and investors choose the best configuration that aligns with their objectives,
this decision making process is based on the pareto non dominant solution as presented in Fig. I11.15.
Additionally, from Table 111.7, FLA can reach optimal results regarding ensuring a minimum non null
LPSP, in this way the FLA algorithm reach a higher renewable energy integration more than 99%
similar to a full shift system presented in configuration 2. Another important insight to take from
these outcomes is about the difference between considering multi-objective optimization problem and
converting a multi-objective problem into a single objective problem as done in the FLA case, in this
case even the output optimal problem may be acceptable, although, it can hide another promising
solution from pareto curve. This solution may have importance in the operators and investors point

of view.

111.6 Decision making processes

In this section, and after obtaining a set of non-dominant optimal solutions using NSGA-II and
MOPSO algorithms, it is crucial to use a well defined method to select the best tradeoff between
objective functions in order to help operator and investor selecting the best configuration that leads

to the satisfaction of their objectives. In this case the pareto curve obtained from NSGA-II of the
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Figure 111.15: Pareto non-dominant solution of NSGA-Il vs MOPSO

case studies 9 and 10 are studied using both TOPSIS and SAW algorithms. Detailed obtained results

are presented in Table I11.8.

From Table I11.8, overall TOPSIS and SAW decision making methods are presented and ranked
based on their relative closeness as presented in previous chapter. From these outcomes, it is clear
that strategy based on BES system as a primary storage system slightly surpass the strategy where
HESS is considered as the primary storage mean, however, both strategies (9 and 10) can reach a null
LPSP at a COE of 0.1169 /kW hand0.1134 /kWh respectively, with a CDE of 0.0500 gCO2/kWh and
0.0676 gCO2/kWh. In another insight, if the system operators and investors would accept a lower
value for LPSP in order to reduce the COE, another configuration from Table I11.8 may be chosen.
For instance, for case study 9 (configuration 29 in Table [11.8) an acceptable LPSP of 4.5662%
would reduce the COE by 34.60% to reach 0.0765 $/kWh, however this configuration presents an
increase in CDE to 0.2117 gCO2/kWh but is still within the acceptable range of reducing 80% of
CDE compared to reference system (Case study 1). Additionally, for case study 10 (configuration 20
in Table 111.8), an acceptable LPSP of 4.6233% would reduce the COE by 22.41% to reach 0.0880
$/kWh, with also CDE withing 80% reduction limit. The analysis using the Decision-making methods
shows the effectiveness of getting an overall vision and revealing the hidden configurations that help

the operators, and the investors choose the optimal tradeoff that meet their objectives.

Furthermore, and in order to get deep into the trends of the obtained results, the yearly, monthly
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and daily trends of the 04 previous cases are evaluated. This case are summarized and presented in

Table 111.7: Comparison between NSGA-II, MOPSO, and FLA optimal results

Parameter

NSGA-II

MOPSO

FLA

Configuration

Configuration
38

Configuration
38

Configuration
8

HRES (RF | HRES (RF | HRES (RF
> 80%) - | >80%) - | >80%) -
non feasible | non feasible | non feasible
without WT | without WT | without WT

PV v v v

WT v v v

GT v v v

HESS v v v

BES system

DoD

RE 80.92% 95.39% 99.17%

COE ($/kWh) 0.0737 0.1139 0.0798

LPSP (%) 0.00% 0.00% 8.57%

CDE (gCO2eq/kWh) 0.1129 0.0281 0.0060

Load (MW) 11.5647 11.5647 11.5647

PV (MW) 1.4768 43,4278 20.4367

WT (MW) 15.42 14.0070 14.2620

GT (MW) 10.6000 10.2206 0.8322

EL (MW) 0.4746 3.2903 7.2190

FC (MW) 0.0900 6.0829 7.6877

Tank (kg) 1 312.0000 10 691.8486 8 232.4397

Bat charging (MW) 0 0 0

Bat discharging (MW) 0 0 0

LPS (MW) 0.0000 0.0000 9.6399

EPS (MW) 7.8395 49.2258 25.4598

Load (MWh) 83 470.0353 | 83 470.0353 | 83 470.0353

PV (MWh) 3 208.4577 94 350.0653 | 44 400.2824

WT (MWh) 96 125.2228 87 316.8729 88 906.5061

GT (MWh) 15 929.5603 | 3 850.5207 674.8232

EL (MWh) 698.4453 13 986.5642 17 843.4186

FC (MWh) 277.7448 5 747.0481 7 292.9611

Tank (kg) 0.0000 0.0000 0.0000

Bat charging (MWh) 0.0000 0.0000 0.0000

Bat discharging (MWh) 0.0000 0.0000 0.0000

LPS (MWh) 0.0000 0.0000 2 748.0785

EPS (MWh) 27 817.7430 | 89 617.4068 | 38 351.5547

Tables I11.9 and I11.10 and Figs. I11.16 to I11.24.
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Table [11.8: Overall Optimization Results for Case Studies 9 and 10
Config.| Case COE LPSP CDE TOPSIS SAW Rela- | TOPSIS | SAW
Study | ($/kWh) | (%) (gC0O2 / | Relative tive Close- | Rank Rank
kWh) Closeness ness

01 9 0.1169 0.0000 0.0500 81.0337 16.2253 1 1
02 10 0.1134 0.0000 0.0676 77.6749 18.4629 2 2
03 9 0.1625 1.7922 0.0365 74.1405 25.1376 3 6
04 9 0.1300 5.2055 0.0258 73.9826 25.9616 4 8
05 9 0.0994 3.1849 0.0774 72.9438 24.8648 5 5
06 10 0.1854 2.2260 0.0037 72.8087 24.5004 6 4
07 9 0.1829 0.7991 0.0324 72.2634 25.4608 7 7
08 9 0.2031 0.3881 0.0000 71.8873 22.5941 8 3
09 10 0.1703 4.4406 0.0025 71.8528 26.8529 9 9
10 10 0.1534 5.2626 0.0300 70.0690 30.3859 10 13
11 10 0.1967 3.8813 0.0028 68.7706 29.7774 11 12
12 10 0.1364 6.8265 0.0334 68.1412 31.7495 12 17
13 10 0.1067 7.6826 0.0500 66.8064 31.6378 13 16
14 10 0.1114 8.8356 0.0248 66.6395 30.9534 14 14
15 9 0.2391 0.2626 0.0027 66.6151 28.3396 15 10
16 9 0.2505 0.0000 0.0000 65.4945 29.0877 16 11
17 10 0.1257 9.8630 0.0000 65.1426 31.5455 17 15
18 9 0.1357 8.9384 0.0187 64.7180 33.9878 18 20
19 10 0.2778 0.0000 0.0000 62.2845 33.3333 19 19
20 10 0.0880 4.6233 0.1201 62.2008 33.0114 20 18
21 9 0.0996 12.9909 0.0000 60.4347 34.4090 21 21
22 9 0.0714 7.9909 0.1159 57.8773 37.2128 22 22
23 10 0.0871 5.3425 0.1408 57.1246 37.7154 23 23
24 9 0.0692 15.0228 0.0621 52.7522 43.9669 24 26
25 9 0.0667 8.7900 0.1508 51.2737 43.7506 25 25
26 9 0.0829 2.9338 0.2081 51.0053 42.3331 26 24
27 9 0.0878 5.6279 0.1758 50.9314 43.9733 27 27
28 9 0.0640 13.8470 0.0993 50.4457 46.4212 28 29
29 9 0.0765 4.5662 0.2117 48.9226 45.5159 29 28
30 9 0.0630 14.8858 0.1154 47.1279 51.1047 30 30
31 10 0.0804 10.0228 0.1760 445844 52.5758 31 31
32 10 0.0776 14.2123 0.1508 42.2737 57.4314 32 33
33 10 0.0783 12.4429 0.1707 42.0526 56.7599 33 32
34 10 0.0731 15.0685 0.1586 41.0143 59.8634 34 34
35 10 0.0718 13.4703 0.2023 38.7027 62.9998 35 35
36 10 0.0709 14.9201 0.1990 37.7950 65.5478 36 36
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Table I11.9: Rated power and working hours for each subsystem

Configuration

Case study 09 —

Case study 10 —

Case study 09 —

Case study 10 —

config. 01 config. 02 config. 29 config. 20
Storage priority BES system HESS BES system HESS
LPSP(%) 0% 0% 4.5662% 4.6233%
PV (MW) 22,4134 27.5325 18.8237 11.3616
WT (MW) 21.2000 18.7600 8.9400 15.0600
GT (MW) 8.9000 9.5000 8.1000 7.3000
BT charging rated (MW) -7.6986 -4.4389 -1.1324 -2.4224
BT discharging rated (MW) | 5.5626 3.2037 0.7459 1.7329
SOCi,: (%) 428337 41.1505 37.2902 34.7712
SOCina (%) 61.1942 63.0185 75.1010 72.7851
BT number of cycles (-) 284 185 404 237
BT working hours | 7201 / 1559 7691 / 407 3424 / 5336 7736 / 409
(charge/discharge)
FC (MW) 2.0850 1.1725 0.1575 0.4400
FC running hours (hours) 1165 1644 5177 2615
EL (MW) 3.8556 6.3756 1.2894 3.9690
EL running hours (hours) 1598 1135 1835 1163
Tanks (kg) 14 672 11 476 9 063 14 555
Hs init (%) 69.8387 72.2398 80.4407 78.2856
Hs end (%) 79.8596 90.2663 97.6545 92.1739

Table 111.10: Optimal Rated Power for the Studied System (All Case Studies)

Configuration

Case study 09 —

Case study 10 —

Case study 09 —

Case study 10 —

config. 01 config. 02 config. 29 config. 20
Storage priority BES system HESS BES system HESS
LPSP (%) 0% 0% 4.57% 4.62%
PV (MWh) 48 694.8631 59 816.3577 40 895.8429 24 683.9199
WT (MWh) 132 156.5968 116 946.1206 55 730.1875 93 881.0541
GT (MWh) 3 817.8380 5 223.0569 16 606.8328 9 341.7457
BT charging (MWh) -1714.2716 -918.7573 -391.6644 -598.9061
BT discharging (MWh) 1 230.3907 657.8663 282.2462 427.3631
FC (MWh) 2 176.9121 1 807.9183 807.3876 1 124.0055
EL (MWh) 5514.6911 4 621.6805 2 095.3033 2 909.5699
LPS (MWh) 0.0000 0.0000 324.7462 472.0883
EPS (MWh) 93 185.3818 91 322.5847 25 171.1244 39 050.1764
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Figure 111.16: Total yearly produced (+), consumed (-) power for each system component

Power BESS system HESS system
15 5 18 4 J~ | —Fc |8000
o~ PBat 16 =3 f v\ == EL
§1o = Cees = g N Q, 17500 5
= = s = | 2 =
= SN 14 = =2 ' A =
g © (%] g T
3 5 a® @ 3 7! 17000 O
o /\ 12 0 ol b 1
)
0 - -5 10 0 6500
00:00 06:00 12:00 18:00 00:00 00:00 06:00 12:00 18:00 00:00 00:00 06:00 12:00 18:00 00:00
Jan 15,2023 Jan 15,2023 Jan 15,2023
x10*
30 1 18 1 1.4673
= 05 T T os {1.46725
20 s 17 2 %
s s £
= 0 = T o 1.4672
10 @ 16 & 2
/ \ & 05 o £-05 {1.46715
-1 15 -1 1.4671
00:00 06:00 12:00 18:00 00:00 00:00 06:00 12:00 18:00 00:00 00:00 06:00 12:00 18:00 00:00
Feb 14,2023 Feb 14,2023 Feb 14,2023
x10%
30 0 18 4
6 S =3 1.45
20 g -2 s % ~
= “wZ T =
5 %) [ 14 T
10 — 2 43 g
NN o
6
0 10 0 1.35
00:00 06:00 12:00 18:00 00:00 00:00 06:00 12:00 18:00 00:00 00:00 06:00 12:00 18:00 00:00
Mar 15,2023 Mar 15,2023 Mar 15,2023

Figure 111.17: case study 9 — configuration 01- (0% LPSP) - generated power (Jan, Feb, Mar)
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Figure 111.18: case study 9 — configuration 01- (0% LPSP) - generated power (Apr, May, Jun)
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Figure 111.19: case study 9 — configuration 01- (0% LPSP) - generated power (Jul, Aug, Sep)
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Figure I11.20: case study 9 — configuration 01- (0% LPSP) - generated power (Oct., Nov., Dec.)
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Figure 111.21: case study 10 — configuration 02- (0% LPSP) - generated power (Jan, Feb, Mar)
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Figure 111.22: case study 10 — configuration 02- (0% LPSP) - generated power (Apr, May, Jun)
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Figure 111.24: case study 10 — configuration 02- (0% LPSP) - generated power (Oct., Nov., Dec.)

Based on tables I11.9 and 111.10 and Figs. 111.17 to I11.20, in order to achieve a null LPSP, the priority
storage means presents the primary mean to address the intermittency of generated renewable power,
for instance, in configuration 09, BESS has more number of cycles ( 284) and discharging periods
(1559 hours) compared to the configuration 09 where HESS is the priority for the storage. In the
case study 10, the BESS number of cycles is 185 and the discharging periods are only 407 hours
reduced by 75%. In this case the reduced cycles and discharging periods may enhance the BESS
and balance between BESS failure and HESS low roundtrip (charge /discharge) efficiency. On the
other hand, the becomes the more important elements when HESS is the priority storage mean. For
instance, the running hours for FC in the configuration 10 is more that 41% more compared to the
running hours of FC in configuration 09, this confirms the system energy management strategy that
assign short charging/discharging needs to the HESS system, the remaining needs for discharging to

meet null LPSP is ensured firstly by BESS that using power from GT.

Furthermore, Figs. 111.16 to I11.24 gives an insightful graphic vision on the trends of generated
power, load profile and storage systems on a seasonal basis for both case studies 09 and 09. A
selected daily variation is presented for each month to visualize the trends of each energy quantity.

The trends presented in these graphs confirms the effectiveness of the used modeling methods, of
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the selected EMS and the adopted optimization algorithm
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111.7 Conclusion

In this chapter, simulation results for a hybrid renewable energy system (HRES) for electrifying an oil
and gas processing plant are conducted and presented. These results are obtained after a rigorous
techno-economic and environmental multi-objective based optimal sizing of the study system. Dif-
ferent case study was considered including reference system with 100% fossil fuel-based system, full
shift toward renewable energy systems and partial integration of renewable energy system consider-
ing single (HESS or BES system) and dual ((HESS and BES system) energy storage systems. the
multi-objective optimization problem is solved using different type of optimization algorithms including
(NSGA, MOPSO and FLA), the results obtained are assessed in all techno-economic and environmen-
tal performance indicators. Furthermore, the multi-objective optimization algorithm reveals different
non-dominant solution configurations known as pareto curves, these results are evaluated using de-
cision making methods including TOPSIS and SAW. The obtained results revel the effectiveness of
considering a partial integration level of 80% of renewable energy, while considering a dual storage
energy system based on BES system as the primary short run storage and HESS as the secondary
long-run storage mean. In this situation, with the insurance of null Loss of Power Supply Probability
(LPSP = 0%), the Cost of energy account 0.0737 $/kWh with a huge reduction in Carbon Dioxide
Emission factor (CDE) by more than 80% compared to the reference system based on full fossil fuel
power plant. All obtained outcomes shown the effectiveness of the adopted HRES, the modeling and

optimization methods, and decision-making process.
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General Conclusion

The main issue that oil and gas sector suffer from nowadays is its environmental burdens of these
heavy energy industry. This issue is becoming a serious matter due to the increase demand of energy
worldwide. In this regard, the objective of this work is to develop a techno-economically feasible
solution to address this matter.

To do, several suggested systems are studied to meet the techno-economic and environmental
feasibility of the energy system for the electrification of an oil and gas processing facility. The
suggested system proposes different ways to address the problematic by considering systems based
on renewable energy sources (RES).

The first part of this thesis is dedicated to the literature review of the study system. This review
includes the previous works conducted in this field. The conducted review is defined into the sub-
fields of optimal sizing of a Hybrid Renewable Energy System. The first field consists of the review
the state of the art of Algerian energy sector which is mostly relies on oil and gas. Secondly, a
review on HRES including the electrification of remote areas/load, the electrification using fossil
fuel-based power plants and previous works on considering renewable energy sources to electrify
remote loads. Another part of the literature review in this thesis consists of previous research works
conducted in order to modeling and optimal sizing of HRES. The modeling part includes sources,
storage and energy management methods used in HRES modeling. Additionally, different previous
used methods in optimal sizing of a HRES are explored and presented including different methods of
problem formulation and solution methods. Finally, the literature review is concluded by an exploration
of remaining research gaps in this field, which must be addressed.

The second section of this works is devoted to the problem formulation, modeling and optimal
sizing of hybrid renewable energy system for the electrification of an oil and gas processing facility
located in the southeast region of Algeria. Firstly, the reference already existing power system is
presented with a clear evaluation of its Cost of Energy and Carbon dioxide emission level. Afterward,

and before conducting a detailed modeling of a HRES, Climate data and Load profile are acquired,
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these data are crucial in conducting the modeling and the optimal sizing of HRES since they are
considered as a required system inputs. Upon the acquisition of different system inputs, extensive
models for different components of the HRES are developed including sources (PV module, Wind
turbine, Gas Turbine, Fuel Cell, and Electrolyzer) as well as storage systems (Battery energy storage
system and Hydrogen energy storage system). All these models are validated against experimental
data before their use in the simulation process. In the same section, Energy management strategy
(EMS) was developed, in our case, a rule-based EMS is considered in order to define the flow of
power in each time step of the simulation period, additionally the EMS outputs the defined key per-
formance indicators (KPIs) to be assessed at the end of the optimization process including technical,
economic and environmental KPIs. The optimal sizing of the HRES is conducted using optimization
algorithm is also conducted. Multi-objective optimization based on three solution algorithms including
Non-Dominant Sorting Genetic Algorithm-II (NSGA-II), Multi-Objective Particle Swarm Optimization
(MOPSO) algorithm and Fick's Law Algorithm (FLA). Finally, the pareto solution curves, after the
multi-optimization process is finished, are analyzed using the decision-making (DM) methods. The
Technique for Order Preference by Similarity to an Ideal Solution (TOPSIS) and Simple Additive
Weighting (SAW) are the DM adopted in this study.

In the final stage of this thesis, simulation process of modeling and optimal sizing of a HRES
are conducted under MATLAB. Additionally, the outcome of the simulation process are presented,
analyzed and discussed based on different techno-economic and environmental aspects. Firstly, the
reference system based on fossil fuel power plant is analyzed to reveal the actual COE and the
environmental impact based on the Carbon Dioxide Emission (CDE) factor of the actual system. The
simulation results for the reference reveal a COE of $71.05 per MWh and a CDE of 0.5871 kg/MWh
of produced electricity, these values are used to compare and assess the effectiveness of the adopted
HRES in both economic and environmental point of view. Additionally, other 09 HRES case studies
are considered, these case studies are categorized into three categories (Full renewable energy source
integration with single and dual storage means, Partial shift to renewable energy sources with single
storage and Partial shift to renewable energy sources with dual storage), the case studies consider
different levels of Renewable energy source integrations. The optimal sizing process of the adopted
case studies outcome the effectiveness of case study with PV-WT-GT energy source and considering
single or dual storage and a limit of minimum 80% of energy produced by renewable sources. The

minimum COE account for 0.0737$/kWh is obtained from a PV-WT-GT system with HESS storage,
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with a 80% of CDE is reduced to have a 0.0279 gCO2eq/kWh. Other system may also be feasible
with a configuration based on PV-WT-GT system with dual storages may reach a 95% of renewable
energy integration with relatively low COE of 0.1169%/kWh. The obtained outcomes also reveal the
conflicting behavior between objectives and the decision-making methods become a necessity to help
investors and operators of HRES in selecting the best tradeoff between different feasible solutions.
Finally, this work gives an insightful analysis of modeling, optimal sizing and energy management of
a hybrid renewable energy systems for remote loads such as oil and gas sector in Algeria. In contrast,

this work presents some other future perspectives including and not limited to:

e Considering a sensitivity analysis of load and renewable energy source variations. These inputs
present an intermittent and stochastic behavior and may strongly affects the size and the

performances of the studied system.

e |n this study, a rule-based Energy management strategy is adopted, however, considering a ma-
chine learning based EMS may leads to better management to operations and the performance
of the study systems especially in enhancing the performance of charging/discharging cycles of

the storage systems.

e The storage systems chosen in this study are chemical (HESS) and electrochemical (BES sys-
tem), however, assessing the effectiveness of other storage means such as thermal energy
storage system may leads to better storage performances due to both high round-trip charg-
ing/discharging efficiency of thermal energy storage and the possibility of the needs in heat load

demand for oil and gas facility.
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Appendix A

Techo-economic data

Table A.1: Economic Parameters of System Components

Component | Lifetime (years) Capital Cost 0O&M Cost Yearly | Replacement Cost
(% of Capital
Cost)
PV 25 350 $/kW 3% of yearly capital | 100%
WT 20 2500 $/kW 50 $/year 70%
GT 10 1840 $/kW 0.02 $/year + fuel | 100%
price
EL 10 1000 $/kwW 0.05 $/per working | 7%
hour
FC 10 1000 $/kW 0.05 $/per working | 7%
hour
H, ST 25 100 $/m3 50% of yearly capi- | 100%
tal
BT 5 ©@ 80% DoD 481.5 $/kWh 0.5% of yearly capi- | 100%
tal
Inverter 15 300 $/kW 0 100%
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Appendix B

Data for Electrolyzer modelling

Table B.1: Parameter values for the model

Parameter Value
rn 7.331 x 107°
ra —1.107 x 10~7
r3 0
S1 1.586 x 107!
S5 1.378 x 1073
S3 —1.606 x 107>
t 1.599 x 1072
t —1.302
ts 4.213 x 102
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Appendix C

Data

for BES modelling

Table C.1: Battery Energy Storage (BES) System Parameters

Parameter | Description Value

ngher Charging efficiency of the BES system 85%

ngigchar Discharging efficiency of the BES system 85%

Cgat-nom Nominal capacity of a single battery accumulator | 13.5 kWh

S50Cmax Maximum allowable state of charge 100%

50Chin Minimum allowable state of charge 20%

IBES— max Maximum allowable current 1800 A

VBES_nom Nominal battery voltage 12V

OBES Self-discharge of BES during time 5.7870x 1075 per hour. (eq. 50%

self-discharge each year)
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