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Resumo

As comunidades de energia renovavel (RECs) ganharam popularidade como uma nova
forma de reduzir as emissoes de carbono e promover a independéncia energética. No
entanto, a determinacdo do dimensionamento 6timo de cada unidade de producao e
armazenamento nas RECs impoe desafios devido a objetivos contraditoérios, tais como a
minimizacao dos custos e a maximizacao da producao de energia. Numa tentativa de
abordar esta questao de forma otimizada, este documento propoe um novo algoritmo de
otimizacdo multiobjectivo (MOA) denominado por Multi-Objective Arithmetic &
Differential Evolution Optimization (MOADEO). No entanto, para determinar o
dimensionamento 6timo de cada unidade de producao e de armazenamento em RECs,
este trabalho recorre a um outro algoritmo de otimizacdo multiobjectivo ja existente e
amplamente utilizado na literatura, chamado Multi-Objective Particle Swarm
Optimization (MOPSO), com multiplos enxames. Esta abordagem com miultiplos
enxames visa promover uma maior diversidade de solucbes, assegurando
simultaneamente uma boa pluralidade de solucées nao dominantes que definem a
fronteira de Pareto. Para avaliar a eficicia e a fiabilidade desta abordagem, foram
avaliados quatro estudos de caso com diferentes estratégias de gestao de energia (EMSs)
baseadas em operacgdes reais, com o objetivo de reproduzir os desafios praticos
encontrados em RECs reais. Os resultados demonstram a eficicia da abordagem
proposta na determinacdo do dimensionamento 6timo das unidades de producao e
armazenamento, abordando ao mesmo tempo varios objetivos contraditérios, incluindo
a viabilidade econémica e a flexibilidade, especificamente o custo nivelado da energia
(LCOE), o racio de autoconsumo (SCR) e o racio de autossuficiéncia (SSR). Os resultados
fornecem também informacbes importantes que esclarecem quais as EMSs mais

adequadas para este tipo de comunidades.

Palavras-chave

comunidade de energia renovavel (REC); estratégia de gestdo de energia (EMS);
algoritmo de otimizacao multi-objetivo (MOA); multi enxame MOPSO; sistemas de

armazenamento de energia (ESSs); partilha de armazenamento de energia
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Abstract

Renewable energy communities (RECs) have gained popularity as a new mean of
reducing carbon emissions and enhancing energy independence. However, determining
the optimal sizing for each production and storage unit within RECs poses challenges
due to conflicting objectives, such as minimizing costs while maximizing energy
production. In an attempt to optimally address this issue, this paper proposes a new
multi-objective optimization algorithm (MOA) denoted Multi-Objective Arithmetic &
Differential Evolution Optimization (MOADEO). Nevertheless, to determine the optimal
sizing of each of the production and storage units in RECs, this paper employs an existent
and widely used MOA present in the literature, named Multi-Objective Particle Swarm
Optimization (MOPSO), with multiple swarms. This multiple swarms approach aims to
foster a broader diversity of solutions while concurrently ensuring a good plurality of
nondominant solutions that define the Pareto Front. To evaluate the effectiveness and
reliability of this approach, four case studies with different energy management
strategies (EMSs) focused on real-world operations were evaluated, aiming to replicate
the practical challenges encountered in actual RECs. The results demonstrate the
effectiveness of the proposed approach in determining the optimal size of production and
storage units, while simultaneously addressing multiple conflicting objectives, including
economic and flexibility viability, specifically Levelized Cost of Energy (LCOE), Self-
Consumption Ratio (SCR) and Self-Sufficiency Ratio (SSR). The findings also provide

valuable insights that clarify which EMSs are most suitable for this type of communities.

Keywords

renewable energy community (REC); energy management strategy (EMS); multi-
objective optimization algorithm (MOA); multi-swarm MOPSO; energy storage systems

(ESSs); energy storage sharing

xi






Table of Contents

D T=T4 TG 110 i 28N v
ACKNOWIEdZEMENTS ..cvuieiiuieiiienieiecneiaciecasiecastesascesssesscessesssssssssessssesssseses vii
RESUINO «eururninieieieiiininieieieiiiiitteteteieititetetecetestsececesasessssssssesasassssssssasasassnses X
ADSETACE. ceuctuuieuirenitniiteirtieniceeittcteitsectscsssesssssecsssssssssssssssssssssssssssssssssssssasss xi
Table Of CONTENTS ..ccucreuiiniiiiiniiiniiniiniieniieieeicteiescesicsesssccescsssssssescsssssnes xiii
LiSt Of FIZUTIES .euceriuieiinieninienrecactececcecessecascesassessssessssessssessssesssssssssssssssssnse xvii
| 0 T ) o) LT N xix
LiSt Of ACTONYINS c.cuceiuiecreceneececcecestecsssecsssessssessssessssssssssssssssssssssssssssssssesas xxi
) ST 03 07 4110 10 KR xxiii
CHAPTER 1
501 01 11T 10} s DO Y 1
1.1 FramewWOTK ...coocooiiiiieeeee ettt ettt 1
1.2 Motivations and ObJECtIVES.......cceeuerrieriieriienierreeeee et 12
1.3 ThESIS SIIUCIUTE ..eevveiiieeeierireeee ettt eeeeeeesnbrrereeeeeeesssssraseseeeesssssnssessnnsenas 12
CHAPTER 2
System Modeling and Problem Formulation ........cccccceeieeiiniieiieiieiieciecnennenee 15
2.1 System MOAEliNg.....c.coeueriiiriiiieeieetee ettt 15
2.1.1 |37 1 1<) i (<SSR 15
2.1.2  PhotovoltaiC SYStEML.......ceiicuiiiiiiiiiiieirieeceteceie ettt sae e saaeessaaeesvaeens 17
2.1.3  Wind Turbine Generator .........ccccccueeieeiiieeeeciieeeeecreeeeeeiree e e ceree e e e naeeeeas 18
2.2  Energy Management Strategies and Problem Formulation............................. 20
2.2.1  Energy Management Strategies........cccccvveerriiureeeesiirreeieeieeeeecieeeeesvneeens 20
2.2.2  Problem FOrmulation ........cccccceeeevuverereeieiiiiiireeeeeeeeeceinrereeeeeeeeeesnnenenens 25
CHAPTER 3
Multi-Objective OpHMIZAtion c.cccieieiiciiceceiecececrcececscscscscecessssssssssecsssssssnses 31
3.1  Multi-Objective Optimization CONCEPLS .......eeeeeevurieeeeeiieeeeecireeeceieeeeeereee e 31

xiii



3.1.1  Multi-Objective Optimization Problems.......cccccecervienneriiirncnneenenneen. 31

3.1.2  Multi-Objective Optimization Formulation..........ccceceervueiriieeniieennnennnne 33
3.1.3  Pareto Optimality CONCEPLS ....ccovvviereriierriiieriieenrieeerteeerreeesreesaeeesveeenane 34
3.2 Meta-NEUTISTICS ...coeieuriiiiiieei ettt eeeesrrnrerrreeeeseesnnsereseseeesssenns 36
3.3  Multi-Objective Particle Swarm Optimization (MOPSO) ......ccccceeeveeecrveennnen. 38

3.4 The proposed Multi-Objective Optimization Algorithm: Multi-Objective

Arithmetic & Differential Evolution Optimization (MOADEO) .......ccceevveevvueerrueennne 40
L0705 R 5 V<) 3000 0 2 ) o (= RO 40
3.4.2  Features and FOrmuUlations ...........ccoovveevuvieieeeiiiiieiiinieeeeeeeesennneeeeeeeeeeenns 44

CHAPTER 4
Evaluation of the Proposed Multi-Objective Optimization Algorithm....... 49

4.1 Evaluation on Benchmark FUNCHONS .....oooevvuvevieiiiiiiieieieeeeeeeeeeiereeeeee e 49
4.1.1 Parameter SettingS .......uueeieeiiieiiiiiieeiccieee et e e ree e e ae e e 50
4.1.2  Performance CIItEIIa.......coovvvvureieeieiiieeiiiieeieeeeeeeeestrarreeeeeeessssssseeeeeeeesssns 51
4.1.3  Results and diSCUSSION .....cceeuvuveriiiiiiiieiiieieeeee et eeeeeeseasrrreeeeeeeeenns 52

4.2  Evaluation on Engineering Design Problems...........cccccveevieeeiieeccneeecieeeneenn. 65
4.2.1  Welded beam design problem..........ccceeeieeiieeiiciiieeiccieeececeeeseeeeeeeeeens 65
4.2.2  Gear train design problem ..........ccceeeviieiiiiiiieiiccieeecrreee e 68
4.2.3  Four-bar truss design problem ..........cccoevieriiieiniiieniiieeiiieeceeeeeeeseeenene 69
4.2.4  Pressure vessel design problem ..........ccccieviiiiiriiiiiniiieeinieecreceeeeseeene 70
4.2.5 Results and diSCUSSION .....coccuveririieiiiiiiiiieeeeeeeeeeirreeeeeeceesessnraeereeeeesenns 71

CHAPTER 5
Optimal Sizing of the Renewable Energy Community.....ccccceeeceecrecrecnennanees 75

5.1 Optimization Strategy.......ccccvieeeriiiiiiiriiieeieriite et serre e esre e e e s saeeeesssnaeees 75
5.1.1 Proposed Optimization Procedure.........ccccceeevveeriieeniieeniieenieeesieeesneenns 75

5.2  Results Discussion and ANAlYsis .......ccecceeeevueeeriieeeniieenniieeesieesseeesseeesseseessveeens 79
5.2.1  Renewable Energy Community......cccccceeevuierniueeeriueensiieennneesseeessneessveeennns 79
5.2.2  Data PrOfiles......cceiiiuiieeeeiieeeceeeeeeccee et e e e e naa e e e 82
5.2.3  Performance Evaluation and Results DiSCUSSIiON ...........cceeeveevnverereeeennnne. 87

xiv



5.2.4  Overall Results and Analysis of Renewable Energy Scenarios................. 97

CHAPTER 6
Conclusions

6.1 FULUTE WOTKS ..evvrieieiiiiiiiiiieeeeeceeeeirtreeeeeeeeeeeasnreseeeeesssessnssesessseeessssnsnseneees 104
1 3510) FT0T <3 11 1) 0 20N 105
APPEINAIXES. teieirierrrecserecscecscssscssscssssssssssssssssssssssssssssssssssssssssssssssssssssse 119

A. Formulations and settings of the 20 benchmark functions used in the

evaluation of the proposed MOADEO algorithm. .........cccccoeiiniiniiiniiniinineeen. 119
ANIE XS cutiecerieceriecertocertocestecsssescssessssessssessssessssessssessssessssessssessssessssessssesss 123
A. Scientific PUDLICAtIONS. ..cccccuviieeeeiieeeeciee et e e 123






List of Figures

Figure 2.1 - Kinetic Battery Model (KiBaM). ......cccceervueerriiernieeniieeniieenireesieeeseeeesneeens 16
Figure 2.2 - Scenario 1 energy management strategy flowchart. Adapted from [87]......21
Figure 2.3 - Scenario 2 energy management strategy flowchart. Adapted from [87].... 22
Figure 2.4 - Scenario 3 energy management strategy flowchart. Adapted from [87].... 23
Figure 2.5 - Scenario 4 energy management strategy flowchart. Adapted from [87]. ... 24

Figure 2.6 - Typical load and production profile.........cccccceereieereieiriieeniieinieeenieeeeeens 27

Figure 3.1 - Illustration of an example real-life MOP........cccccceoiiiiiniiiniiniiinenceeeenns 32

Figure 3.2 - Relationship between the multidimensional search space and the objective

SEATCH SPACE. ..vveerurieieiieiiiieieieeestte e et e st eeste e s s aeessaaeesssaeessaeesssaeesssaeesssaeesssaeensseesnnsaenn 35

Figure 3.3 — Cuboid of a random non-extremal solution i.........cccceeeuveeeeveeescveeeecveenennenn. 45

Figure 4.1 — Results of the simulation obtained by each MOA, on the 20 benchmark

functions, for the IGD performance metriC. ......cccccueeevuveeriiieenieeeriieereeerreeesee e e 64
Figure 4.2 — Welded beam design problem...........c.ccooueeieiriieniinnieniienieneeeeeieeeeenns 66
Figure 4.3 — Gear train design problem. .........cc.ccooiiiiiiiiiniiniienieeeeeee e 68
Figure 4.4 — Four-bar truss design problem. ...........ccccceeviiriiiriinniieniienieneereeeeeeeeenns 69
Figure 4.5 — Pressure vessel design problem. ..........ccccoiieiiiiiiiiiiciiiecccceeccceee e, 70

Figure 4.6 - Results of the simulation obtained by each MOA, on the 4 EDPs, for the SP

9135 (0) W e F: s Lol 00 1<) 0 (RSP S 73
Figure 5.1 - Optimization Strategy Diagram.........cccccceeevveeeieiiieeinciieeeeesieeeeeecneeeseeenens 76
Figure 5.2 - Renewable Energy Community Architecture..........cccccoeveeriienienneenneenneenns 79
Figure 5.3 - Power curve of the Bergey BWC XL-1 Wind Turbine. .........ccecceevieniinncns 81

Figure 5.4 - Box-and-whisker diagrams with an hourly resolution for each dataset profile.
(a) Participant a). (b) Participant b). (¢) Participant c¢). (d) Air temperature. (e) Solar
Irradiance. (f) Wind SPEed........ccuuiiieieiiiiiiiiee ettt e e eeee e e s aa e e s 84

xvii



Figure 5.5 - Box-and-whisker diagrams with a monthly resolution for each dataset
profile. (a) Participant a). (b) Participant b). (c¢) Participant c). (d) Air temperature. (e)
Solar Irradiance. (f) Wind SPeed..........ceecveirrieiniieiniiieiniiecrieecsieeesreessreessise e e e e seaeens 85

Figure 5.6 - Statistical distribution of the objective functions’ fitness values. .............. 88

Figure 5.7 - Scenario 1: hourly energy contributions. (a) Participant a). (b) Participant b).
(€). PaTtICIPANT C).vveeeieurrieiiriiieeiieiiteeeesiteeeesstreesesseeeeesssaaeeeessasaesessssneeesssssseesssssseeesnsnns 90

Figure 5.8 - Scenario 1: monthly energy contributions...........cccceeeveeeeieercieecsneeesneeennnen. 01

Figure 5.9 - Scenario 2: hourly energy contributions. (a) Participant a). (b) Participant

D). (€). PartiCIPANT ). veeevvieieiieiiieeiiieeniieeeiteeerte st e st essre e s be e s saeeessaaeesssaeessneesssaaenane 92
Figure 5.10 - Scenario 2: monthly energy contributions. ........cccceeoeeieenieriennienseenneen. 93

Figure 5.11 - Scenario 3: hourly energy contributions. (a) Participant a). (b) Participant

D). (€). PartiCIPANT ). veeeevieieiieiiiieiiieeeiieeeteeerte et e st e s see e s be e s sareessase e s saeesaaeesssaaannne 94
Figure 5.12 - Scenario 3: monthly energy contributions..........cccccvveeeeieeecieeccveecceeennen. 95

Figure 5.13 - Scenario 4: hourly energy contributions. (a) Participant a). (b) Participant

D). (€). PArtiCIPANT €). veeeeveeeeieeeeieeecieeecteeeeteeetesestee s e teeesaeeseteessssee e ssee s saaesssaeessssaannes 96
Figure 5.14 - Scenario 4: monthly energy contributions..........ccccceeeeeieeecieecsveecceeenen. 97
Figure 5.15 - Percentage of transacted energy in each scenario. ......cccccceeeeeeveeeneeenennne. 98

xviii



List of Tables

Table 1.1 - REC versus CEC: Summary of differentiating and common aspects. Based on

B0 -0 0 TG N =5 TSRO 5

Table 1.2- Literature review of recent research and review papers on optimal design

aNd/Or SIZING Of ECS....uuiiiiiiieiieieiieeeiee ettt sete s ste e e e e e s taeessaeesvaeessvaeesssaesnssaean 10
Table 2.1 - Renewable Energy Community SCeNarios. ........cceeveeevveeervveeeesveeessveeessveeennnes 20
Table 3.1 - Pseudo-Code of the AOA. ........oo it eree e e e ae e e e 41
Table 3.2 - Pseudo-Code of the DE algorithm. ........ccocveeriieiniieiniieiieenrieeesieeeee e 43
Table 3.3 — Pseudo-code of the Crowding Distance Function. .......ccccccceeeveerrveenrveennnee. 46
Table 3.4 — Pseudo-Code of the MOADEQ algorithm........cccccceeeriiieiriienniiennieennieenne 47
Table 4.1 - Individual parameter settings of the different MOAS.........cceceevverveereneennen. 50

Table 4.2 - Results of the simulation of the 20 benchmark functions, relative to the IGD

PEIfOrMANCE MEITIC. coouvvieieiieeiieeecteeecteeeete e e steeete e e e e e s e e e e taeestaeesaseessnseeennseeensseesnnees 55

Table 4.3 - Results of the simulation of the 20 benchmark functions, relative to the SP

PErfOrmance MELTIC. ...c.eeeueeruieeiiriieeteerte ettt et s et e st s st e s b e sne e s eesseesaneas 56

Table 4.4 - Results of the simulation of the 20 benchmark functions, relative to the MS

PETrfOrMANCE METTIC. 1ivuviiiiiieiiiieiiieeett ettt et e e sre e e s e e e s aaeesasaeessseeesssaesnasaesnnens 57

Table 4.5 - Results of the simulation of the 4 EDPs, relative to the SP performance metric.

......................................................................................................................................... 71
Table 5.1 - Batteries Model Parameters and Values. .........cccccvveeeeeeeeeccinreeeeeeeeeeeecnnenenen. 8o
Table 5.2 - Photovoltaic Model Parameters and Values. ..........cceeeeeeveeeeeecneeeeeeineeeeenns 80
Table 5.3 - Wind Turbine Model Parameters and Values. .......ccccccoeeeemvveereeeeeeeernnennnen. 82
Table 5.4 - Economic Criteria Parameters and Values. ........ccceeeveiiivevcneeeeeeeieiiencnnenenen. 82
Table 5.5 - Time-Series Analysis of Dataset Profiles: Statistical Values. ..........ccc.......... 85

Table 5.6 - Time-Series Analysis of Dataset Profiles: Maximum and Minimum Values and

CorreSponding DAtes. ......ceevuieriieeiierieeeeete ettt ettt e b e et e et s e s b e sneeeas 86

Xix



Table 5.7 - Time-Series Analysis of Dataset Profiles: Mean value details of each dataset

PTOTILE. ettt sste e st e e st e e s aa e e s baeesabaeesabaeesabaeensbaeenaraennns 86
Table 5.8 - Sizing Ratio for Renewable Energy Community Scenarios. .........ccccceeueen.e. 89
Table 5.9 - Performance Metrics for Renewable Energy Community Scenarios............ 99



List of Acronyms

ADMM Alternating Direction Method of Multipliers
ALO Ant Lion Optimizer

ANN Artificial Neural Network

AOA Arithmetic Optimization Algorithm

BESS Battery Energy Storage System

BWO Black Widow Optimization

CEC Citizen Energy Communities

COP21 Conference Of Parties 21

DE Differential Evolution

DOE Department of Energy

EC Energy Community

EDP Engineering Design Problem

EMS Energy Management Strategy

ESS Energy Storage System

EU European Union

FL Fuzzy Logic

FPA Flower Pollination Algorithm

GA Genetic Algorithm

GHA Grasshopper Optimization Algorithm

GHG Greenhouse Gas

GLS Guided Local Search

GWO Grey Wolf Optimizer

HES Hybrid Energy Systems

ILS Iterated Local Search

KiBaM Kinetic Battery Model

LM Levenberg-Marquardt method

MaOPs Many-objective Optimization Problems
MIDACO Mixed Integer Distributed Ant Colony Optimization
MOA Multi-objective Optimization Algorithm
MOADEO Multi-Objective Arithmetic & Differential Evolution Optimization
MAOA Multi-Objective Arithmetic Optimization Algorithm
MOFPA Multi-Objective Flower Pollination Algorithm
MOLA Multi-Objective Lichtenberg Algorithm

xXxi



MOO
MOP
MOPSO
MPPT
MSMEs
NEEG
NPV
NRM
NSGA-II
NSWOA
OEDI
PNEC 2030
PSO

PV

RDF
REC
RES
RNC2050
SA
SA-EHO
SEN
SOChax
SOChin
SO0
SOP
STC
STD
TMY3
TMY
TRR

TS
UPAC
VCG
WOA

Multi-objective Optimization
Multi-objective Optimization Problem
Multi-Objective Particle Swarm Optimization
Maximum Power Point Tracking

Micro, Small and Medium-sized Enterprises
Net Energy Exchanged with the Grid

Net Present Value

Newton Raphson Method

Non-dominated Sorting Genetic Algorithm
Non-Dominated Sorting Whale Optimization Algorithm
Open Energy Data Initiative

National Energy and Climate Plan 2030
Particle Swarm Optimization

Photovoltaic

Closed Distribution Networks

Renewable Energy Community

Renewable Energy Sources

2050 Carbon Neutrality Roadmap
Simulated Annealing

Self-Adaptive Elephant Herd Optimization
National Electrical System

Upper limit of State of Charge

Lower limit of State of Charge
Single-objective Optimization
Single-objective Optimization Problem
Standard Test Conditions

Standard Deviation

Typical Meteorological Year version 3
Typical Meteorological Year

Trust Region-Reflective method

Tabu Search

Self-Consumption Production Unit
Vickrey—Clark—Groves

Whale Optimization Algorithm

xxii



List of Symbols

best

bbeam

CRD
CRF

Cannual
Cbat
Ccap

Cosm

Edist

EBat
EBatCharge
EBatDischarge
Eexp
EExpCom.

E imp
ElmpCom.
Epy

Eserved

Maximum value of the objective function

Energy deficit that must be imported to satisfy the load demand
Minimum value of the objective function

Best solution

Thickness of the beam

Surplus energy produced

Capacity ratio of the battery

Cognitive acceleration coefficient

Social acceleration coefficient

Renewable energy directly consumed or stored by the REC
Crowding Distance

Capital recovery factor

Total annualized cost

Cost per kWh of the batteries

Initial capital cost

Maintenance and operation cost

Cost of each PV module

Crossover rate constant

Cost of each wind turbine

Dimension of the multidimensional search space / dimension of the

problem

Young's modulus

Euclidean distance

Sum of the participants’ battery-rated capacities

Charging energy used to charge the batteries

Discharging energy used to discharge the batteries

Exported energy exchanged by the REC with the electrical grid
Intra-community energy exportation

Imported energy exchanged by the REC with the electrical grid
Intra-community energy importation

PV energy produced

Annual electrical energy served by the system

Xxiii



Erotal Total energy transacted

Ewina Wind energy produced

f Objective function

F Objective function vector

FEdist Function to calculate the Euclidean distance

g Inequality constraints

gbest Global best position

G Solar irradiance

Gpeam Shearing modulus of the beam material

Gyocr Irradiance under Nominal Operating Cell Temperature conditions
Gsre Irradiance under STC

h Equality constraints

hg Anemometer height

hy, Hub height

hyeld Thickness of the weld

hq Height of available energy

h, Height of bound energy

int Nominal interest rate

IGD Inverted Generational Distance index

i, Index

Ji Polar moment of inertia of weld

k Iteration

kpat Conductance of the battery

kmax Maximum number of iterations

lb Lower boundaries

lpeam Clamped length of the beam attached to the wall
L Length

Lyeam Overhang length of the beam

Lyessel Length of the cylindrical vessel section

LCOE Levelized Cost of Energy

m Number of inequality constraints

M Moment of P about center of gravity of weld setup
MOAF Math Optimizer Accelerated Function

MOAF,,4x Maximum value of the Math Optimizer Accelerated Function
MOAF,;, Minimum value of the Math Optimizer Accelerated Function

MOPF Math Optimizer Probability Function

XXIV



rep

T€Pmax

Rbeam
SCR

SP
SSR

tbeam

Maximum Spread index

Number of participants in the REC

Number of solutions / search particles

Number of true Pareto optimal solutions

Project’s lifetime

Nominal Operating Cell Temperature

Net present cost

Number of PV modules connected in parallel

Sum of the PV modules of the participants

Number of PV modules connected in series

Sum of the wind turbines of the participants

Number of objective functions

Participant

Load

Maximum charging power of the battery

Maximum charge or discharge power of the battery
Maximum discharging power of the battery

Bar buckling load

Power output of the PV system

Maximum power under STC

Number of equality constraints

Total energy of the battery

Available energy of the battery in the beginning of each time step
Bound energy of the battery in the beginning of each time step
Available energy of the battery at the end of each time step
Available energy of the battery at the end of each time step
Repository size

Repository maximum size

Random generated index

Inner radius of the vessel

Moment of the load about the center of gravity of the weld setup
Self-Consumption Ratio

Spacing index

Self-Sufficiency Ratio

Hour

Height of the beam



Hmppt

Opeam

Ubeammax

Index of the Spacing indicator

Ambient temperature

Cell temperature

Thickness of the hemisphere head

Temperature under Nominal Operating Cell Temperature conditions
Thickness of the shell

Cell temperature under STC

Upper boundaries

Vector resultant of the crossover process

Velocity of each particle

Vector resultant of the mutation process

Wind speed at anemometer height

Wind speed at hub height

Solution / individual

Number of teeth of the gears

Number of teeth in the driven gear

Number of teeth of the gear attacked to the driven gear
Number of teeth on the driving gear

Number of teeth in the final gear

Power law exponent / Friction coefficient
Temperature coefficient of the open-circuit voltage under STC
Control parameter of the AOA

Mutation scaling factor

Bar deflection

Maximum deflection

Time step

Random tiny positive number

Multidimensional search space

Photovoltaic system efficiency of the maximum power point tracking
method

Normal stress

Bar bending stress

Design normal stress for the beam material

Weld stress

Primary stress acting over the weld throat

Secondary torsional stress



=]

Design stress of the weld
Objective search space
Inertia factor

Feasible space

Infeasible space

XXVil



XXviil



CHAPTER 1

Introduction

In this chapter, the framework and the importance of the study of this dissertation
is exposed, followed by the corresponding motivations and objectives. Lastly, the

structure of this dissertation is presented, revealing the contents covered in each chapter.

1.1 Framework

The rapid global increase in population, high living standards, infrastructural
development, and industrialization, have resulted in a massive scale extraction of fossil
fuels like coal, gas, and oil, at a very alarming pace [1], [2]. The rapid depletion of these
energy sources, as well as its high volatility costs in the past recent decades, adding to
the aggravation of the climate change and global warming largely caused by the CO2
emissions during its combustion, have prompted very big concerns regarding the future
of planet Earth, as well as an imminent approaching energy crisis [3]. These topics
incited a strong impulse to the topic of renewable energies, which has been addressed, to
a greater or lesser extent, by governments around the world by the adoption of new

regulations and policies, encouraging the employment of renewable energy technologies

[4].

The Paris Agreement [5], is the first-ever universal, legally binding global climate
change agreement, adopted at the Paris climate Conference of Parties 21 (COP21), in
December 2015, setting a bond between today’s policies and climate-neutrality before
the end of the century [6]. It established a global framework to avoid a dangerous climate
change by restraining the average global temperature increase to well below 2 °C and to
pursue efforts to limit the average global temperature increase to 1.5 °C, above pre-
industrial average temperature levels, until the year 2100 [6], [7]. This agreement marks
anew era in global mobilization to address climate change, and stipulates that to achieve
these objectives, the world will need to accomplish carbon neutrality in the second half

of the century [7].

To carry though the Paris agreement commitments for reducing greenhouse gas

(GHG) emissions, the European Union (EU) overhauled its energy policy framework to



further move away from fossil fuels towards cleaner energy [8]. To show global
leadership on renewables, the EU set an ambitious collective of objectives for the period
of 2021-2030, through the 2030 Climate and Energy framework [9], stating objectives
like reaching at least a 40% reduction in GHG emissions (compared to 1990); attain at
least 32% of energy derived from renewable sources [10]; and an improvement of at least

32.5% in energy efficiency [7], [11].

Through the Directive (EU) 2018/2001 of 11 December 2018 [10], the EU defined
environmental targets and sustainability criteria that promote energy from renewable
energy sources (RES), establishing the concepts of individual and collective self-
consumption of renewable energy, and with the latter, the promising concept of
Renewable Energy Communities (RECs): RECs emerge as a new mean of renewable
production and development of the renewable energy consumption, having the faculty
of producing, consuming, storing, sharing, and selling renewable energy, and being able
to access all the appropriate energy markets. This directive also provides a legal
framework that allows self-consumers of renewable energy to produce, consume, store,
share and sell electricity without facing disproportionate requirements [12]. On the other
hand, and in accordance with Directive (EU) 2018/1999 [13], it was determined that all
State Members should draw up and submit to the European Commission, an integrated

national energy and climate plan for 2021 to 2030 [14].

It is worth mentioning that in 2016, the Portuguese government pledged to
ensure neutrality of its emissions by the end of 2050 as a contribution to the Paris
Agreement and in line with the most ambitious efforts under way at an international
level, outlining a clear view on intense decarbonization of the national economy [7]. To
achieve this goal, the 2050 Carbon Neutrality Roadmap (RNC2050) [7] was approved by
the Resolution of the Council of Ministers no. 107/2019 [15], identifying the main
decarbonization vectors in all sectors of the economy, the policy and measures options
and the emission reduction path to achieve in different scenarios of socioeconomic

development [7].

Moreover, Portugal, being part of the EU, and having comply with the objectives
stipulated by the latter, in particular the Directive (EU) 2018/1999, developed, in
conjunction with the objectives of the RNC2050, a national strategy policy instrument
named the National Energy and Climate Plan 2030 (PNEC 2030) [16], which is the main
national energy and climate policy instrument for the current decade, setting new
national targets for the reduction of GHG emissions, renewable energy and energy

efficiency in line with the objective of carbon neutrality [7]. Its main objective is to meet



the targets established such as achieving a 47% share of energy from RES in gross final
consumption by 2030, which means that the contribution of renewables in the electricity
sector will have to be at least 80% of total production, and therefore the installed
capacity, particularly in solar, will have to reach at least 1 GW by 2030 [12]. To achieve
these goals, several national directives and regulations were issued to promote the use of

renewable energy in industry, services and by ordinary citizens.

One of those national regulation was the national Decree-Law no. 162/2019 [12],
which was based and partially transposed to the Portuguese law from the Directive (EU)
2018/2001, and marked a revolution in the way self-consumption entities can organize
themselves, multiplying business possibilities, and ensuring a change in the paradigm of
the (National Electrical System) (SEN), affirming that it must necessarily evolve from a
system based on centralized production to a decentralized model that includes local
production, self-consumption solutions, active management of smart grids and ensuring
the active participation of consumers in the markets, or through a combination of
centralized instruments for promoting clean energy (e.g. capacity auctions) [12].
Additionally, various concepts like renewable self-consumption, storage energy, and the
right to share energy are defined, with the concept of RECs, previously debuting in

Directive (EU) 2018/2001, also emerging for the first time in Portuguese regulations.

Despite all of this, the current regulation in law in Portugal, as of the making of
this dissertation, is done under the Decree-Law 15/2022 [14], that revoked the previous
regulation in law in Portugal, Decree-Law (no. 162/2019). The main objective of this new
Decree-Law was concentrating all the information on self-consumption, energy
communities (ECs), the SEN as well as all the regimes and laws associated with them,
into a single document, transposing the two current European directives: Directive (EU)
2018/2001 (and therefore national Decree-Law no. 162/2019); and Directive (EU)
2019/944 [17], where new rules were established for the internal electricity market and
where likewise the EU introduced the concept of ECs in its legislation, notably as Citizen
Energy Communities (CECs) and RECs [18].

Decree-Law 15/2022 clarified important aspects for the foundation of ECs as two
different legally recognized entities: RECs and CECs, besides the duties for their
constitution, the obligations on the part of consumers and producers, as well as the
perception of the necessary updating of the SEN. Additionally, it guarantees in a
complementary way to the activities of local production, storage, self-consumption,
transportation, distribution and commercialization of electricity, and the exercise of the

activities covered by it obeys and the principles of rationality and efficiency of resources,



ensuring the economic and financial sustainability of the SEN with universal access,
whilst promoting the incorporation of RES, an increase in energy efficiency, greater
energy security and an increase in the internal market and research, innovation, and

competitiveness [19], [14].

In conclusion, the current European regulatory frameworks, Directive (EU)
2019/944 and Directive (EU) 2018/2001), as well as the current regulation in law in
Portugal (Decree-Law 15/2022), state two approaches associated with ECs, specified as

two different legally recognized entities: REC and CEC [20].

REC are defined, as of Decree-Law 15/2022, Article 189.°, as a collective person
established under the terms of this decree-law, through open and voluntary adhesion of
its members, partners or shareholders, who may be singular or collective persons, of a
public or private nature, including, in particular, small and medium-sized enterprises or
local councils, controlled by them and who, cumulatively: i) the members or participants
are located in the vicinity of the renewable energy projects or carry out activities related
to the renewable energy projects of the respective energy community, necessarily
including self-consumption production unit (UPAC); ii) these projects are owned and
developed by the REC or by third parties, provided that they are for its benefit and at its
service; iii) the main objective of the REC is to provide environmental, economic and
social benefits to the members or the localities in which the community operates, rather

than financial profits.

Additionally, it states that RECs have the power to: i) Producing, consuming,
storing, buying and selling renewable energy with its members or third parties; ii) share
and commercialize among its members the renewable energy produced by UPACs at its
service, in compliance with the other requirements set out in this decree-law, without
prejudice to the REC members maintaining their rights and obligations as consumers;

iii) access all energy markets, including system services, both directly or via aggregation.

As of Decree-Law 15/2022, Article 191.°, CECs are defined as a collective person
established under the terms of this decree-law, through open and voluntary adhesion of
its members, partners or shareholders, who may be singular or collective persons, of a
public or private nature, including, in particular, small and medium-sized enterprises or
local councils, and which: i) aims to provide environmental, economic or social benefits
to its members or stakeholders or to the local areas in which they operate, and its main
objective cannot consist of obtaining financial profits; ii) may engage in the production,

including of energy from RES, distribution, marketing, consumption, aggregation,



storage of energy, provision of energy efficiency services, or charging services for electric

vehicles or provide other energy services to its members or stakeholders.

Furthermore, it outlines additional differences between CECs and RECs, stating
that CECs are governed by the provisions of the articles of RECs with the following
specificities: i) they may own, establish, purchase or rent closed distribution networks
(RDF) and manage them, under the terms defined in this decree-law; ii) they may
produce, distribute, market, consume, aggregate and store energy regardless of whether

the primary source is renewable or non-renewable.

Table 1.1 summarizes the main differences and common aspects between these

two different legally recognized entities.

Table 1.1 - REC versus CEC: Summary of differentiating and common aspects. Based on [20] and [21].

Renewable Energy Communities Citizen Energy Communities
(REC) (CEC)
.. Specific governance & Limited Specific governance & Unlimited
Participants . .
membership membership

Geographical Members or participants located in the o
No geographical limitation

scope vicinity of the renewable energy projects
E 100% renewable energy production Operate in the electricity sector and
nergy
through RES are technology-neutral
Primary purpose is to generate social & environmental benefits rather than focus on
Purpose .
financial profits.
Ownership Emphasize participation and effective control by citizens, local authorities, and
and Control smaller businesses whose primary economic activity is not the energy sector
Participation must be open and voluntary, and households should find it easy to both
Governance .
enter & leave the energy community
. Can exercise similar activities: generation, aggregation, energy storage, distribution,
Activities . . . .
consumption, provision of energy related services, supply, and sharing.
. . Defined through Directive (EU) 2018/2001 Defined through Directive (EU)
Directives
[10] 2019/944 [17]

Other differentiating factors are the autonomy, and effective control: RECs are capable
of remaining autonomous from individual members and other traditional market actors
that participate in the community, as members or shareholders, while CECs limit the
decision-making powers to those members or shareholders who are not engaged in large-

scale commerecial activity in the energy sector [10], [17], [21]; relatively to the effective



control, RECs can be controlled Micro, Small and Medium-sized Enterprises (MSMEs)
that are obligatorily located in the proximity of the renewable energy project; CECs

exclude medium-sized and large enterprises from being able to exercise effective control

[21].

Additionally, in Decree-Law 15/2022, Article 3.°, various definitions were
updated and/or transposed from the previous regulations, some of which very relevant
to REC in general, that are worth stating, for instance: d) «Energy storage» means
transference of the end use of electricity to a time after its production by converting it
into other forms of energy, namely chemical, potential or kinetic; e) «Self-consumption»
means the consumption of electricity produced by one or more UPACs and carried out
by one or more self-consumers of renewable energy; hh) «Renewable energy sources»
(RES) means renewable non-fossil energy sources, namely wind, solar, aerothermal,
geothermal, hydrothermal, oceanic, hydroelectric, biomass and renewable gases; 00)
«Hybrid» means a producer or UPAC which, in the prior control procedure,
simultaneously presents more than one production unit using several primary renewable
energy sources; qqq) «National Electrical System» (SEN) means the set of principles,
organizations, agents and electrical installations related to the activities covered by this

decree-law, in national territory;

As observed, RECs bond a very wide variety of energy actions, such as generation,
distribution, supply, aggregation, consumption, sharing, storage of energy,
electromobility and provision of energy-related services, involving local members,
partners, or shareholders of public or private nature, who may be singular or collective
persons [22]. Therefore, despite their wide recognized potential as aforementioned, the
implementation of RECs pose several challenges that need to be carefully addressed and
thoroughly analyzed, barriers like priority dispatching, curtailment, ownership, and
management of distribution [22]. These barriers can be divided in a couple main aspects
as key parts for their success: financial aspects, social/cultural /political or organizational
aspects, legal/administrative or bureaucratic aspects, and technical aspects [22], [23],
[24], [25]. Financial barriers refer to the access to finance, unfair payments for energy
produced, weak incentive to use renewable energy in heating and tax and guarantees
injustice; social/cultural/political or organizational aspects refer to the lack of
experience setting up communities and low trust in the community model;
legal/administrative or bureaucratic aspects refer to the complicated legal framework,
bureaucratic barriers to grid connections and microgrids operations inherent and
intrinsically linked to the regulation and legal framework defined by each country,

perhaps by the lack of authority support and lack of RES support schemes; and finally,



technical aspects refer to the lack of expert knowledge about ECs, addressed with the
examination of technologies that are implemented or have the potential to be

implemented in an EC environment [22], [24].

One of the technical aspects that have gained large amounts of attention and have
been the subject of many scientific articles in recent years, is the design of RES, which is
a fundamental aspect of RECs and Hybrid Energy Systems (HES) in general [24], [26].
The selection of the right energy generation technologies and respective sizing is a
fundamental part of the successful implementation of RECs and have been identified as
a major activity in the implementation of RECs [22], [26]. Furthermore, being aware of
the available technologies and their potential impact can unlock great possibilities for

new and existing RECs [24].

The task of optimally designing RECs is, however, a very difficult undertaking
since these communities face significant variability and unpredictability due to
renewable energy production [27], [28]. Nonetheless, this variability and
unpredictability can be mitigated by the complementarity of resources (such as wind and
solar) to balance the variability in energy production, or by the introduction of energy
storage systems (ESSs) [29]. ESSs can store surplus energy produced during times of
high production and discharge it during times of low production, enabling RECs to
become more self-sufficient and reducing their reliance on the electrical grid.
Additionally, the introduction of ESSs in RECs also enables new energy-sharing concepts
(such as storage sharing) that enable the sharing of the same energy storage system by
different community participants [30]. However, minimizing the reliance on the
electrical grid and enabling this type of operation (energy and storage sharing) requires
an energy management system to optimize the energy flow and manage the different

energy sources within the RECs [31].

One other fundamental aspect that contributes to the efficient operation of an
REC and the mitigation of the variability and unpredictability of renewable energy
production is the optimal sizing of each participant’s production and energy storage
units. This is especially important to complement the variability of natural resources
used for energy production; ensure a robust, reliable, and efficient energy system,;
manage the initial investment effectively; and account for the diverse profiles of each
participant, whether residential or industrial. Thus, the optimal sizing of energy
communities has been the subject of great interest by the scientific community due to
the growing maturity of renewable technologies (mainly with the reduction of their cost)

and the increase and enormous volatility in electricity prices [32], [33], [34].



In order to determine the most appropriate design and/or sizing of the
community’s renewable energy infrastructure, several optimization techniques can be
applied. In this approach, a wide variety of optimization techniques can be found in the
literature, which can be roughly grouped into deterministic and metaheuristic

optimization methods [35].

Deterministic methods are a well-known and well-studied technique in
optimizing scientific problems, which are very efficient in convex optimization problems
(local search) and generally have a low computational cost, such as the Newton Raphson
method (NRM) [36], the Levenberg-Marquardt method (LM) [37] and the trust region-
reflective method (TRR) [35], [38]. However, these methods can converge prematurely
to local minima, they need continuity, convexity, and differentiability conditions to be

applicable and, furthermore, their efficiency is extremely dependent on the initial

positioning [35], [39].

On the other hand, metaheuristic methods use an iterative process that combines
random techniques and historical knowledge acquired (memory), to explore a search
space with multiple variables and constraints, to find high quality solution(s), while
avoiding any convergences to local optima and being capable to deal with non-convex
and multimodal optimization problems [35]. This optimization techniques surpass
conventional algorithms due to their black-box optimization nature, gradient free
mechanisms, and high local optimal avoidance capability [40], [41], [42]. The reason
behind the robustness and effectiveness of the metaheuristic optimization techniques is
the harmonization between two search mechanisms: exploration (diversification) and
exploitation (intensification) [43], [44]. The former is responsible for the diversification
and abroad search of solutions in the multidimensional search space. The latter is
responsible for the intensification of search in local optimal solutions. The performance
and the efficiency of a metaheuristic heavily depend on a correct balance between the
inherent techniques of these two mechanisms: if this balance is not well defined, the
metaheuristic algorithm may converge prematurely to optimal local solutions, or the

opposite situation, never converging to the global optimal solutions [45].

In the literature, a common way of separating metaheuristics is dividing them
into the two following categories: trajectory-based metaheuristics and population-based
metaheuristics [43]. Trajectory-based metaheuristic algorithms begin with a single
solution that is replaced by the best one, in each iteration, forming a search trajectory in

the multidimensional search space. Many trajectory-based metaheuristic algorithms can



be found in the literature, including Simulated Annealing (SA), Tabu Search (TS),
Iterated Local Search (ILS), and Guided Local Search (GLS) [46].

Population-based algorithms, however, fundamentally begin by generating a
random set of candidate solutions that, in each iteration, is improved based on the set of
rules defined in the algorithm and evaluated according to the objective function. The
algorithm seeks to find the best global solutions stochastically, by constantly improving
the set of best solutions found so far. Countless population-based metaheuristics can be
found in the literature, and some of the most popular are Particle Swarm Optimization
(PSO) [47], Genetic Algorithms [48], Cuckoo Search Algorithm [49], Whale
Optimization Algorithm (WOA) [50], Tabu Search Algorithm [51], Grey Wolf Optimizer
[52], Black Widow Optimization (BWO) [53], Self-Adaptive Elephant Herd Optimization
(SA-EHO) [54], Mixed Integer Distributed Ant Colony Optimization (MIDACO) [55] and
Grasshopper Optimization Algorithm (GHA) [56].

These metaheuristic strategies can, therefore, rely on optimization algorithms to
achieve efficient power flow optimization and guaranteeing appropriate sizing of the
community’s renewable energy infrastructure while ensuring compliance with specific

REC constraints.

Next, a literature review is carried out, in Table 1.2, focusing on recent research

and review papers on optimal design and/or sizing of ECs.



Table 1.2- Literature review of recent research and review papers on optimal design and/or sizing of ECs.

A Optimization
Work Type System Technologies Optimal L L.
Ref. | Year . Approach Objective/s Short description of contents
sizing
Review | Research | PV+ESS Wind Thermal SO0 MOO
The authors proposed an optimization model to schedule peer-to-peer
Minimize the total cost of the | transactions via local electricity market, grid transactions in retail
[57] | 2021 - X X - - . X R rid .
EC market, and battery management considering the photovoltaic
production of households.
Reviews the most recent research on the mathematical formulation of
[58] 2022 X - - - - - - - - - . . .
optimization models for optimal scheduling of resources in ECs.
Minimize the Net Energy X . .
i K The authors studied the optimal design and control of a PV plant and
[59] 2021 - X X - - X X - Exchanged with the Grid .
ESS of a metro station.
(NEEG)
Maximize the overall | The authors proposed different strategies for scheduling a battery
[60] 2021 - X X - - - X - X
revenues of the REC energy storage system (BESS) in a REC.
Maximize the energy cost | The authors performed an in-depth optimization analysis related to the
[61] | 2022 - X X - - X - . . . .
reduction sizing of RES systems and storage capacity of a REC, in a port.
L. The authors realized a case study in a real REC with nine EC members
Minimize the total annual L L .
[62] | 2021 - X X - - X X - ) of a municipality in Austria, with distributed PV systems, ESS, different
energy costs
& electricity tariff scenarios and market signals including feed-in tariffs.
L Presents an optimization model to orient energy experts and urban
Maximize the net present . o
[63] | 2023 - X X - - X X - lue (NPV) planners in the capacity sizing and flow management of RECs under the
value
Italian regulatory framework
. The authors proposed a multi-objective optimization model to obtain
Minimize the total annual L . . L
X L the optimized configuration of interconnected distributed energy
[64] | 2018 - X X - X X - X cost while minimizing the i . o .
L resource systems in an EC, while considering economic and
total annual CO2 emissions .
environmental aspects.
Maximizes the self- . . o
. . L This paper presents and analyses the impact of a bi-objective strategy to
sufficiency while minimizing L. K K .
[65] 2021 - X X - - X - X K optimize the capacity of the BESSs of REC prosumers equipped with PV
the BESS capacity of the REC
generators.
members
L Presents a novel approach that aims to assist a distribution system
[66] i 2018 - X X - - X X - Maximize the NPV X X X K L .
operator to intelligently design the community BESSs considering high

10



penetration of prosumers equipped with rooftop PV systems and

electric vehicles

[67]

2021

Maximize the NPV

Proposes a business model for aggregators of ECs, and its optimization

problem, accounting for crucial aspects.

[68]

2020

Maximize the BESS NPV

Proposes two different BESS ownership structures, which are compared

to the traditional user owned BESS under the peer-to-grid framework

[69]

2019

Minimize the total cost over

the planning horizon

Evaluates the profitability and self-sufficiency of optimally designed

microgrids for new proposed business models

[70]

2023

This paper identifies the main drivers behind the optimal investment
decision of a REC, which result from the relationship between the
marginal realized price and the levelized cost of the electricity generated

by each renewable technology.

[71]

2018

Minimize electricity

purchases from the grid

Proposes a new energy management framework and storage sizing for

an EC composed of multiple houses and distributed solar generation

[72]

2021

Minimize NEEG trading

costs

Analyses the sizing and placement of a community storage at a district
level using Multi-Period Power Flow, considering PV sizing and power

flow conditions.

[73]

2022

Minimize the economic and

environmental impact

Proposes a mixed-integer linear algorithm implementing a partitioned

clustering program for subsequent classification of typical demand.

[74]

2021

Maximize the social welfare

This study maximizes the net profit by deducting the gain to customers
from the use of PV and BESS from their costs.
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1.2 Motivations and Objectives

The motivations of the current dissertation are grounded on the lack of
investigation and application of RECs in a multi-objective optimization approach, with
multiple objectives. Multi-objective optimization problems (MOPs) are, in general, and
particularly in REC design and sizing, a difficult and challenging investigation process,
demanding the analysis of perhaps multiple conflicting interrelated objectives, of
economic, technical and/or environmental nature, simultaneously, while considering
multiple design constraints and limitations. Nevertheless, the solutions of multi-
objective optimization problems, in contrast to single-objective optimization problems

(SOPs), provide more robust, viable, and optimized solutions/results.

To increase efficiency and spread the adoption of RECs, this paper aims to
determine the optimal sizing of multiple renewable energy production units with a
storage system, within an REC, regardless of the number of participants, in a multi-
objective optimization approach. Through the optimal sizing of the various energy
production and storage units, participants can produce, consume, share, store, and sell
the energy produced by RECs, actively contributing to a more accurate, capable, and

rational long term energy transition.

Likewise, this paper targets to comprehensively analyze and compare the
effectiveness of different real-world based energy management strategies (EMSs), in
RECs, replicating the practical challenges encountered in actual RECs operations. These
strategies can encompass different levels of cooperation, participation, and collaboration

among the various production and storage units of electric energy.

1.3 Thesis Structure

This dissertation is organized in six chapters. Below is a brief description of the

contents addressed in each chapter.

The current chapter, CHAPTER 1, realizes the introduction of this dissertation. As
aforementioned, it presents the frameworks, the motivations and objectives, and

currently describes the structure of this dissertation.

CHAPTER 2 presents the mathematical models of the system components, the EMSs

chosen, and devises the problem formulation.
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CHAPTER 3 regards all the concepts and definitions of Multi-Objective Optimization
(MOO). It presents the conceptualization of the Multi-Objective Particle Swarm
Optimization (MOPSO) algorithm, and likewise the distinctive aspect of this study, the
novel proposed Multi-Objective Optimization Algorithm (MOA) named MOADEO —
Multi-Objective Arithmetic & Differential Evolution Optimization, both with the

corresponding preliminaries and formulations.

In CHAPTER 4, the effectiveness and performance of the proposed MOADEO algorithm
is evaluated and compared to other MOAs commonly utilized in the literature to solve

Multi-objective Optimization Problems (MOPs).

CHAPTER 5 presents the optimization strategy implemented, and afterwards discusses

the results of the optimal sizing for each EMS implemented.

Lastly, CHAPTER 6 presents the conclusions of the study, and notes possible future

works.
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CHAPTER 2

System Modeling and Problem Formulation

In this chapter, the mathematical models of the components of the REC are
presented and formulated in great detail. Furthermore, the energy management
strategies used to simulate the community are established and properly schematized,
and the corresponding problem formulation is defined under two different system

evaluation criteria.

2.1 System Modeling

Before sizing the system’s individual technologies, the models must be defined to
simulate the system realistically and accurately. However, simulating any REC as close
to reality as possible can be very complex, given the numerous variables and constraints

that need to be considered [75].

In this section, the mathematical models of the system components are presented
in detail. The simulated community consists of different energy sources (namely solar
and wind power) that directly supply the existing electrical load. Additionally, the
community includes an energy storage system (specifically batteries) that play a crucial
role in storing excess renewable energy for later use. These models are essential for a
comprehensive understanding of the renewable energy community’s dynamics and for

devising effective energy management strategies.

2.1.1 Batteries

In the existing literature, many different models can be found to simulate and
describe, in a feasible and detailed way, the behavior of different types of batteries under
different operating conditions [76]. They can be divided into four different groups:
Electrochemical, Stochastic, Electrical, and Analytical models [77].

The Kinetic Battery Model (KiBaM) is a popular analytical model developed by
Manwell and McGowan in [78], that is widely used in energy storage system simulations.

As illustrated in Figure 2.1, this mathematical model represents a battery with two
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reservoirs (available charge and bound charge) separated by a conductance. The
available charge reservoir contains the available energy of the battery (q,) that can be
immediately supplied to the load, and the bound charge reservoir contains the battery’s
remaining energy (g, ) that cannot be immediately converted into electrical energy since
it is only responsible for supplying energy to the available charge reservoir. The battery’s
capacity ratio of available energy to total energy is defined by c¢ [79]. The energy flow
exchange between reservoirs depends on the conductance (k,;) that represents how
quickly the energy from the bound charge reservoir is converted to the available charge
reservoir or vice-versa, depending on the operating condition, and on their height
difference (h; — h,), where h; = q; / cand h, = q, / (1 — ¢). The battery’s capacity is the

sum of both reservoirs’ capacity, q,,: = g1 + q>-

1-c

“—> 4 5
A
A
h, Bound Energy
(@) Available Energy | |h,
(1)
Kpat I
v - v
Bound Charge Available Charge
Reservoir Reservoir

Figure 2.1 - Kinetic Battery Model (KiBaM).

When the battery is discharging, the available charge reservoir supplies its energy
to the connected load, while the bound charge reservoir supplies its energy to the
available charge reservoir at a slower rate, causing the height difference of both
reservoirs to increase. When the battery is charging, the available charge reservoir
charges at a faster rate than the bound charge reservoir. When the battery is not being
used, a flow of energy occurs between both reservoirs, causing the reservoirs to balance
each other until both reservoirs’ heights are equal (h; = h;). The amount of energy
contained in each reservoir, in each time step, is represented by the following Equations

(2.1) and (2.2) [79]:
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(Qbatkbatc - Pcd)(l - e_kbatAt)

I -k At
q 1 ql e bat + k
bat

(2.1)
Pogc(kpgedt — 1 + e kparAt)
kbat
q'y = qae70at4 + qqr (1 = ) (1 — e7*artt)
Pcd(l - C)(kbatAt -1+ e_kbatAt) (2.2)

kbat

where q'y, q'; and g4, g, are the available charge and bound energy at the end and
beginning of each time step, respectively, in [kWh] [79]; At is the time step; and P, is
the charge or discharge power of each time step [kW], depending on the operating
conditions. A positive value of P.; means the discharging power of the battery being used
to cover the demand, while a negative value means the charging power of the battery

being used to store surplus energy.

The maximum discharging and charging power of the battery in kW, in each time

step, is given by the following Equations (2.3) and (2.4), respectively:

_ Kpqrqre”Fbatdt + Qbatkbatc(l - e_kbatm)

= 2.
Fa 1 — e kpardt + c(kpq At — 1 + e kpardl) (2:3)

_ _kbatCQbat + kbatqle_kbatﬂt + Qbatkbatc(l - e_kbatAt)

P. = 2.
¢ 1 — e7*batdt 4 c(kpg At — 1 + e~ Fpardl) (2.4)

This mathematical model is computationally efficient and allows for the description of
electrochemical processes occurring within the battery using a reduced set of
parameters: the total charge ratio stored in the available charge reservoir (c), the
conductance (charge flow rate) between both reservoirs (kj,:), and the maximum
capacity of the battery (qpq.)- These parameters can be estimated through a series of
experimental measurements with constant discharge currents or by using the battery
datasheet (at least three discharge curves). Furthermore, it can capture nonlinear effects
during charging and discharging, such as recovery effects and capacity rate. However, it

does not account for the effects of temperature and battery aging [80].

2.1.2 Photovoltaic System

The Photovoltaic (PV) system is a crucial and impactful component of an REC,

although it provides intermittent production with large variability and unpredictability.
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Therefore, carefully selecting a model that best suits each specific application is essential.
Various models in the literature are used to simulate the behavior of PV modules under
different operating conditions, including factors such as dust, cell temperature, partial
shading, irradiance, and others [76]. Various models with one, two, or even three or more
diodes are commonly used in literature. However, these models imply a considerable
amount of computational time and effort, unnecessary for this type of simulation. In this
paper, to reduce the computation effort, a synthesized model is used to determine the
output power of the PV modules, defined as a function of the PV cell temperature and
solar irradiance (G). The power output of the PV system in each time step, with Ng

modules connected in series and N, modules connected in parallel, is given by Equation

(2.5) [81], [82].

G
PPV = Umppt (PSTC @ (1 + aVOC(Tcell - TSTC))) NSNP (25)

where [t is the photovoltaic system efficiency of the maximum power point tracking
method (MPPT) [%]; Py is the maximum power under Standard Test Conditions (STC)
[W1], i.e., a solar irradiance of 1000 W /m?and a temperature of 25 °C; G is the given solar
irradiance in each time step [Wm™2]; Ggr¢ is the irradiance under STC [Wm™2]; ay ¢ is
the temperature coefficient of the open-circuit voltage under STC [V °C™1]; Tgr( is the cell
temperature under STC conditions [°C]; and T,,;; is the cell temperature in each time

step [°C] given by Equation (2.6) [83], [84]:

G
Teen = Tamp + G
NOCT

(NOCT — Tyocr) (2.6)

where T,,,; is the ambient temperature in each time step [°C]; NOCT is the Nominal
Operating Cell Temperature [°C], measured with 800 W/m?2 irradiance, 20 °C ambient
temperature and wind speed of 1 m/s; Gyocr is the irradiance under NOCT [Wm™2]; and

Tnocr is the temperature under NOCT conditions [°C].

2.1.3 Wind Turbine Generator

The power output of a wind turbine generator is influenced by both the site
characteristics and the technical features of the wind turbine. The most significant

factors are the wind speed at the turbine hub height and the power output curve.
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The wind speed measured by an anemometer is not directly at the turbine hub
height. Therefore, it must be converted to that height to accurately estimate the true wind
speed. This conversion is essential to ensure precise calculations and effective evaluation
of the wind turbine’s power generation [85], [86]. A widely used conversion approach

employs the power law expressed by Equation (2.7):

B hh Awind
V=V, (— (2.7)

where V}, [ms~1] is the wind speed at hub height h;, [m]; V, [ms~!] is the wind speed at
the anemometer height h, [m]; and ay;,q is the power law exponent or friction

coefficient.

Many different models are used in the literature to simulate and obtain the power
curve of a wind turbine regarding the wind speed and hub height, such as physical, linear,
and nonlinear models. Although these methods are straightforward to implement in any
REC simulation, they are not always accurate when simulating stall-controlled wind
turbines. In this type of wind turbine, the pitch angle is fixed, so when the wind speed is
above the rated wind speed the turbine power output cannot be held constant and
decreases because of aerodynamic losses between the blades and the wind. Thus, in this
paper, the power output curve provided by the manufacturer is used to accurately

simulate the wind power system.
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2.2 Energy Management Strategies and Problem

Formulation

In this section, the employed energy management strategies, optimization
strategy, and problem formulation for determining the optimal sizes of the system
components within the REC is mounted. The management strategies were designed with
a focus on real-world operations, aiming to replicate the practical challenges
encountered in actual RECs, thus enhancing the approach’s realism and applicability.
The problem formulation defines the objective function and constraints that describe the

purpose/goals of the optimization problem.

2.2.1 Energy Management Strategies

To test the performance of the REC in different operating conditions, four energy
management scenarios proposed in [87] were implemented. A summarized description

of these scenarios can be found in Table 2.1.

Table 2.1 - Renewable Energy Community Scenarios.

Scenarios Description

Scenario 1 Independent microgrid participants.

Scenario 2 Sharing renewable energy after charging individual batteries.

Scenario 3 Sharing renewable energy before charging individual batteries.

Scenario 4 Sharing distributed renewable energy and battery storage systems among

participants before charging individual batteries.

In Scenario 1, an individualist position is assumed by all the community
participants, mimicking a conventional microgrid with no energy transactions between
them. In Scenario 2, the surplus energy from distributed renewable systems is shared
within the community after fully charging the individual batteries. In contrast, in
Scenario 3, the surplus renewable energy is shared directly to cover other community
participants’ load demand before being dispatched to the individual batteries. In
Scenario 4, all the batteries and renewable energy sources are shared to enhance

renewable penetration and minimize grid dependence.

Figure 2.2 depicts the flowchart of the energy community strategy in Scenario 1.
In this scenario, the participants don’t consider any type of energy transactions or

storage sharing. If a participant has energy shortage (‘Deficit’ > 0), it will rely on the
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individual batteries to cover the energy shortage. If the individual batteries reach the
lower limit of state of charge (SOC,,;,), this participant will import the remaining energy
from the electrical grid. In contrast, if a participant has energy surplus (‘Deficit’ < 0), it
will exclusively resort on the individual batteries to store the energy surplus. If the

battery reaches its upper limit (SOC,,.x), any remaining excess energy is exported to the

electrical grid.

t=0
<
\ 4
t=t+At
v | 4
‘Renewable generation’ (PV + Wind) | | ‘Eletrical Demand’ (Load)
T T

‘Deficit’ = ‘Electrical Demand’ - ‘Renewable Generation’

SOC>S0C,,,

| Own battery discharging |

‘Deficit - P> 0

YES
Import remaining energy | L Export remaining energy
from the grid to the grid

| |

NO

Simulation time span reached

Figure 2.2 - Scenario 1 energy management strategy flowchart. Adapted from [87].

Figure 2.3 shows the Scenario 2 energy strategy. In this scenario, the community
participants prioritize charging or discharging their own individual batteries when they
have an energy surplus or shortage. If the battery reaches the upper limit of its state of
charge (SOC,,.x) when in an energy surplus (‘Deficit’ < 0), any remaining excess energy

is shared within the community before being exported to the electrical grid. Inversely,

21



when a participant has energy shortage (‘Deficit’ > 0) if the individual battery cannot
cover the required demand energy ('Deficit’ — P.; < 0), any remaining required energy is

supplied by available energy from other prosumers, before importing from the grid.

Start

t=0

l

A
t=t+At

v v
‘Renewable generation’ (PV + Wind) I l ‘Eletrical Demand’ (Load) |
L T
v
| ‘Deficit' = ‘Electrical Demand’ - ‘Renewable Generation’

|

Import remaining energy
from the grid

Export remaining energy
to the grid

Simulation time span reached NO

Figure 2.3 - Scenario 2 energy management strategy flowchart. Adapted from [87].

Scenario 3 EMS is shown in a flowchart in Figure 2.4. In this scenario, the
community participants prioritize sharing renewable energy before charging or
discharging their own individual batteries, when they have an energy surplus or shortage,

respectively. When a participant has energy shortage (‘Deficit’ > 0), if any of the other
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community participants has surplus energy, they will trade the remaining energy and try
to meet the load demand of the other, otherwise this participant will rely on the
individual batteries before resorting to grid exchanges. In the case of a participant having
energy surplus (‘Deficit’ < 0), this participant will try and trade the excess energy with a
participant with energy shortage, before resorting to the individual batteries to store the
energy surplus. If this participant cannot trade and/or store on the individual batteries
the energy surplus completely, the remaining surplus energy will be exported to the grid.
This scenario considers the efficiency losses associated with battery operations and
ensures that the excess renewable energy is efficiently utilized to meet the REC’s energy

needs.

A
t=t+At
2

v

‘Renewable generation’ (PV + Wind) l

‘Eletrical Demand’ (Load) |

T
v

‘Deficit’ =

‘Electrical Demand’ - ‘Renewable Generation'

Neighbour has surplus power? NO
YES

| Buy missing renewable power from neighbour |

Remaining
deficient power? ('Deficit’)

Import remaining energy
from the grid

NO

Neighbour needs power?

’ Sell surplus renewable power to neighbour ]

Ramalnln
surplus power? ( Deficit')

P YES

Own battery charging

Export remaining energy
to the grid

Figure 2.4 - Scenario 3 energy management strategy flowchart. Adapted from [87].
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Figure 2.5 depicts the flowchart of the energy community strategy in Scenario 4.

Start
t=0
<
A
t=t+ At
\ 2 v
‘Renewable generation’ (PV + Wind) | [ ‘Eletrical Demand’ (Load) ]
[ T
v

‘Deficit' = ‘Electrical Demand' - ‘Renewable Generation’ |

‘Deficit' >0

Neighbour has surplus power?

Buy missing renewable power from neighbour

Remaining
deficient power? ('Deficit’)

Neighbour needs power?

Sell surplus renewable power to neighbour

Remaining
surplus power? (‘Deficit’)

‘Deficit' - P> 0

Remaining deficient power bought from |
<

YES [« » YES
YES YES

available neighbour battery

Remaining deficient power?

Import remaining energy
from the grid

|'Deficit] - [P.] > 0

o/ Remaining surplus power sold to

available neighbour battery

Remaining surplus power?

Export remaining energy
to the grid

Simulation time span reached

NO

Figure 2.5 - Scenario 4 energy management strategy flowchart. Adapted from [87].
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The operation in this scenario follows a specific rule: when one participant has surplus
power (‘Deficit’ < 0), it can be utilized to meet the load demand of other peers. The
participants first charge their own batteries to SOC,,,, and then proceed to charge other
peers’ batteries sequentially. Conversely, when a participant faces an energy deficiency
(‘Deficit’ > 0), they can purchase redundant generation from other peers, then discharge
their own battery to SOC,,;n, and finally discharge other peers’ batteries, if needed. This
collaborative approach allows for improved renewable integration and -effective

utilization of distributed energy resources within the community.

2.2.2 Problem Formulation

The optimal sizing and design of the studied REC is outlined based on two
different system evaluation criteria: economic and flexibility criteria. The economic
criteria involve analyzing cost-related factors, while flexibility criteria assess the system’s
ability to adapt to varying demand and supply conditions, ensuring an efficient and

reliable energy management.

2.2.2.1 Economic Criteria

The Levelized Cost of Energy (LCOE) is widely recognized as a crucial economic
factor in the optimal planning and design of Hybrid Energy Systems (HES) [88]. Its
prominence attracts investors, policymakers, and consumers, making it a pivotal
consideration in the design of the REC [89]. LCOE can be defined as the effective cost of
energy generated by the REC, in $/kWh [90]. It is calculated by the ratio of the sum of
the total annualized cost (Czuq) and the annual electrical energy served by the system

(Eservea), as expressed in Equation (2.8):

C
LCOE = -annual (2.8)

served

where Cgnuq 1S the product of the net present cost (NPC) and the capital recovery factor

(CRF), as expressed by Equation (2.9):
Coannuar = NPC - CRF(int, N) (2.9)

The Net Present Cost (NPC) of a system, representing its life-cycle cost, is determined by
Equation (2.10), where int denotes the nominal interest rate and N represents the

project’s lifetime [84]:
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NPC = Cogm + Ceap (2.10)
Ceap = Epat * Cpat + Npy * Cpy + Nyyr* Cyr (2.11)

In Equation (2.11), C¢q), is the initial capital cost, where Cpgy is the maintenance and

operation cost; E,,; is the sum of the participants’ battery-rated capacities; Np,, and Ny
are the sum of the PV modules and wind turbines of the participants, respectively; and
Cpat> Cpy and Cyr define the cost per kWh of the batteries, the cost of each PV module,
and the cost of each wind turbine, respectively. The capital recovery factor (CRF) is

calculated with Equation (2.12):

int(1 + int)N

1+ int)N -1 (2.12)

CRF(int,N) =

2.2.2.2 Flexibility Criteria

The flexibility criteria are crucial parameters for optimizing both energy
consumption and production [91]. The Self-Consumption Ratio (SCR) and Self-
Sufficiency Ratio (SSR) are two well-known parameters that enhance the flexibility of
energy systems. These criteria play a significant role in achieving an efficient and resilient

renewable energy community.

SCR can be defined as the quantity of energy produced internally by the system’s
renewable energy sources, which is also used internally for consumption [91]. This
includes both the energy directly used by the load, as well as the batteries’ charging
energy (acting like an additional load) [92]. Figure 2.6 shows a typical power profile of
an REC with this type of renewable energy production system. In this Figure, Area B
represents the surplus energy produced during that day, Area C represents the renewable
energy directly consumed or stored by the REC, while Area A shows the energy deficit
that must be imported to satisfy the load demand.
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Figure 2.6 - Typical load and production profile.

Using the nomenclature in Figure 2.6, SCR can be defined by Equation (2.13):

C

2.1
B+C (233)

SCR =

Although SCR is a valuable and viable parameter for designing an REC, if the
optimization problem were solely formulated to maximize SCR, the resulting
configuration would always be the smallest possible in terms of produced energy. This
limitation underscores the need to use SCR in combination with other criteria when
formulating an REC optimization problem. By incorporating multiple criteria, the
solution can achieve a more comprehensive and balanced configuration that optimizes
both energy production and consumption, ensuring the REC’s effectiveness and
practicality [58]. SSR is also considered to minimize energy community transactions
with the electrical grid. SSR represents the proportion of energy consumption supplied
by internally produced energy. Using the nomenclature depicted in Figure 2.6, SSR can

be defined by Equation (2.14):

C

SSR =
A+C

(2.14)

2.2.2.3 Variables and Constraints

For each participant p, the design variables considered for the optimal sizing and

design of the REC are the battery-rated capacity (Cpar,) [kWh]; the number of PV
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modules (N Pv,)5 and the number of wind turbines (Nwr,), each subject to upper and lower

bounds, as enumerated in Equation (2.15). These bounds were designed based on a

typical renewable energy installation in residential areas.

0 < Cpae, < 25
0 < Npy, <50 (2.15)
0 < Nyr, <10

The primary goal of any REC is to minimize its exchanges with the electrical grid
by enabling the exchange of surplus energy consumed or produced among participants.
To achieve this objective in the simulated REC discussed in this paper, two additional
design restrictions were implemented in the simulation parameters to further optimize
the results. To significantly increase independence from the grid, the energy interactions
with the electrical grid were limited to 25% of the total energy transacted in the REC, as
specified by Equation (2.16). This limitation was implemented to foster a greater reliance
on intra-community energy exchanges and storage, leading to reduced reliance on the

grid and enhancing the overall self-sufficiency of the renewable energy community.

8760
Z B (8) + B (6) < 0.25 B2, (6) (2.16)
t=1

where Efmp and ngp are the imported and exported energy exchanged by the REC with

the electrical grid by each participant p, respectively, in each hour ¢. Furthermore, EF .,

is the total energy transacted by the participant p, as given by Equation (2.17):

n 8760

14 — 14 14 14 14
ETOtal - Z Z EPV(t) + EWind ) + EBatCharge ©+ EBatDischarge ®
p=1 \ t=1
(2.17)
+ ElpmpCom. (t) + ngpCom. (t) + Elpmp (t) + ngp (t)

where Eb, and E},. . are the PV and wind energy produced by each participant p,

respectively; ES , and ED are the charging and discharging energy used to

atcharg atpischarge

charge and discharge the batteries, respectively; and ElpmpCOm

and E?

Expeer, TEPTESENL the

intra-community transactions of each participant: E?

Impeor, A€fines the intra-community

energy importations, while EprPCOm defines the intra-community energy exportation by

each participant p.
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The other optimizing restriction promotes intra-community energy interactions,
encouraging participants to exchange surplus or required energy among themselves, as
shown in Equation (2.18). This equation sets a lower limit for the intra-community
energy value traded between participants, ensuring that it remains above 30% of the total
energy imported by the REC. By encouraging such interactions, the renewable energy
community fosters a collaborative approach, optimizing energy utilization and

minimizing dependency on external sources.

n 8760 8760 8760
Z (Z Ermpe, (£) + Z EExpCm(t)) >03- Z Eppp () (2.18)
p=1 \t=1 t=1 t=1

where Ej,p,. and Eg,, . defines the sum of all the REC participant’s intra-community

energy importations and exportations, respectively.
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CHAPTER 3

Multi-Objective Optimization

In this chapter, the concepts and definitions of Multi-Objective Optimization are
primarily done. Subsequently, the meta-heuristic algorithms are introduced as a bridge
towards the conceptualization of the Multi-Objective Particle Swarm Optimization
(MOPSO) algorithm, and afterward, the proposed Multi-Objective Optimization
Algorithm named MOADEO - Multi-Objective Arithmetic & Differential Evolution

Optimization, both with the corresponding preliminaries and formulations.

3.1 Multi-Objective Optimization Concepts

In this section, the conceptualization of Multi-Objective Optimization is done,
firstly by explaining the types of Multi-Objective Optimization Problems, and afterwards

addressing the necessary formulations and concepts for its understanding.

3.1.1 Multi-Objective Optimization Problems

According to the number of objective functions, optimization problems can be
divided into 2 categories: single-objective optimization problems (SOPs) and multi-
objective optimization problems (MOPs). In recent years, with the development of the
optimization techniques and strategies, MOPs most commonly refer to optimization
problems with up to 3 objective functions, and due to the increasing complexity of further
number of objective problems, MOPs with 4 or more objective functions are referred, in
the literature, as many-objective optimization problems (MaOPs) [93], [94]. As
perceptible, SOPs refer to problems that have a single objective function, i.e. the goal of
the optimization problem is to maximize or minimize one and only one objective, for
example, the minimization of a mathematical equation. MOPs, however, refer to
optimization problems where the goal is the maximization and/or minimization of two

or more objectives, simultaneously, while possibly being contradictory to each other.

A natural and perhaps the simplest approach of solving MOPs is usually done by
weighting (combining) each individual objective function into a single equation,

resulting in a SOP. This is a very advantageous strategy since SOPs have been relatively
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well and extensively studied, in which the weights can be fixed or dynamically changed
[95]. Another simple approach widely known is done by selecting one objective function
of the problem and considering the remaining as problem constraints, resulting in a
single-objective function [95]. This approach of solving optimization problems requires,
however, an expanded knowledge relative to the objective functions, like their
importance in the overall objective, limits, etc. Though, in other MOPs, the previous’
options are not a solution because the objective functions are conflicting or antagonistic
with each other; therefore, the problem must be addressed as a multi-objective

optimization problem (MOP) [96].

A simple example of real-world MOP with antagonistic objective functions can be
purchasing a car: the best purchase is the one least expensive which offers the best
performance. These objectives functions, being the cost and the performance, are
contradictory to each other since there are cheap cars with low performance all the way
to very expensive cars with top performance. A car with less cost and performance cannot
be considered as a better option than a car with a higher cost and performance, and vice
versa. Nevertheless, a car has the same cost as others along with better performance,
should be considered a better solution. The same happens when one car has the same
performance as another but is cheaper: it should also be considered a better option.

Figure 3.1 portrays this real-life MOP example in a figure.

10 +
Pareto Optimal
Front

Performance

} } >
1k Cost 500k

Figure 3.1 - Illustration of an example real-life MOP.

MOPs are in general much more complicated to solve than SOPs. For single-

objective optimization problems, gbest and pbest represent the global and personal best
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positions, respectively. In MOPs, however, there is more than one global optimal
solution, requiring the determination of a set of acceptable trade-off optimal solutions,
commonly referred to as Pareto optimal front [95]. Moreover, one of the biggest
difficulties of MOPs is that the objective functions, in most of the cases, are contradictory
to each other, meaning one solution can be good to a certain objective function, while
simultaneously being bad to another or other objective functions. Additionally, as seen
in the example given before, in a MOP a solution cannot be compared to another by

relational operators since there is not a single global optimal solution.

3.1.2 Multi-Objective Optimization Formulation

The nature of a MOP can be of maximizing the objective functions (maximization
problem) or minimizing the objective functions (minimization problem). Regardless, the
expressions that describe both optimization problems can be related by multiplying by
negative one [97], [98]. A general MOP, with o number of objective functions, can
consequently be formulated as a minimization problem using the following common

mathematical formulation [99], [100]:

Minimize: F(x) = {f1(x), f,(x), ..., fo(x)}

gi(x) =0, i=12,..,m
Subject to: hi(x) =0, i=12,..,q
lbi < X < ubi, i= 1,2, ,d

(3.1)

where F (x) is the objective function vector; g(x) and h(x) are the inequality and equality
constraints, respectively, with m and g number of inequality and equality constraints,
respectively; b and ub are the lower and upper boundaries, respectively, of the

multidimensional search space commonly represented as ©, with dimension d.

For a given candidate solution x, limited by the upper and lower boundaries, if it
satisfies both the inequality constraints g; and equality constraints h;, for everyi =
1,2,..,mand i = 1,2, ..., q, respectively, it is defined as a feasible solution, otherwise it is
defined as an infeasible solution [101]. The space spanned by the feasible solutions is
called the feasible space, commonly represented by (2, while the space spanned by the
infeasible solutions makes up the infeasible space, Q. Apparently, Q + Q = 0, where Q €
© and Q € 0 [101]. Additionally, the space spanned by the objective functions is called
the objective search space (W), determined by the feasible space Q, and the objective
function vector F(x), and represents all the possible values of the objective functions

[102]. Nevertheless, in a multidimensional search space a candidate solution cannot be
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compared with another with relational operators, due to multi-criterion comparison
metrics [100], [103]. Other operators are required to measure or find out if a certain

solution is better than another solution.

3.1.3 Pareto Optimality Concepts

The concept of comparing two different solutions in a MOP was firstly introduced
by Francis Ysidro in 1881 [104], and further developed and investigated by Vilfredo
Pareto in 1964 [105]. Without loss of generality, the mathematical definition of Pareto

dominance for a minimization problem is as follows [106]:

Definition 1 — Pareto Dominance

A feasible solution x = {x;, x,, ..., x4}, dominates, or is non-dominated to another

feasible solution y = {y;, 5, ..., ¥4}, denoted as x < y, if:

Vie{l2,.., o0k fi(x) < fi(y) A3ie{l2 .., o}: filx) <fi(¥) (3.2)

A nondominated solution is one that is better than other solutions in at least one
objective function, yet not the worst solution in any of the remaining functions. The

solutions that are outperformed are the dominated solutions.

Definition 2 — Pareto Optimality

A feasible solution is called Pareto-optimal if it is not dominated by any other
feasible solution in the multidimensional search space. A Pareto-optimal solution cannot
be improved in any objective function without there being any worsening for at least

some other objective function [98].

Definition 3 — Pareto Optimal Set

The group including all the Pareto optimal solutions of a problem constitute the

global Pareto Optimal Set.
Definition 4 — Pareto Optimal Front

The set containing the values of the objective functions of the Pareto Optimal Set

is designated as the Pareto Optimal Front, nondominated front, or simply Pareto front.
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Figure 3.2 shows a depicts the relationship between the multidimensional search
space and the corresponding objective space of a random MOP with two objective
functions. The multidimensional search space, presented on the left, contains the
feasible space defined by the feasible solutions, which are established by the constraints
and the labeled boundaries of the MOP, and also contains the infeasible space, defined
by the infeasible solutions. The corresponding values of the solutions in the objective
search space are presented on the right: a feasible solution in the multidimensional
search space presents a feasible solution in the objective search space, and an infeasible
solution defines an infeasible solution in the objective search space. In Figure 3.2, within
the objective search space, the nondominated solutions (exhibited in green circles) that
form the Pareto front (yellow), are distinguished from the set of dominated solutions

(presented in green circumferences).

x4 o A
______ === fZ(X) e —te——Te—A———a—m— __l
Q \‘\O Q QO O / |
Infea_si/ble\ //“\ =, :
O O Solutions . Nt /\/\ S :

ominate
O O \ Corresponding . O C)A/Solut[ions I
O O \l Objective Space . <D — /\/ |
/\ \i/
0C 0 00 @ c0Coo . |
Q;;'QOOI /9g OO0 O
Pareto ( N
| Front ? = b, |
Feasible Solutions O O | Nondonﬁid. . . . |
Solutions
)]( ’ uti | ’
' f,(x)

Figure 3.2 - Relationship between the multidimensional search space and the objective search space.
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3.2 Meta-heuristics

In recent years, the over-increasing appearance of high complexity and difficulty
real-world problems urged for an increasingly need of more reliable, flexible, and fast
optimization techniques, especially metaheuristic optimization algorithms [107]. The
word “metaheuristic” was introduced in 1986 by Fred Glover [108], as an evolutionary
word for “heuristic”. The major difference between heuristic and metaheuristic is that
heuristic is problem-dependent: it can be efficient to some problems, while being the
opposite to other problems. Metaheuristic however can be used in basically all
optimization problems and seem to be a generic algorithm framework [107].
Metaheuristic optimization algorithms use an iterative process that combines random
techniques and historical knowledge acquired (memory) to find high quality solution(s)
in a multidimensional search space, while avoiding any convergences to local optima.
This optimization techniques surpass conventional algorithms due to their black-box

optimization nature, gradient free mechanisms, and high local optimal avoidance

capability [40], [41], [42].

The reason behind the robustness and effectiveness of the metaheuristic
optimization techniques is the harmonization between two search mechanisms:
exploration (diversification) and exploitation (intensification) [43], [44]. The former is
responsible for the diversification and abroad search of solutions in the
multidimensional search space. Exploration mechanisms obtain highly distributed
values of the solutions, derived of the high nature of distribution, therefore increasing
the exploration area of unexplored areas in the multidimensional search space; this
ability is directly related to the avoidance of premature convergence in local optima [44].
The latter is responsible for the intensification of search in local optimal solutions.
Exploitation mechanisms obtain high-density results through the search calculations,
having low dispersion and intensifying the search for solutions in already explored
regions, where high quality solutions have been found [109]. The performance and the
efficiency of a metaheuristic heavily depend on a correct balance between the inherent
techniques of these two mechanisms: if this balance is not well defined, the metaheuristic
algorithm may converge prematurely to optimal local solutions, or the opposite situation,

never converging to the global optimal solutions [45].

In the literature, metaheuristics can be classified and divided in many different
ways. A common way of separating them is dividing them into the two following
categories: trajectory-based metaheuristics and population-based metaheuristics [43].

Trajectory-based metaheuristic algorithms begin with a single solution that is replaced
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by the best one, in each iteration, forming a search trajectory in the multidimensional
search space. Many trajectory-based metaheuristic algorithms can be found in the
literature, including Simulated Annealing (SA), Tabu Search (TS), Iterated Local Search
(ILS), and Guided Local Search (GLS) [46]. Population-based algorithms, however,
fundamentally begin by generating a random set of candidate solutions that, at each
iteration, is improved based on the set of rules defined in the algorithm and evaluated
according to the objective function. The algorithm seeks to find the best global solutions
stochastically, by constantly improving the set of best solutions found so far. Countless
population-based metaheuristics can be found in the literature, namely: Particle Swarm
Optimization (PSO) [110], Grey Wolf Optimizer (GWO) [111], Whale Optimization
Algorithm (WOA) [112], Differential Evolution (DE) [113], Ant Lion Optimizer (ALO)
[114], Genetic Algorithm (GA) [115], Flower Pollination Algorithm (FPA) [116],
Arithmetic Optimization Algorithm (AOA) [117], etc.

The general frameworks of population-based algorithms, for solving MOPs, is
always very similar [99]: the optimization starts by generating a random set of candidate
solution in the multidimensional search space. The candidate solutions, if feasible, are
then compared with each other by the Pareto operators, and the set of nondominated
solutions is determined and stored in a repository with limited capacity. What makes a
multi-objective optimization algorithm (MOA) different from another is the use of
different methods to enhance the nondominated solutions [99]. In each iteration, the
algorithm generates new candidate solutions and tries to improve the set of
nondominated solutions. The iterative process ends when the stopping criterion is
reached. The stopping criterion may reflect several aspects inherent to the optimization
problem: simulation time; maximum number of iterations; the maximum number of
objective function evaluations; and population stagnation, i.e., if there is no significant
improvement of the solutions during a certain number of iterations; among others. A
final optimal solution can, only afterward, be chosen from the Pareto front, according to

the preferences or decision-making factors outlined by the designer.
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3.3 Multi-Objective Particle Swarm Optimization
(MOPSO)

Multi-Objective Particle Swarm Optimization (MOPSO) is a population-based,
stochastic metaheuristic algorithm that is very effective in solving multi-objective
optimization problems, i.e., optimization problems involving two or more objective,
typically antagonistic, functions [118]. It is a metaheuristic algorithm inspired by the
foraging behavior of certain animal species involving a population of particles that
represent possible solutions. The particles can communicate and cooperate with each
other to determine a set of promising solutions, i.e., a set of solutions with a good trade-
off between the different objective functions (nondominated solutions). The particles are
randomly positioned within the multidimensional search space (d) and evaluated using
the objective functions inherent to the optimization problem (with or without
constraints). Particles move based on their current velocities and positions, the
individual experience of each particle (cognitive factor), and the collective experience of
the population’s particles (social factor). Thus, during the optimization process, the
velocity and position vector are updated according to Equations (3.3) and (3.4),

respectively:

1 k k k
vi’f; =w-vgtc (pbest{fd — xi'd) +cy,rrye (gbestg — xi,d) (3.3)

K+1 _ ok Kk+1
Xig = XiqgtVig (3.4)

where vl-’fd represents the velocity of each particle i in iteration k; x{fd is the position of
particle i in iteration k; w is the inertia factor; ¢; and c, are the acceleration coefficients
used to adjust the cognitive and social contributions when updating the velocities,
respectively; and r; e r, define the stochastic characteristic given by two random
numbers evenly distributed in the interval [0, 1]. In each iteration, this set of
nondominated solutions is determined, registered in a given hypercube, and stored in a

repository with limited capacity.

For the collective experiment (gbest), in the MOPSO algorithm, each particle
selects a solution from the repository associated with a given hypercube through the
roulette wheel selection method that selects a nondominated solution from the
repository based on a probability. This probability is calculated using the ratio between
the individual fitness of the solutions (objective function value) and the quality of the
solutions that compose the repository, i.e., the sum of all the individual fitness of the

solutions. Furthermore, for its individual experience (pbest), each particle considers the
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current/recent nondominated solution produced by the particle itself in the iterative
process. These selection procedures of gbest and pbest promote a good diversification
in the construction of new solutions (population) and, simultaneously, maximize
convergence to the real Pareto optimal front, ensuring a good diversity in the solutions

that constitute it.

As aforementioned, the movement of each particle belonging to the population,
i.e., its new velocity and position, is calculated through Equations (3.3) and (3.4),
respectively. However, it is essential to prevent particles from “traveling” outside the
multidimensional search space during the iterative process. This constraint is expressed

mathematically by Equation (3.5):

{if x4 > uby then x5t = uby (3.5)

if x{31 < by then x5 = Ib,

Through this procedure, if any of the lower (Ib) or upper (ub) limits are exceeded, the
movement of the particle is modified to ensure that the new position is within the search

space.
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3.4 The proposed Multi-Objective Optimization Algorithm:
Multi-Objective Arithmetic & Differential Evolution
Optimization (MOADEO)

This section outlines the proposed Multi-Objective Optimization Algorithm
named MOADEO — Multi-Objective Arithmetic & Differential Evolution Optimization.
It begins by introducing and explaining the associated preliminaries, and after that,
describes the algorithm itself, describing the key intrinsic functions and the relevant

formulations.

3.4.1 Preliminaries

The proposed MOADEO algorithm was established based on 2 well known
population-based optimization algorithms present in the literature: the Arithmetic
Optimization Algorithm (AOA) and the Differential Evolution (DE) Algorithm. Prior to
the exhibition of the MOADEO algorithm, these 2 algorithms are presented, and the

corresponding mathematical formulations are explained in great detail.

3.4.1.1 Arithmetic Optimization Algorithm (AOA)

The arithmetic optimization algorithm (AOA) is one of the latest population-
based metaheuristic algorithms, proposed in 2021 by [117]. This optimization algorithm
inspires on the four major mathematical operators, i.e., Multiplication, Division,
Subtraction, and Addition, to seek and achieve high quality solutions, using the two
search mechanisms of metaheuristics: exploration and exploitation [119]. The search
mechanism chosen, in each iteration k, is selected according to the value of the Math

Optimizer Accelerated Function (MOAF), defined by Equation (3.6) [120]:

MOAF ., — MOAFmin)

MOAF* = MOAF,,;,, + k( (3.6)

kmax

where MOAF,,;,, and MOAF,,,, denote the minimum and maximum values of the MOAF,

respectively, predefined by the user; k,, 4, is the maximum number of iterations.

In the exploration mechanism, the AOA makes use of two of the mathematical

operators: the Division operator and the Multiplication operator. This search mechanism

40



is conditioned by the value of the MOAF for the condition r; < MOAF, r; being a random
generated number between [0,1], and it is formulated by Equation (3.7) [117]:

k1 _ {best§ + (MOPF* + €) x ((ubg — lbg) X pt +lby), 1, <05 )

X
Ld besty x MOPF¥ x ((ubg — lbg) X u + lby), otherwise

where x4 denotes the position of the i-th solution in the next iteration, (k + 1) ; best)

represents the position of the best solution obtained so far; € is a random tiny positive
number to avoid the division by zero [121]; ub, and lb,; define the upper and lower bound
values of the multidimensional search space with dimension d, respectively; u is a control
parameter that controls the search process; r, is a random generated number between
[0,1]. The Math Optimizer Probability Function (MOPF), is a function defined by
Equation (3.8):

1
MOPF¥ =1 — /a (3.8)
kl/a :

max

where a represents a critical parameter that controls the exploitation search mechanism

efficiency throughout iterations [122].

The exploitation search mechanism is defined by the remaining two
mathematical operators: the Subtraction operator and the Addition operator, and it is

modeled using Equation (3.9) [117]:

k+1 _
Xid =

{ bestf — MOPF* x ((ubg — lbg) X p+1bg),  13<0.5 (3.9)

bestX + MOPF¥ x ((ubg — lbg) X pu + lby), otherwise

where r; is a random generated number between [0,1]. The pseudo-Code of AOA is

displayed in Table 3.1.

Table 3.1 - Pseudo-Code of the AOA.

Pseudo-Code

Initialize the parameters of the AOA: y and a.
Assess the limit values of the MOAF: MOAF,,;,, and MOAF,,,,
Initialize the position of the initial solutions.
Assess the fitness values of the given solutions.
while k < kjay +1
Assess the value of the MOAF using Equation (3.6).
Assess the value of the MOPF using Equation (3.8).
for (i = 1 to Solutions)
for (j = 1 to Positions)
Generate the random number values r;, r, and r;.
if r, <MOAF

:S\DOO\IOU‘ILOJI\JH
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12 Exploration Mechanism

13 if ,>0.5

14 Update the position of the i-th solution using the Division Operator as of the 15t rule of
Equation (3.7).

15 else

16 Update the position of the i-th solution using the Multiplication Operator as of the 2nd
rule of Equation (3.7).

17 end

18 else

19 Exploitation Mechanism

20 if r;>0.5

21 Update the position of the i-th solution using the Subtraction Operator as of the 15t rule
of Equation (3.9).

22 else

23 Update the position of the i-th solution using the Addition Operator as of the 21 rule of
Equation (3.9).

24 end if

25 end if

26 end for

27 end for

28 Assess the fitness values of the given solutions.

29 Save the best solutions so far.

30 k=k+1
31 end while
32 Return the best global solution.

3.4.1.2 Differential Evolution (DE) Algorithm

The differential evolution (DE) algorithm, firstly proposed by [123], is a
metaheuristic algorithm based on the theory of evolution and natural selection. The
algorithm uses a set of candidate solutions to explore the multidimensional search space,
where the ones with the best fitness’s are maintained and have a great probability of
generating descendants with the same characteristics, to the next generation. This
algorithm resorts on selection operators and modifications that result of the mutation
operators and crossover operators, to generate new solutions. If the fitness of the
descendants is better than the fitness of the respective parents, the descendants replace

their parents, otherwise the parents” solutions are kept for the next generation [124].

The mutation process uses the vectorial difference between two random
candidate solutions. In the variant “DE/rand/1”, a random selected candidate solution
x{fd undergoes a mutation process, result of the vectorial difference between two other
random solutions, weighted by a mutation scaling factor. The position of the new

Vt+1

solution result of the mutation process, V;; ", for this mutation, is given by Equation

(3.10) [125]:

k+1 .
Vigt = xﬁm + ﬁ(xfz'd - xf&d), [#£T F1y #1713 (3.10)
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where f represents the mutation scaling factor, a constant between [0,2] that decides the

step onward (weight) in the direction of the defined vectorial difference (xf2 i xf3 d) 3Ty,

r, and r; are 3 random integer indexes between [1,np].

The crossover operator is used as an increase mechanism of diversification of the
generated solutions, which is normally binomial (bin) or exponential (exp). The binomial
crossover awards the descendants with at least one component of the mutation process,

and it is defined by Equation (3.11) [125]:

k+1 ; P
w1 | Vid ifry<Crorj=m,
Ua = 3 ) (3.11)
Xiar otherwise

where U}fg ! is the position of the solution resultant of the crossover process; Cy is the

crossover rate constant, a user-defined scalar parameter between [0,1].

The last operator, the selection operator, is an elitist process responsible for
selecting the best solutions of the current generation for the next generation, by
comparing their fitness” in the objective functions. The selection operator is given by

Equation (3.12):

Xiq = } (3.12)
b x{fd, otherwise

,m_{ S if U < Fxfy)

The pseudo-Code of the DE algorithm is shown in Table 3.2.

Table 3.2 - Pseudo-Code of the DE algorithm.

Pseudo-Code

1 Initialize the parameters of the DE algorithm: C and S.

2 Initialize the positions of the initial solutions.

3 Assess the fitness values of the given solutions.

4  while k < kppax + 1

5 for (i = 1 to Solutions)

6 for (j = 1 to Positions)

7 Generate the random number values ry, , and r;.

8 Mutation Stage

9 New solution is generated result of the mutation process (Vi’fd“), as of Equation (3.10).

10 Crossover Stage

11 ifry<Crorj=mn

12 New solution (U}fg{ 1) is awarded with a component of the mutation process (Vif‘d“), as of
the 15t rule of Equation (3.11).

13 else

14 New solution (U}fg{ 1) is not awarded with a component of the mutation process, as of the
2nd ryle of Equation (3.11).

15 end if

16 end for
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17 Assess the fitness values of the new solutions (Uf31).

18 Selection Stage

19 if £(U) < f(xia)

20 New generated solution result of the crossover operator (U}f; 1), replaces the initial solution
xfll » for the next generation, as of the 15t rule of Equation (3.12).

21 else

22 Initial solution x{fd remains and thrives for the next generation (x{f[{ 1), as of the 2md rule of
Equation (3.12).

23 end if

24 end for

25 k=k+1

26 end while

27  Return the best global solution.

3.4.2 Features and Formulations

As aforementioned, the proposed Multi-Objective Arithmetic & Differential
Evolution Optimization (MOADEOQO) algorithm combines the specificities, i.e.,
diversification and intensification mechanisms, of two population-based metaheuristic
algorithms: the Arithmetic Optimization Algorithm (AOA), and the Differential
Evolution (DE) Algorithm. Additionally, the population of the MOADEO algorithm is
divided into multiple swarms, allowing it to achieve greater diversification in the
construction of new solutions and, simultaneously, to explore the multidimensional
search space with greater independence. Each swarm confines a population of
individuals who represent possible solutions, with the ability to communicate, cooperate,

share cognitive and social experiences, and evolve to achieve high-quality solutions.

Initially, all the variables inherent to the optimization problem and all the
required variables for the correct use of the MOADEO optimization algorithm are
initialized, for instance: the control parameters inherent to each of the two optimization
algorithm (MOAF,,,x, MOAF,,;in, a, and p from the AOA and # and Cy from the DE
algorithm), the parameters associated with the optimization itself, for example the
number of swarms, the number of individuals associated with each swarm, the maximum
capacity of the repository of non-dominant solutions (rep,,,), the maximum number of
iterations allowed (k,,,.), and also the parameters related to the MOP such as the
dimension of the optimization problem (d), the lower (lb) and upper (ub) bounds, among
others. Once all the initializations have been structured, the individuals associated with
each swarm are randomly positioned within the multidimensional search space, through

the following Equation (3.13):

xi,d = lbd + (ubd - lbd) Xr (313)
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In each iteration, the individuals belonging to each swarm are evaluated using the
objective functions inherent to the optimization problem (with or without restrictions).
Based on this evaluation (quantification), the non-dominated solutions that form the
Pareto Front are determined using the concepts presented in subsection 3.1.3. As
aforementioned, a non-dominated solution is one that is better than the other solutions
in at least one objective function, while being no worse in the others. Once the Pareto
optimal front has been determined, this set of non-dominated solutions is stored in a
repository with limited capacity (rep). However, the set of non-dominated solutions can
exceed the maximum capacity of the reservoir (repmq,). In this situation, the non-

dominated solutions are sorted and selected based on their Crowding Distance (CRD).

The Crowding Distance (CRD) is a method that evaluates how proximate the
solutions of a Pareto Front are to each other. It is used to encourage the diversification
and uniform spread of the solutions throughout the best-known Pareto Front [126]. Its
value is infinite for the extremal solutions, and the sum of the edge’s length of the cuboid
for non-extremal solutions, for each respective objective function [127], [128]. Figure 3.3
depicts the cuboid of a non-extremal random Pareto Front solution i, of a random MOP
with 2 objectives functions, which is an estimate of the size of the largest cuboid enclosing

i without including any other point [129].
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Figure 3.3 — Cuboid of a random non-extremal solution i.

For each extremal solution i, of each objective function j, the CRD value is given

by Equation (3.14):
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CRD;(x;) = o (3-14)

Moreover, for each non-extremal solution i, of each objective function j, the CRD

value can be calculated by using Equation (3.15) [128]:

fi(xiv1) — fiCxiz1)

fjmax — fjmin

CRD;(x;) = (3.15)

The total CRD value of a solution x is the sum of the solution’s crowding distances with

respect to each objective function [126]. The pseudo-code of the CRD function is given in

Table 3.3.

Table 3.3 — Pseudo-code of the Crowding Distance Function.

Pseudo-Code

1 % input: solutions of the Pareto Front

2 for (i = 1 to number of solutions)

3 CRD(x;) =0

4  end for

5  for (j = 1 to number of objective functions)

6 Sort(CRD;)

7 Attribute an infinite value of CRD to the extremal solutions, as of Equation (3.14).

8 Get the highest and lowest objective function value (fjmax and fymin).

9 for (i = 2 to (number of solutions - 1))

10 Calculate the CRD of the non-extremal solution, as of Equation (3.15).
CRD(x;)= CRD(x;) + CRD;(x;)

11 end for

12 end for

13 Return Crowding Distances.

Once the Pareto front associated with each swarm has been determined, the
movement of each individual (new positioning) is carried out using the following
Equations (3.16) and (3.17). These equations are based on the AOA optimization
algorithm, with several modifications to minimize the problem of premature
convergence and converge, at the same time, as much as possible to the true Pareto
optimal front. In the MOADEO algorithm, each particle selects to the collective

experiment, a position of a random solution (x,, 4).

k+1
Xid

_ {xfl_d + (MOPFk + e) X ((ubd —lbg) X u+ lbd), r, < 0.5 (3.16)

X a X MOPF¥ x ((ubg — lbg) X pu + lbg), otherwise

To the AOA intensification mechanism, some modifications were likewise

introduced with the aim of achieving a good diversification of the solutions that make up
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the Pareto front. In particular, vectorial differences were used between two individuals

selected at random from the repository, as shown in equation (3.17)

X-,d = 3.17
l Xy q +MOPF¥ x ((xfzjd — x5 g) XU+ lbd), otherwise

Nonetheless, in the MOADEO algorithm, the movement of each individual
undergoes a crossing process, i.e. the new positions calculated using Equations (3.16)
and (3.17) undergo a binomial crossing process, through Equation (3.11). Once the
movement of the individuals (new position) has been determined, it is crucial to ensure
that it is within the multidimensional search space. This procedure is carried out using
Equation (3.5). The iterative process ends when the stop criterion is reached. Table 3.4
shows the Pseudo-code of the MOADEO algorithm.

Table 3.4 — Pseudo-Code of the MOADEO algorithm

Pseudo-Code

1 Initialize the parameters of the AOA: y, a.
2 Initialize the parameters of the DE algorithm: C, and .
3 Place the initial solutions, associated with each swarm, withing the multidimensional search space,
using Equation (3.13).
4  Spread the solutions equally, amongst the multiple swarms.
5  whilek < kyoy +1
6 Assess the value of MOPF using Equation (3.8).
for (i = 1 to Number of swarms)

7 Assess the fitness values of the given solutions.

8 Find the non-dominated solutions withing the swarm, using the concepts presented in
subsection 3.1.3.

9 end for

10 Store the set of non-dominated solutions in a common repository (rep).

11 Assess the CRD values of the given solutions Equations (3.14) and (3.15).

12 ifrep > repmax

13 Select the best rep,,q, solutions from the repository, based on their CRD.

14 end

15 Assess the new positions of each individual, using Equations (3.16) and (3.17).

16 Update the new positions using the binomial crossing process, as of Equation (3.11).

17 Ensure the new positions are within the multidimensional search space, using Equation (3.5).

18 k=k+1
19 end while
20 Return the best global solution.
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CHAPTER 4

Evaluation of the Proposed Multi-Objective
Optimization Algorithm

In this chapter, the effectiveness and performance of the proposed MOADEO

algorithm is evaluated and compared to other MOAs commonly utilized in the literature.

4.1 Evaluation on Benchmark Functions

In this section, to assess the effectiveness and performance of the proposed
MOADEO algorithm, this algorithm is compared to a set of MOAs selected from the
literature based on their competitive performance and results, specifically: Multi-
objective Arithmetic Optimization Algorithm (MAOA) [42], Multi-objective Flower
Pollination Algorithm (MOFPA) [130], Multi-objective Lichtenberg Algorithm (MOLA)
[131], Multi-objective Particle Swarm Optimization (MOPSO) [132], Non-dominated
Sorting Genetic Algorithm (NSGA-II) [133], and Non-Dominated Sorting Whale
Optimization Algorithm (NSWOA) [134].

Each of the selected MOAs, jointly with the proposed MOADEO algorithm, are
tested and subsequently evaluated in 20 widely utilized benchmark functions selected
from the literature, explicitly the DTLZ [135], [136], [137], [138], [139], [140], [141]. The
formulation of each benchmark function is exhibited in Appendixes A, and the respective
individual specifications and settings are also depicted, explicitly: the number of

objective functions, the dimension, and the boundaries.

It should be mentioned that some of the codes for the simulation purposes were
taken from existing frameworks present in the literature, commonly used for
comparations and benchmarking purposes and analytical test problems [142]: the DTLZ
benchmark functions were taken from [143]; the remaining benchmark functions were
taken from [144], [145], [146]; the MOPSO algorithm was taken from [147]; the
remaining MOAs were taken from the MATLAB File Exchange Central [148]; lastly, the
performance metrics used, described in the following Subsection 4.1.2, were taken from
the PlatEMO framework [149].
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4.1.1 Parameter Settings

A fair comparison between the performances of different metaheuristics
demands some degree of equality [45]. Thus, the MOAs used in the simulation were
governed and simulated under the same global simulation parameters: the number of
maximum iterations (k,,,,) was set to 500; the repository maximum size (rep,,,,) was
limited to 90; and the number of search particles (np) in the multidimensional search
space was also set to 90. Additionally, due to the stochastic nature of the optimization,
each MOA was run 30 times for each benchmark function [150]. Moreover, to execute a
fair and coherent evaluation of the MOAs used in the simulation, for each run, the initial
positions of the search particles, that are generated randomly within the boundaries of
the problem using Equation (3.13), were considered the same for all the MOAs, giving
the algorithms the same starting situation and resulting in coherent convergence and

convergence results.

The control parameters used in the simulation, for each individual MOA, are

disclosed in Table 4.1 with the respective values, and nomenclatures if existent.

Table 4.1 - Individual parameter settings of the different MOAs.

Algorithm Control Parameters
MOADEO MOPgy, = 1
MOP,,;, = 0.2
A=5
M, =02
Cr =09
Number of swarms = 3
MAOA Grid Inflation Parameter: A = 0.1
Leader Selection Pressure Parameter: f = 4
y =2
a=5
M, =01
MOPFE a0 = 1
MOPF,;, = 0.2
Number of grids per each dimension = 30
MOFPA Probability Switch: p = 0.8
MOLA Ref = 0.4
Intco, =0

Stick Probability: S, = 1
Creation Radius: R, = 150

M=0
Number of grids per each dimension = 30
MOPSO Inertia weight: w = 0.7

Individual confidence factor: C; = 2
Swarm confidence factor: C, = 2
Maximum velocity in percentage = 5
Uniform mutation percentage = 0.5
Number of grids per each dimension = 20
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NSGA-II *

NSWOA *

*No additional parameters required besides the global parameters.

The values used in the control parameters were selected according to the most
utilized values in the literature, and the most adequate to the simulation environment.
The computational tasks were executed using Matlab® 2021a, in a computer with an
Intel(R) Xeon(R) 5-2637 v2 @ 3.50GHz CPU processor, 32 GB RAM and Windows 10

Professional 64-bit operating system.

4.1.2 Performance Criteria

A collective of performance metrics should be applied to correctly evaluate and
quantify the performance of multi-objective optimization algorithms in MOPs. For the
extension of the non-dominated solutions, two important concepts should be
considered: Convergence and Diversity/Coverage. The former refers to the general
quality of the solutions found by the MOA, and the process of improvement of the
accuracy of the non-dominated solutions [99]. The latter refers to the distribution or the
coverage of the solutions and number of solutions found, that cover the entire True

Pareto front.

In this paper, three metrics were chosen from the literature to quantify the
convergence and coverage of the MOAs: Inverted Generational Distance (IGD) [151],

Spacing (SP) [152] and Maximum Spread (MS) [153].

The IGD index can describe the convergence of a set of optimal solutions,
represented by the distance between the obtained Pareto optimal solutions of the MOA
and the true Pareto optimal front of the MOP, and it’s given by Equation (4.1) [100]:

; t fatl2
Z?zl Edlsti (41)

nt

IGD =
where nt is the number of true Pareto optimal solutions; dist’; is the Euclidean distance

between the i-th true Pareto optimal solution and the closest Pareto optimal solution in

the obtained repository.
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The coverage of the algorithms must also be analyzed, to evaluate if the non-
dominated solutions are evenly spread and spaced out in the objective search space. The
index SP and MS describe the coverage of the solutions in the multidimensional search

space. The SP index formulation is given by Equation (4.2).

nt

1 _

sP= |— 1Z(tsp ~ t5p)? (42)
i=

where Tgp is the average of all tgp ; tsp, = mjin(| fie) - f! |+ | ) - £/ (x)|) for all

i,j =1,2,..,nt. The MS index can be defined by Equation (4.3):

(o]
MS = 2 max (FEdist(a;, b;)) (4.3)
i=1

where FEdist is a function to calculate the Euclidean distance; a; and b; represent the

maximum and minimum value in the i-th objective function, respectively.

It is worth mentioning that for the index”s IGD and SP, lower values represent
better values, i.e., the better the algorithm is. The contrast occurs in index MS, where a
higher value represents a better coverage of non-dominated solutions in the objective

search space. Therefore, the higher value it has, the better the algorithm is.

4.1.3 Results and discussion

Table 4.2, Table 4.3 and Table 4.4 present the results of the simulation, for each
performance metric evaluated: IGD, SP and MS, respectively. Each table presents the
results obtained by each MOA in the benchmark functions selected, for the 30 runs,
resumed on 3 statistical metrics: the mean value, the standard deviation (STD), and lastly
the minimum (Min) or maximum (Max) value of the results, depending on the
performance metric (minimum value for IGD and SP, and maximum value for MS). The
best results were shaded to emphasize the best algorithm and the respective value.
Moreover, the mean results obtained for each MOA selected from the literature were
compared to the proposed MOADEO algorithm through "+","=", and "-" respective
whether that algorithm won, tied or lost to the value of the proposed MOADEO
algorithm. The results were considered tied “=” when the mean value of the MOA in

question is within 5% of the proposed MOADEO algorithm. In the bottom of each table,
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these evaluations are summarized to show in how many benchmark functions that MOA

won, tied or lost to the proposed MOADEO algorithm.

As Table 4.2 exhibits, relatively to the IGD performance metric, the proposed
MOADEO algorithm obtained the best performance in terms of the mean value in the F6,
F7, F10, F12, F14, F15, F16, F18, and F10 benchmark functions, where it additionally
obtained the best STD value in the F6, F7 F16, F18, and F20 benchmark functions. The
proposed algorithm also obtained the minimum value of the IGD metric in various
benchmark functions, explicitly the F6, F7, Fio0, F13, F14, F16, F17, F18, and F20
benchmark functions. These results show that the proposed MOADEO algorithm has a
good convergence of the set of optimal solutions in the 500 iterations, compared to the
remaining MOAs. Considering the set of MOAs selected from the literature, the proposed
MOADEO algorithm won 16, 10, 12, 8, 11, and 6 times, respectively. However, the
proposed MOADEO algorithm did not beat the majority of the IGD results of the MOPSO
and the NSWOA algorithm: the proposed algorithm won 8 and 6 times, tied 3 and 5

times, and lost in 7 and 9 times, respectively.

Nevertheless, in general the proposed MOADEO algorithm won against most of
the MOAs selected from the literature, having a similar convergence performance to the
MOPSO algorithm and to the NSWOA, meaning it has a very competent performance in
approximating the optimal set of solutions to the real Pareto Front, regardless of the
MOP.

Additionally, a collective of figures were created to better interpret the
convergence values of the proposed MOADEO algorithm and the remaining MOAs, in
the 20 benchmark function. Figure 4.1 exhibits a qualitative and quantitative evaluation
of the results presented in Table 4.2, relative to the IGD metric. For each benchmark
function, two figures are displayed: the figures on the left present the true Pareto Front
and the Pareto Front of each MOA correspondent to the best IGD value (best
convergence result), in the given benchmark function; the figures on the right show the
boxplot of the IGD results (presented in Table 4.2), for each MOA, exhibiting the
minimum, maximum, mean, the percentiles and median value of the results of the 30
repetitions executed, in the given benchmark function. As evident, the MOAs with a
better minimum value present more coherent Pareto Fronts, with better convergence
towards the true Pareto Front (presented in blue), whereas MOAs with worse IGD
minimum values present more disperse and less approximate solutions to the true Pareto

Front.
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Relatively to the diversity results of the MOAs in the 20 benchmark functions,
shown in Table 4.3 relatively to the SP metric, and in Table 4.4 relatively to the MS
metric, the proposed MOADEO algorithm did not show as much potential compared to

the convergence of the optimal set of solutions.

Relatively to the SP performance metric, in Table 4.3, the proposed algorithm
showed competent results, however, did not present as competent values as the results
in the convergence performance metric (IGD). The proposed MOADEO algorithm only
proved to have a better mean value in two benchmark functions: F12 and Fi4, though
tying (having similar results) a bunch of times, to other MOAEs: it tied 0, 3, 2, 5, 4, and 3
times, respectively, to the set of MOAs selected from the literature. 2 MOAs in particular
had a better performance in this metric than the proposed MOADEO algorithm: the
MOFPA and the NSGA-II algorithms. These won 10 and 13 times, and only lost 7 and 3
times, respectively, to the proposed MOADEO algorithm. Interestingly, there also is a
particularity in the results of this table, where some of the MOAs presented a minimum
value of zero, in some benchmark functions. The reason behind this is that the some of
the MOAs couldn’t diverge early enough (or converged too early to local optima’s)
throughout the iterations and ended up with only 2 (or more) solutions in the repository
with the same exact coordinates, thus the SP value of 0. Furthermore, the proposed
MOADEO algorithm also presented a peculiar value of SP for the benchmark function
F19: not a number (NaN). This result is caused from the same reasons described in this
paragraph, but in this case this MOP, it only presented a single solution in the repository,

and therefore an undefined result of SP.

In general, the proposed MOADEO algorithm presented capable results in this
divergence performance metric, indicating to be a skilled MOA compared to those in the

literature.

Relatively to the MS performance metric results, shown in Table 4.4, where the
higher value represent a better coverage of non-dominated solutions in the objective
search space, the proposed MOADEOQ algorithm, similarly to the Table 4.3, did not
salient itself to the MOAs in the literature. The MAOA had outstanding results, winning
in most of the benchmark functions. However, the proposed MOADEO algorithm
obtained very competitive results compared to the rest of the MOAs, shown by the high
value of times the rest of the MOAs lost to the value of it: 15, 10, 14, 10, and 14,
respectively. Equally to Table 4.3, the proposed MOADEO algorithm got stuck on

benchmark function F19, where it yet again obtained not a number (NaN).
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Table 4.2 - Results of the simulation of the 20 benchmark functions, relative to the IGD performance metric.

Benchmark ——\15ApEG | MAOA MOFPA MOLA MOPSO NSGA-II NSWOA
Function/Metric
Mean  3.282245 | 4556052 - 2424277 + 3.666486 - 3.260895 = 2563799 - 0.323592 +
F1 STD 3.261663 | 4.178479 3.015336 1.719423 3.102368 2.664681 0.214495
Min 0.152958 | 0.279453 0.029223 0.514310 0.048351 0.195941 0.045662
Mean 0137415 | 0.358278 - 0.082993 + 0.196294 - 0.104964 + 0.117274 + 0.076880 +
F2 STD 0.008052 | 0.065451 0.005808 0.029456 0.004642 0.006531 0.003376
Min 0.118141 | 0.219692 0.071707 0.140690 0.095756 0.104773 0.070216
Mean 1427817 | 1475460 = 1062391 + 34.19851 + 144.3323 = 1340880 + 58.82618 +
F3 STD 35.68136 | 31.93369 25.52198 14.82829 25.98817 28.71300 15.26077
Min 84.78603 | 85.77607 41.17253 5.478579 85.77607 76.47190 30.55352
Mean 0178785 | 0.262065 - 0.157116 + 0.229057 - 0082719 + 0.083985 + 0.075000 +
F4 STD 0.093937 | 0.050621 0.287291 0.128416 0.011940 0.008842 0.012759
Min 0.097320 | 0.154730 0.038092 0.084827 0.061820 0.060657 0.057103
Mean  0.060607 | 0.243606 - 0.007538 + 0.028551 + 0027230 + 0.008499 + 0.007761 +
F5  STD 0.005657 § 0.077946 0.001325 0.008934 0.002844 0.001668 0.000839
Min 0.045696 | 0.072478 0.005431 0.016118 0.021651 0.005800 0.006002
Mean  0.004748 | 0.027470 - 0.005882 - 0.007434 - 0005291 - 0.005884 - 0.005393 -
F6  STD 0.000183 | 0.005955 0.000572 0.005265 0.000269 0.000368 0.000252
Min 0.004482 | 0.017921 0.005110 0.005140 0.004677 0.005190 0.004931
Mean  0.063893 | 0.171787 - 0094257 - 1.122219 - 0156197 - 0135117 - 0.087067 -
F7 STD 0.002170 § 0.019010 0.008780 0.022516 0.029268 0.048031 0.006771
Min 0.059152 | 0.138831 0.080741 1.069022 0.119078 0.106890 0.076803
Mean  0.005383 | 0.064505 - 0.005899 - 0.005796 - 0005253 = 0.005634 = 0.005586 =
F8  STD 0.000183 | 0.028729 0.000518 0.000478 0.000155 0.000253 0.000316
Min 0.005019 | 0.024463 0.005173 0.005298 0.004928 0.005237 0.005030
Mean  0.081424 | 0.359711 - 0.164811 - 0.049521 + 0049914 + 0443035 - 0.042729 +
F9  STD 0.016372 | 0.186151 0.285717 0.004522 0.003297 0.375084 0.002629
Min 0.057330 | 0.133396 0.042510 0.043888 0.042815 0.044805 0.037539
Mean  0.069262 | 0.289087 - 1583258 - 0.082993 - 0.077069 - 2440675 - 0.078522 -
F10 STD 0.004140 | 0.083493 2.934100 0.006672 0.003322 3.386398 0.004660
Min 0.063667 | 0.200582 0.070613 0.069814 0.070724 0.071827 0.070849
Mean  2.857105 | 3.421594 - 2.486506 + 2574438 + 2500490 + 2491028 + 2489858 +
F11 STD 0.161519 | 0.480261 0.002163 0.067805 0.004121 0.004278 0.004119
Min 2.593997 | 2.828668 2.483437 2.503048 2.492777 2.484186 2.482370
Mean  5.888439 | 5911771 = 5888444 = 5888446 = 5888447 = 5888443 = 5888441 =
F12 STD 2.437e-05 | 0.021524 3.194e-05 2.921e-05 2.488e-05  2.217e-05 2.731e-05
Min 5.888386 | 5.889838 5.888328 5.888401 5.888396 5.888417 5.888395
Mean  0.165143 | 0.330217 - 0.160362 = 0.172813 = 0.169879 = 0233339 - 0.162933 =
F13 STD 0.010780 | 0.034420 0.011045 0.011569 0.009875 0.023142 0.008078
Min 0.143198 | 0.273923 0.145302 0.152530 0.155039 0.185197 0.149172
Mean  0.021836 | 0.025204 - 0.026260 - 0.027014 - 0024151 - 0026402 - 0.022015 =
F14 STD 0.002060 | 0.003020 0.005627 0.003162 0.002887 0.003086 0.001594
Min 0.016844 | 0.019187 0.020981 0.020982 0.019703 0.021303 0.018776
Mean  0.078119 | 0.203325 - 0.083222 - 0.097277 - 0083141 - 0180419 - 0.081958 =
F15 STD 0.009492 | 0.093787 0.008659 0.024231 0.009773 0.366834 0.008731
Min 0.064280 § 0.095240 0.066627 0.070303 0.071319 0.054304 0.066935
Mean  0.004848 | 0.010789 - 0.005304 - 0.068035 - 0005728 - 0.005493 - 0.005984 -
F16 STD 0.000181 : 0.001129 0.000348 0.051960 0.000235 0.000305 0.000327
Min 0.004514 § 0.009097 0.004815 0.005506 0.005226 0.005030 0.005300
Mean  0.225022 | 0.013657 + 0.225434 = 0.235855 = 0006413 + 0225529 = 0.005170 +
F17 STD 0.295711 | 0.001853 0.295395 0.130451 0.002195 0.295323 0.000167
Min 0.004789 i 0.010143 0.004908 0.010399 0.005147 0.005201 0.004826
Mean  0.004968 | 0.013158 - 0.005918 - 0013425 - 0013227 - 0014224 - 0.005793 -
F18 STD 0.000193 § 0.001474 0.000311 0.007677 0.001754 0.006451 0.000225
Min 0.004612 i 0.010477 0.005221 0.005816 0.010521 0.006966 0.005345
Mean  0.847953 | 0.014534 + 0.839292 = 8671010 - 0059559 + 0.796601 + 0.006217 +
F19 STD 0.003444 i 0.003811 1.349¢-09 4.393905 0.022343 0.160952 0.000311
Min 0.841025 | 0.009651 0.839292 2.825396 0.025427 0.006726 0.005769
Mean  0.003882 | 0.014880 - 0.004150 - 0.004009 = 0004286 - 0.004652 - 0.004193 -
F20 STD 0.000134 | 0.003193 0.000393 0.000169 0.000411 0.000374 0.000251
Min 0.003609 | 0.011263 0.003817 0.003620 0.003618 0.004088 0.003870
Win 2 6 4 7 6 9
Tie 2 4 4 5 3 5
Lose 16 10 12 8 11 6
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Table 4.3 - Results of the simulation of the 20 benchmark functions, relative to the SP performance metric.

Benchmark — \1i0ApEO | MAOA MOFPA MOLA MOPSO NSGA-II NSWOA
Function/Metric
Mean 0321530 | 4749528 - 0237794 + 2232347 - 1321072 - 0253488 + 1970695 -
F1  STD 0.285751 | 2.016864 0.251713 0.617096 0.025767 0.254069 2.386650
Min 0.043457 | 0.000356 0.022540 1.128291 1.321072 0.022874 0.060745
Mean  0.065516 | 0.089796 - 0062322 = 0.091503 - 0.069883 - 0.059286 + 0.065053 =
F2  STD 0.007625 | 0.022786 0.008424 0.020650 0.010766 0.010654 0.010008
Min 0.050828 | 0.052464 0.048977 0.068041 0.050545 0.036661 0.053388
Mean  12.33447 | 3354520 - 8.327906 + 16.01383 - 36.33942 - 10.36808 + 1525041 -
F3  STD 4.862384 | 12.22930 3.157397 3.890015 8.979350 7.437592 13.69453
Min 7.544418 | 14.56306 3.132692 9.040897 20.22447 3.374710 7.401596
Mean  0.096448 | 0.179527 - 0054543 + 0.039479 + 0.076066 + 0.069458 + 0.107706 -
F4 STD 0.043094 | 0.149888 0.021258 0.036846 0.015371 0.007202 0.052060
Min 0 0.041718 0 2.142¢-07 0.037098 0.056880 0.045447
Mean  0.029902 | 0.052292 - 0010845 + 0.029641 = 0.049058 - 0011433 + 0.010049 -+
F5  STD 0.006754 | 0.018671 0.001320 0.037648 0.044003 0.001571 0.001279
Min 0.019737 | 0.026566 0.008700 0.007093 0.016722 0.008365 0.008149
Mean  0.009385 | 0.025925 - 0010060 - 0.093610 - 0.009050 = 0.010165 - 0.010038 -
F6  STD 0.000811 | 0.005422 0.001202 0.220038 0.000871 0.000832 0.000813
Min 0.007988 | 0.015031 0.007524 0.007039 0.006568 0.008554 0.008068
Mean  0.067588 | 0.161578 - 0076223 - 0010549 + 0.075558 - 0.055922 + 0.079427 -
F7  STD 0.006481 | 0.055544 0.011338 0.005384 0.016464 0.009087 0.011198
Min 0.054513 | 0.100971 0.049295 0.005352 0.053348 0.040669 0.062505
Mean  0.005292 | 0.034047 - 0007085 - 0.005915 - 0.05197 = 0.007839 - 0.006411 -
F8  STD 0.000498 | 0.010027 0.000803 0.000803 0.000555 0.000599 0.000711
Min 0.004234 | 0.019140 0.005611 0.004555 0.003972 0.006837 0.005268
Mean  0.115271 | 0.226169 - 0085333 + 0.090767 + 0.120251 = 0.084169 + 0.080957 -+
F9  STD 0.021943 | 0.108108 0.026608 0.021142 0.013592 0.024746 0.023623
Min 0.066646 | 0.077282 0.037882 0.045661 0.095161 0.036315 0.045833
Mean  0.178674 | 0233504 - 0.102607 + 0.105782 + 0.162875 + 0.102141 + 0.121947 +
F10 STD 0.112840 | 0.068568 0.045782 0.042200 0.114656 0.043060 0.083551
Min 0.077388 | 0.127439 0.076256 0.067801 0.068672 0.072763 0.062026
Mean  0.735655 | 0.868739 - 0.089095 + 0.337521 + 0.096277 + 0.097671 + 0.084043 +
F11 STD 0.287578 | 0.425698 0.007557 0.188191 0.022702 0.011379 0.007109
Min 0.335212 | 0.381740 0.074847 0.145188 0.069912 0.078159 0.071784
Mean  0.005381 : 0012832 - 0005835 - 0.005528 = 0.005712 - 0.005806 - 0.005457 =
F12 STD 0.000411 | 0.002374 0.000541 0.000573 0.000735 0.000587 0.000914
Min 0.004631 | 0.009547 0.005075 0.004650 0.004549 0.004823 0.004151
Mean  0.135460 | 0.217719 - 0.139527 = 0.142388 - 0.138768 = 0.106502 + 0.141832 =
F13 STD 0.015351 | 0.062838 0.014088 0.015175 0.011524 0.012173 0.015172
Min 0.113865 | 0.110620 0.110250 0.110488 0.119206 0.080748 0.114854
Mean | 0.014855 | 0.042114 - 0019679 - 0021622 - 0018514 - 0016613 - 0.018505 -
F14 STD 0.001754 | 0.027267 0.003730 0.008308 0.005786 0.002757 0.002354
Min 0.011944 | 0.019504 0.013373 0.013374 0.011847 0.012870 0.014081
Mean  0.147948 | 0.167478 - 0.162329 - 0.167391 - 0.166930 - 0.151351 = 0.170303 -
F15 STD 0.011287 | 0.034854 0.010811 0.027306 0.012973 0.045258 0.012888
Min 0.121980 | 0.085570 0.142462 0.133021 0.135448 0.016444 0.150575
Mean  0.008715 | 0.037970 - 0008071 + 0.006256 + 0.004527 + 0.008299 = 0.007340 +
F16 STD 0.000500 | 0.021462 0.000761 0.002562 0.000546 0.001050 0.000554
Min 0.007935 | 0.013324 0.006648 0.003648 0.003550 0.006469 0.006152
Mean  0.005525 | 0.030122 - 0005144 + 0007184 - 0.005356 = 0.005356 = 0.007902 -
F17 STD 0.004268 | 0.022738 0.003995 0.007492 0.001961 0.004173 0.000507
Min 0 0.007129 0 0.000673 0.003707 0 0.006696
Mean  0.008501 | 0.059765 - 0008977 - 0012565 - 0.012640 - 0.008822 = 0.007956 +
F18 STD 0.000492 | 0.033878 0.000916 0.010136 0.001974 0.001318 0.000817
Min 0.007758 | 0.012060 0.006871 0.005575 0.008131 0.006732 0.006500
Mean NaN | 0.093915 + 0 = 0161092 + 0028548 + 0000373 + 0006133 +
F19 STD NaN | 0.456069 0 0.134451 0.012234 0.001471 0.000561
Min 0.017144 | 0.009415 0 0 0.013357 0 0.005024
Mean 0010383 | 0023222 - 0007864 + 0.171539 - 0.104393 - 0.007243 + 0.126669 -
F20 STD 0.014798 | 0.037368 0.009079 0.148358 0.130574 0.003431 0.262090
Min 0.006657 | 0.009125 0.005282 0.004958 0.003038 0.005318 0.005328
Win 1 10 7 5 13 7
Tie 0 3 2 5 4 3
Lose 19 7 11 10 3 10
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Table 4.4 - Results of the simulation of the 20 benchmark functions, relative to the MS performance metric.

Benchmark ~ — \ioADEO | MAOA MOFPA MOLA MOPSO NSGA-II NSWOA
Function/Metric
Mean 0915883 | 1.314233 + 0548752 - 1162993 + 0780215 - 0687218 - 1194584 +
FL  STD  0.188971 |0.505874 0.043441 0.183364 0.251186 0.059125 0.297624
Max  1.261996 | 2.884921 0.634499 1.507360 1.491297 0.836414 1.681012
Mean 0568672 | 0.693960 + 0451780 - 0542044 = 0384230 - 0636740 + 0.395081 -
F2  STD 0057220 |0.076749 0.053506 0.050470 0.040462 0.052927 0.034964
Max _ 0.731746 | 0.897164 0.568091 0.657809 0.453723 0.759105 0.464959
Mean  0.857538 | 0.982543 + 0.735227 - 1164236 + 0019545 + 0.832883 = 0.730293 -
F3 STD  0.188999 | 0.095846 0.197158 0.130948 0.122966 0.065344 0.120628
Max  1.255774 | 1.180579 1.343636 1.495826 1.218689 1.022882 1.037915
Mean 0970601 | 1.166207 + 0540985 - 0763331 - 0747353 - 0686211 - 1162233 +
F4 STD 0097978 |0.200991 0.181980 0.201188 0.115965 0.047943 0.135569
Max  1.196701 | 1.648566 1.000000 1.280977 1.007034 0.769628 1.505321
Mean 0564737 | 0.665577 + 0423515 - 0556686 = 0560193 = 0479805 - 0.417469 -
F5 STD  0.066370 | 0.066768 0.039639 0.176149 0.144301 0.044332 0.040184
Max  0.692092 | 0.814069 0.506142 1.097258 0.984985 0.547550 0.522476
Mean 1020030 | 1.696094 + 0.446547 - 0504950 - 0.390520 - 0.473036 - 0452320 -
F6  STD  0.082424 |0.054043 0.055990 0.444223 0.042435 0.042017 0.053294
Max  1.190551 | 1.823089 0.564319 1.788113 0.504693 0.549741 0.560658
Mean 0553829 | 1.153269 - 0504436 - 0.874715 + 0437224 - 0582085 + 0.495315 -
F7  STD 0039458 | 0.084002 0.059870 0.025678 0.045986 0.053824 0.050592
Max  0.627589 | 1.339061 0.629388 0.922999 0.543019 0.735535 0.589364
Mean  0.299634 | 1307755 + 0338618 + 0271281 - 0.230431 - 0401108 + 0200935 =
F8 STD  0.031875 | 0.075168 0.043433 0.033171 0.029475 0.039710 0.032630
Max  0.378274 | 1.442154 0.421975 0.349530 0.303859 0.522002 0.359618
Mean 0566904 | 1.079915 + 0.410687 - 0.372234 - 0445732 - 0565813 = 0.323768 -
FO  STD 0080141 |0.119633 0.099625 0.032443 0.059908 0.114439 0.038107
Max  0.725680 | 1.350518 0.645564 0.448872 0.631272 0.738147 0.468181
Mean 0526459 | 1.163811 + 0490121 - 0.374010 - 0.394558 - 0584118 + 0.393276 -
FI0 STD 0070425 |0.101139 0.187224 0.055736 0.083555 0.207246 0.073390
Max _ 0.658000 | 1.367711 0.864045 0.501029 0.562848 0.880767 0.581150
Mean  0.788396 |1.300797 + 0497578 - 0.794339 = 0482296 - 0540274 - 0472176 -
F1I1 STD 0105102 |0.082547 0.031748 0.138716 0.043759 0.045670 0.028180
Max  1.031061 |1.494858 0.547629 1.154222 0.596576 0.643603 0.538203
Mean 0975490 | 1.006256 = 0072586 = 00969431 = 0969554 = 0973077 = 0968765 =
F12 STD  0.002556 | 0.002565 0.003299 0.003756 0.002940 0.003385 0.002432
Max  0.979634 |1.013117 0.983999 0.977832 0.974158 0.978910 0.974854
Mean  0.656915 | 1.142983 + 0439016 - 0429992 - 0405567 - 0544852 - 0419587 -
F13 STD 0044174 | 0.071549 0.039323 0.037855 0.030299 0.060426 0.034347
Max  0.754548 | 1.274065 0.528418 0.496049 0.487759 0.653019 0.496075
Mean 0457588 | 0.923173 + 0459473 = 0422754 - 0394768 - 0481777 + 0421932 -
F14 STD 0087987 | 0.088573 0.064892 0.066398 0.045299 0.047032 0.038331
Max  0.561167 | 1.138986 0.643172 0.604501 0.506806 0.619359 0.503632
Mean 0941107 | 1.081687 + 00902749 = 0930529 = 0008970 = 0918224 = 0953459 =
FI5 STD  0.043528 |0.089768 0.048438 0.049523 0.057238 0.072906 0.042100
Max  1.054002 | 1.292101 0.993967 1.060073 1.045576 1.043367 1.030554
Mean 0989797 | 1.145202 + 0415685 - 0506029 - 0.182105 - 0427721 - 0342801 -
F16 STD  0.084346 | 0.098685 0.053316 0.125186 0.021452 0.041736 0.036380
Max 1171762 | 1.324253 0.510055 0.732797 0.229038 0.489692 0.406862
Mean 1021679 | 1.144491 + 0.616891 - 0.834297 - 0227009 - 0.645616 - 0.395765 -
F17 STD  0.050296 | 0.139300 0.295588 0.149560 0.095232 0.274192 0.036453
Max  1.127577 | 1.380912 1.000000 1.165913 0.613448 1.000000 0.467236
Mean  0.797354 | 1.153333 + 0415025 - 0457369 - 0.684490 - 0441817 - 0.361810 -
F18 STD 0082862 |0.142471 0.042262 0.088036 0.085949 0.056067 0.045736
Max  0.953747 | 1.445599 0.511559 0.646714 0.866737 0.563110 0.501696
Mean NaN | 1076436 + 1000000 + 0994322 + 0678776 + 0977821 + 0272862 +
F19 STD NaN | 0.178939 0 0.046199 0.122714 0.095367 0.029327
Max  1.018464 | 1.971755 1.000000 1.059346 1.020458 1.000000 0.336789
Mean 0726142 | 1.276185 + 0.393071 - 1161179 + 0.814158 + 0423407 - 0.657433 -
F20 STD  0.131233 |0.110838 0.091089 0.450512 0.539566 0.064102 0.541844
Max___ 1.236383 | 1.641778 0.806657 1.719101 1.658508 0.584723 1.807766
Win 18 2 5 3 6 3
Tie 1 3 5 3 4 3
Lose 1 15 10 14 10 14
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Figure 4.1 — Results of the simulation obtained by each MOA, on the 20 benchmark functions, for the IGD

performance metric.
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4.2 Evaluation on Engineering Design Problems

In this section, the performance of the proposed MOADEO algorithm is further
investigated and compared through simulations on 4 real-world engineering design
problems (EDPs): the welded beam design problem, the gear train design problem, the
four-bar truss design problem, and the pressure vessel design problem. These EDPs
contain several equality and inequality constraints which the algorithms need to handle,
simultaneously, during the optimization process, in order to correctly solve them. To
handle the multi-constraints in each MOP, various types of penalty functions can be
implemented, such as Static penalty, Dynamic penalty, Annealing penalty,
Coevolutionary penalty, and Death penalty [154]. The death penalty function is
considered one of the simplest techniques among the different constraint handling
function when testing multi-constraint problems [155]. This penalty function awards a
big fitness value to the solutions that violate any of the constraints of the problem to
easily discard the infeasible solution and does not use the knowledge of those solutions
which are helpful to solve the dominated infeasible regions [154], [155]. Due to its low
computational demand and its simple implementation, the death penalty was employed
in the MOADEO algorithm.

The proposed MOADEO algorithm is compared and simulated with the same six
MOAs, mentioned in Section 4.1, and with the same individual control parameters,
shown in Table 4.1. The global simulation parameters used in this simulation were the
following: the number of maximum iterations (k,,,,) was set to 100; the repository
maximum size (rep;q,) was limited to 9o; and the number of candidate solutions /
search particles (np) in the multidimensional search space was set to 90; each MOA was
run 30 times for each benchmark function, due to the stochastic nature of the
optimization. Just like in Section 4.1, for each run, the initial positions of the search
particles were the same for all the MOAs. Likewise, the computational tasks were

executed in the same Matlab® version and same computational environment.

4.2.1 Welded beam design problem

The welded beam design problem, proposed by [156], consists of the
minimization of 2 objectives: the fabrication cost (f;) and the deflection on the end of the
beam (f;) [157], [158]. This problem contains 4 design variables being: the thickness of
the weld (hy,¢1q), the length of the part of the beam that is clamped to the wall (I¢,,,), the

height of the beam (t,cam), and the thickness of the beam (byeam,), as shown in Figure
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4.2. The 4 design variables hye1q,lpeamstbeams, @1d bpeam correspond in the formulation to
X1,X2,X3, and x,, respectively. The mathematical formulation of the welded beam design

problem is the following:

Figure 4.2 — Welded beam design problem.

Minimize: {fl(x) = 1.10471x%x, + 0.04811x3x,4(14.0 + x5)
fa(x) =8(x)

T(X) = Tiax < 0 (4.4)
Ubeam(x) ~ Obeammay <0

Subject to: { x; —x, < 10
0.125—x;, <0

P—P:(x)<0
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Where: <

2t't"x,
() = (@) +——+(1")?
2Rbeam
, P
T =
\/fxlxz
"_ MRbeam
J

M = P (Lyeam +

X2
)

X2 (xy + x3\2
Rpeam = \/Tz + ( 2 )

(4.5)

X1%, [x2 /xq + X2\ 2
J=2 1X2 _2+( 1 3)
2 |12 2
_ 6PLbeam
Opeam(X) = W
4PL 3
6(x) — - bea73n
X4X3
EG 2..6
b 4.013,|=beam s s % £
xX) = —
¢ Lbeam2 2Lbeam 4Gbeam

Additional considerations: P = 6000 1b, L .4, = 14 1n, 8,5, = 0.25in, E = 30 X 10° psi,

Gpeam = 12 X 108 psi, Tpq, = 13600 psi, 0,4, = 30000 psi. Moreover:

0.125< x; <5.0in
0.1 <x, <10.0in
0.1 < x3 <10.0in
0.125 < x, < 5.0in

(4.6)
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4.2.2 Gear train design problem

The gear train design problem, proposed in [159], is a problem involving 4
connected gears and aims to determine the number of teeth and size of each gear. The
problem consists of 2 objectives: minimizing the error between the obtained and
required gear ratio (f;), while minimizing the size of the four gears (f3) [160], [161]. The
decision variables are the number of teeth in each gear: Z,; refers to the number of teeth
on the driving gear; Z, is the number of teeth in the driven gear; Z; indicates the number
of teeth of the gear attacked to the driven gear; and Z; represents the number of teeth in
the final gear, as shown in Figure 4.3. The mathematical formulation of the gear train

design problem is given below.

Figure 4.3 — Gear train design problem.

Z,7
£(2) = |6.931 ——“—f|

Minimize: 7,7,
f (Z) = max Zd'Zb'Z ,Z
2 ( %) (4.7)
f1(Z)
Subject to: <0.5
ubject to 6.931 =
12 < 74,2y, 20,2 <60,  Zq, 2y, 20, 7% € 1L (4.8)
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4.2.3 Four-bar truss design problem

The four-bar truss design problem is a multi-objective problem firstly introduced
by [162], composed by 4 bars connected to each other by 4 joints, as shown in Figure 4.4.
The goal of the problem is to minimize the structural volume (f;) and minimize the
displacement of joint 2 (f,), when subjected to multiple forces (P), while subjected to
stress constraints [163]. The cross-section areas of each bar 1,2,3, and 4 are represented
in the formulation as x;, x,, x5, and x,, respectively. The mathematical formulation of

this design problem is given next.

Figure 4.4 — Four-bar truss design problem.

f1(x0) = L(2x; +V2x, +V2x3 4 x,)

Minimize: )_PL 2 +2\/§ 2V2 N 2 (4.9)
f2x) = E\x; x, X3 X4

Subject to: < (4.10)

V2P 3P
<x; <

P 3p
— <Xy S —
o o

Considering: P = 10 kN, E = 2.00 x 10° kN/cm2, L = 200 cm, and ¢ = 10 kN/cm2.
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4.2.4 Pressure vessel design problem

The pressure vessel design problem was proposed by [164], is an engineering
problem that seeks to minimize the total cost (f;) including material, forming, and
welding costs, and maximize the storage space (f,) of a cylindrical pressure vessel capped
with 2 hemispheres heads in both ends [160], [161]. These 2 objectives are influenced by
4 design variables: the thickness of the shell (Ts), the thickness of the hemisphere head
(T}), the inner radius of the vessel (R), and the length of the cylindrical vessel section
(Lyesser), as shown in Figure 4.5. The mathematical formulation of the current design

problem is the next:

Figure 4.5 — Pressure vessel design problem.

Minimie: { f1(x) = 0.6224T,LyesserR + 1.7781TyR? + 3.1661T2Lyyggser + 19.84T;

f2(x) = —=(TR?Lyesser + 1.3337R3) (4.11

0.0193R-T, <0 )

Subject to: 1 00954R — T, < 0

(T = 0.0625
T, <5

T, > 0.0625
T, <5

R =10

R <200
Lyesser 2 10
\Lvessel < 240

Where < (4.12)

70



Among the 4 design variables, x; and x, are discrete variables: integer numbers,

multiples of 0.0625 in; the other 2 variables are continuous variables i.e., x; and x,.

4.2.5 Results and discussion

The results of the simulation of the 4 EDPs are presented in Table 4.5. This time,
however, since these are real-world problems, these don’t have a theoretical true Pareto
optimal Front, and therefore the results of the simulation cannot be compared to a true
Pareto Front. Thus, the results obtained by each MOA can only be compared to each

other using the SP metric since it does not require the knowledge of the true Pareto Front.

The results obtained by each MOA on the different EDPs are resumed on 3
statistical metrics: the mean value, the standard deviation (STD), and lastly the
minimum (Min) value. Similarly to the results on the 20 benchmark function in section
4.1.3: the best results were shaded to emphasize the best algorithm and the respective
value; the mean results obtained for each MOA selected from the literature were
compared to the proposed MOADEO algorithm through "+","=", and "-" respective
whether that algorithm won, tied or lost to the value of the proposed MOADEO
algorithm; in the bottom of the table, the evaluations are summarized to show in how
many benchmark functions that MOA won, tied or lost to the proposed MOADEO

.

algorithm. The results were considered tied “=” when the mean value of the MOA in

question is within 5% of the proposed MOADEO algorithm.

Table 4.5 - Results of the simulation of the 4 EDPs, relative to the SP performance metric.

Benchmark  — \i0ApEO | MAOA MOFPA MOLA MOPSO  NSGA-II NSWOA
Function/Metric
Mean 024231 | 133816 - 3565077 - 1058815 - 2197895 - 3496549 - 6017832 -
EDP1 STD 0091561 | 3476437 0545353 3349958 3322996 7273114 16.33383
Min 0150745 | 0159481  0.130882 0.154494  0.138557  0.23283 0.12378
Mean 0016636 | 1902935 - 0065023 - 0910693 - 1384089 - 0015955 = 0547691 -
EDP2 STD 002524 | 1808313 0090954 0788172 0921236 0024453  0.249902
Min 0 10305028 0001928 0181835  0.88389  0.000496 0.08376
Mean 9270017 | 1528113 - 8073332 + 8.083307 + 7.679697 + 8439455 + 7.856498 +
EDP3 STD 0965716 | 1.926882 0.73204 1632231 0722782 0859655 0727986
Min  7.230597 | 10.88882 6724864 5343260 6516999 6744559 6834565
Mean 1859957 | 3640339 - 3304066 - 3121454 - 4409514 - 2945439 - 3584435 -
EDP4 STD 2432058 | 4201393 1058934 5330662 7183016 3208211 77060.09
Min 2320412 | 2797294 2521412 2400733 3225182 2443705 252927.9
Win 0 1 1 1 1 1
Tie 0 0 0 0 1 0
Lose 4 3 3 3 2 3

As apparent, the proposed MOADEO algorithm obtained the best results for the

EDP1and EDP4, and obtained similar values in the remaining EDPs winning MOA value.
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The proposed MOADEO algorithm won 4, 3, 3, 3, 2, and 3 times, respectively, while only
losing a maximum of one time to the MOAs selected from the literature. Therefore, the
proposed MOADEO algorithm shows a good divergence behavior of the set of optimal

solutions, displaying a very evenly spread of optimal solutions in the Pareto Front.

Furthermore, Figure 4.6 exhibits a qualitative and quantitative evaluation of the
results presented in Table 4.5. For each EDP, two figures are displayed in similar way
with simulation results in 4.1.3: the figures on the left present the true Pareto Front and
the Pareto Front of each MOA correspondent to the best SP value (best divergence
result), in the given EDP; the figures on the right show the boxplot of the SP results
(presented in Table 4.5), for each MOA, exhibiting the minimum, maximum, mean, the
percentiles and median value of the results of the 30 repetitions executed, in each EDP.
As apparent, the MOAs with a better minimum value present more disperse and coherent
Pareto Fronts, with better divergences, whereas MOAs with higher SP minimum values

present more inconsistent Pareto Fronts.
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b) Results obtained on the gear train design problem.
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CHAPTER 5

Optimal Sizing of the Renewable Energy

Community

This chapter initially presents the optimization strategy implemented, regardless
of the number of participants of a REC, outlining the required variables relative to the
optimization problem. Afterward, an evaluation and performance analysis is conducted
in a chosen renewable energy community design, simulated with real dataset profiles,
and subsequently, displaying the results obtained from the implemented multi-objective

optimization algorithm, for each scenario.

5.1 Optimization Strategy

The optimization technique implemented in this paper combines the specificities
of the Multi-Objective Particle Swarm Optimization (MOPSO) algorithm with the use of
multiple swarms that cooperate and share information and lived experiences (history) to
achieve a set of high-quality solutions. The use of multiple swarms constructs a greater
diversity of new solutions and explores the multidimensional search space with greater
independence and efficiency. Moreover, the optimization technique used divides the
multidimensional search space into smaller subspaces, providing greater independence
in the construction of new solutions (exploration of the search space) and minimizing
the problem of premature convergence. The number of subspaces and the number of
swarms depend on the number of participants in the REC. Each swarm acts in its
corresponding subspace, optimizing the sizing of the various energy production and

energy storage units inherent to each participant of the REC (NPVp,NWTp,Cbatp)

cooperatively and collaboratively. The multiple swarms use the broadcast strategy to
share information and lived experiences (history) with each other, i.e., the social

component of each swarm (gbest) is transmitted and shared with all the other swarms.

5.1.1 Proposed Optimization Procedure

Figure 5.1 presents the flowchart of the implemented optimization procedure in

this paper for an REC with n participants. Initially, all the variables relative to the
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optimization problem and all the required variables for the correct use of the MOPSO
optimization algorithm are initialized, such as the number of participants in the REC (n);
the meteorological variables (temperature, irradiance, wind speed); the load profiles of
each participant of the REC; the dimension of the optimization problem (d), the lower
(Ib) and upper (ub) bounds; the number of particles in the population (np); the
maximum capacity of the repository of nondominant solutions; and the number of

maximum iterations allowed (k,,,4,), among others.

Define the information about the optimization
problem (meteological, economic and load data)

Define the MOPSO control parameters

v

Define the number of swarms;
the lower and upper bounds of variables;

v

Initialize the number of swarms
with a population of 7 agents

v <

Create the string coding scheme
for community participant 1,2, ...,n

A 4

Other
Participants
Gbest
<>

Other
Participants
Gbest

Community Participant n

v

End :Yes Stopping criteria No

true

Figure 5.1 - Optimization Strategy Diagram.
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After these initializations, the initial positioning of the particles is determined with

structure of Equation (5.1):

Multidimensional Search Space

Xi = NPVl' NWTli Cbat1 ’ NPVZ) NWth Cbat2 ’ NPV3! NWT3I Cbat3 LD NPVn’ NWTnl Cbatn (51)

swarm 1 swarm 2 swarm 3 swarmn

A random initial position is determined within the multidimensional search
space (defined in Equation (2.15)), considering a population of 15 individuals per
dimension and a maximum number of allowed interactions (100 iterations per
dimension). The population of particles is divided into several swarms with a star
topology, i.e., in each swarm, all particles communicate with each other. The various
swarms evolve and move independently, while maintaining their own repository of

nondominated solutions.

In each iteration, the performance of each particle regarding each swarm was
determined using the economic and technical criteria detailed in Section 2.2.2
(Equations (2.8)—(2.18)). However, to evaluate the performance of each particle, a string
code scheme was constructed by broadcasting the social component of each swarm
(gbesti1,2, 3, ..., n), where n is the number of participants in the REC, as described in

Equation (5.2):

Particle Position for swarmq

x; = Npy,, Nwr,, Cpar,, gbest,, gbests, ..., gbest, (5.2)

Subsequently, a repository control mechanism evaluated the individual and
collective performance of each particle and, consequently, determined the nondominant
solutions inherent to each swarm. As aforementioned, the movement of each particle was
determined by Equations (3.3) and (3.4). However, to prevent a new position of the
particles outside the multidimensional search space, during the successive iterations, the
confinement strategy described by Equation (3.5) was implemented. In this strategy, if
any of the limits (lower or upper limit) were exceeded, the particle movement was

modified ensuring that the new position was within the search space.

The execution of the various swarms, i.e., the various MOPSO optimization
algorithms, ended when the established stopping criterion was reached. The established
stopping criterion was within the maximum number of allowed interactions (100
iterations per dimension). Once the optimization process was completed, i.e., when the

stopping criterion was reached, an external repository was created with all the
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nondominated solutions determined by the various swarms. Through this external
repository, a nondominated solution (Final Trade-Off Solution) was selected based on

the fuzzy set membership function [165], [166].
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5.2 Results Discussion and Analysis

In this section, an evaluation and performance analysis is conducted based on the
results obtained from the implemented multi-objective optimization algorithm for each
scenario. Firstly, the characteristics of the simulated renewable energy community and
the corresponding data profiles will be presented and analyzed. Lastly, all the optimized
scenarios obtained from the application of the implemented multi-objective

optimization algorithm will be evaluated, discussed, and compared.

5.2.1 Renewable Energy Community

The community under study represents a microcosm of sustainable energy
production and consumption, comprising three participants, denoted as (a), (b), and (c)
in Figure 5.2. This configuration enables a comprehensive analysis of the interactions
and dynamics among participants utilizing different energy sources. Each of the three
participants in the community can produce, consume, and potentially store renewable

energy under the four energy management scenarios described in Section 2.2.1.

Figure 5.2 - Renewable Energy Community Architecture.

Additionally, when the community’s load demand exceeded the local renewable
energy production capacity, participants could import additional energy from the
electrical grid. This interaction with the grid provides several advantages for the
renewable energy community. First, it ensures a reliable power supply, particularly

during periods of low renewable energy production or high load demand. Second, it
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allows for the integration of intermittent renewable energy sources with the grid’s
baseload power, ensuring a continuous and stable energy supply. Third, the grid
connection enables the community to participate in feed-in tariff programs, incentivizing

the production and export of excess renewable energy.

5.2.1.1 Mathematical Models Parameters

This subsection presents a comprehensive overview of the key mathematical
model’s parameters used in the simulations. These parameters encompass the

characteristics of the batteries, PV, and wind turbine models.

Batteries Model Parameters

To accurately replicate the dynamic behavior of a battery within an energy
community, it is necessary to adjust certain model parameters values. These parameters
enable the model to mimic nuances and interactions that batteries exhibit when
integrated into the energy systems of real-world communities, allowing for a more
precise representation of their performance [78], [90]. Table 5.1 presents the battery

model parameters values used in the simulation.

Table 5.1 - Batteries Model Parameters and Values.

Battery Model Parameter Value
kpae 0.38
c 0.271

Photovoltaic Model Parameters

The photovoltaic module selected for simulation purposes was the Sharp
ND-R250A5, characterized by 60 polycrystalline silicon cells (with 156.5 mm X
156.5 mm) connected in series, divided into three strings, with each string protected by
a bypass diode, i.e., a bypass diode for every 20 cells in the PV module [167]. The
specifications of the selected PV module are displayed in Table 5.2.

Table 5.2 - Photovoltaic Model Parameters and Values.

PV Model Parameter Value

Emppt 95%
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Gsrc 1000 Wm™2
Ayoc —-0.0044 V°C™!
Tsrce 25°C
Gyocr 800 Wm™2
NOCT 47.5°C
Tnocr 20°C

Wind Turbine Generator

The selected wind turbine generator was the Bergey BWC XL-1, a 1 kW three-
bladed wind turbine, with horizontal axis and a 2.5 m rotor diameter. It shows
remarkable low-wind-speed performances, with intended applications for charging
batteries and supply electrical loads in remote power systems or rural electrification

programs. The corresponding power curve is displayed in Figure 5.3.

1200 1

1000 - 1

800

600 |- 1

Power output [W]

400 |

200 |

0 5 10 15 20 25
Wind speed [m/s]

Figure 5.3 - Power curve of the Bergey BWC XL-1 Wind Turbine.

To complete the wind component modeling, the power law exponent (ayinq)
must be addressed for the simulation site characteristics. The power law exponent or
friction coefficient value depends on numerous factors like terrain roughness, altitude,
exposed site level, temperature, and season of site [168]. The value normally used for this
parameter in open land areas is 0.142 [169]. However, this value does not take into
consideration various terrain roughness characteristics and atmospheric stability
classes, leading to large discrepancies in wind speed value prediction and huge errors in
energy estimation [170]. Given this fact, the value chosen for this parameter was 0.4, a
fair value considering a location with high surface roughness, with a high stability

atmosphere [170], [171], [172].
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The parameters provided by the manufacturer of the selected wind turbine
generator, as well as the power law exponent and the remaining model parameters
required to complete the formulation i.e. the hub heights chosen, and the corresponding

values, are displayed in Table 5.3.

Table 5.3 - Wind Turbine Model Parameters and Values.

Wind Turbine Model Parameter Value
Rated Power 1.000 W
Maximum output power 1.200 W
Rated wind speed 11.0 m/s
Cut-in wind speed 2.5 m/s
Furling wind speed 13.0 m/s
Cut-out wind speed 20.0 m/s
hy, 20 m
hg 10m
Awind 0.4

5.2.1.2 Economic Parameters

In order to quote the LCOE ratio and rate the economic criteria in the simulation,
2 economic parameters must be quantified, and are shown in Table 5.4: the nominal

interest rate (int) and the project lifetime (N).

Table 5.4 - Economic Criteria Parameters and Values.

Parameter Value
Nominal interest rate (int) [%] 0.05
Project lifetime (N) [years] 20

5.2.2 Data Profiles

The data profiles used in this paper were obtained from the U.S. Department of
Energy’s (DOE) Open Energy Data Initiative (OEDI) [173], a large and centralized
repository of datasets containing weather data of all the Typical Meteorological Year
version 3 (TMY3) locations, as well as dataset simulations of the residential and
commercial prototype model load profiles for these locations. TMY3 is the most recent
version of the Typical Meteorological Year (TMY), a group of selected weather data

measured in more than a thousand different locations across the US for at least 15 years
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[174], fused and shortened into a single year, representing hypothetically typical weather
data in each different location, with one year of values with one-hour resolution (8760 h

time series data) based on real-life values.

Load data: Three different location datasets were selected from the TMY3

residential load datasets with different time-series statistical values and shape profiles.

Weather data: The weather data profiles were made by scaling the TMY3
weather data of one of the locations (base location), proportionally to the other two
locations, including a + 20% deviation to induce additional variability [175]. These
weather datasets contain multiple parameters, three of which are required to simulate
the energy community using the mathematical models described in Section 2.1: air

temperature, solar irradiance, and wind speed.

Box and whisker diagrams were used to visualize and understand in greater detail the
dataset profiles used to simulate the REC. The dataset profiles for each REC participant
are presented with two different resolutions: hourly and monthly. Thus, one can visualize
the behavior and evolution of each dataset profile during the 24 h of the day, but also
visualize throughout the 12 months of the year. Figure 5.4 shows the hourly resolution
box and whisker diagrams of the three load data profiles: Load 1 in diagram (a), Load 2
in diagram (b), and Load 3 in diagram (c); and the three weather data variables of the
base location (simulation location of load 2): air temperature in diagram (d), irradiance
in diagram (e), and wind speed in diagram (f). Figure 5.5 shows the same datasets but in
a monthly resolution box and whisker diagrams, with the same disposition and

identification.

Table 5.5 presents the time-series statistical analysis for each dataset profile,
including the mean, median, standard deviation, and statistics related to the shape of the
dataset profiles, such as skewness and kurtosis. As can be seen, load profiles 1 and 2
exhibited very similar mean values. However, they differed significantly in terms of their
standard deviation: Load Profile 1 had a high standard deviation of 66%, while Load
Profile 2 had a standard deviation of only 42%. Moreover, these two load profiles
displayed distinct skewness values: Load Profile 1 had a positively skewed distribution,
while Load Profile 2 showed an approximately symmetric distribution. On the other
hand, Load Profile 3 featured a lower mean and median values, with a lower standard

deviation compared to the other two loads, as intended.
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Figure 5.4 - Box-and-whisker diagrams with an hourly resolution for each dataset profile. (a) Participant

a). (b) Participant b). (c) Participant c¢). (d) Air temperature. (e) Solar Irradiance. (f) Wind speed.

However, its shape metrics were similar to Load Profile 1. The air temperature
revealed a very symmetric shape distribution, also demonstrated by the proximity
between the mean and median values, despite a high standard deviation value.
Inevitably, the irradiance showed very dispersed values, demonstrated by the high value

of standard deviation in contrast with the null median value.

Table 5.6 provides detailed information on the maximum and minimum values
of each dataset profile, including the corresponding month, day, and hour when these
values occurred. As expected, the maximum energy demand of the load profiles occurred
during the evening, and the minimum energy demand of the load profiles happened
during the night. Similarly, the air temperature showed expected results, registering the
highest temperature during the afternoon of summer times, in harmony with the

irradiance, and reaching the minimum air temperature value in the winter.
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Table 5.5 - Time-Series Analysis of Dataset Profiles: Statistical Values.

Parameter Mean Median St. Dev. Skewness Kurtosis
Load 1 [kWh] 1.4347 1.0874 0.95063 1.2517 3.6039
Load 2 [kWh] 1.4373 1.3567 0.60812 0.56598 2.849
Load 3 [kWh] 0.88781 0.80909 0.33569 0.99622 3.5528
Air Temperature [°C] 14.6192 15.4 9.306 —-0.20139 2.1832
Irradiance [Wm™2] 177.8128 o} 261.7154 1.3709 3.6711
Wind Speed [ms™] 2.7075 2.48 1.2744 0.80935 3.7417
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Table 5.6 - Time-Series Analysis of Dataset Profiles: Maximum and Minimum Values and Corresponding

Dates.

Parameter Max. Hour of  Month of Min. Hour of Month of
the Day  the Year the Day the Year

Load 1 [kWh] 4.2977 17 8 (Aug.) 0.40097 4 6 (Jun.)
Load 2 [kWh] 3.9086 17 7 (Jul.) 0.45593 4 8 (Aug.)
Load 3 [kWh] 2.0233 19 12 (Dec.) 0.39432 4 8 (Aug.)
Air Temperature [°C] 38.09 14 7 (Jul.) -10.46 9 1 (Jan.)
Irradiance [Wm~2] 1017 13 5 (May) 0] * *
Wind Speed [ms™] 8.83 19 11 (Nov.) o) * *

* Multiple results.

Finally, Table 5.7 details the highest and lowest mean dataset values of each
profile, with the respective hour and month they occurred. In the hour resolution
diagrams, all load profiles show a similar shape with a slight peak during early morning
hours and reaching daily peaks during the end of the evening/beginning of the night.
Monthly, all the load profiles have completely different behaviors: Load Profile 1 had a
substantial increase in values during the summer months, while Load Profile 3 displayed
the opposite scenario, and Load Profile 2 had no significant changes during the months

of the year.

Table 5.7 - Time-Series Analysis of Dataset Profiles: Mean value details of each dataset profile.

Hourly Resolution Monthly Resolution
Profiles Profiles
Parameter Evaluation Value Hour Value Month
Load 1 [kWh] Highest mean value 2.4427 18 2.3372 8 (Aug.)
Lowest mean value 0.58 4 0.88195 11 (Nov.)
Load 2 [kWh] Highest mean value 2.3471 20 1.6732 7 (Jul.)
Lowest mean value 0.6279 3 1.1867 5 (May)
Load 3 [kWh] Highest mean value 1.4899 21 1.0971 1 (Jan.)
Lowest mean value 0.51981 3 0.7179 8 (Aug.)
Air Temperature [°C] Highest mean value 18.1138 15 27.3003 7 (Jul.)
Lowest mean value 11.787 7 1.3899 1 (Jan.)
Irradiance [Wm™2] Highest mean value 570.8571 13 273.5148 7 (Jul.)
Lowest mean value 0 * 87.5972 12 (Dec.)
Wind Speed [ms™] Highest mean value 3.2959 14 3.2032 2 (Feb.)
Lowest mean value 2.3648 7 2.1831 8 (Aug.)

* Multiple results.
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Relative to the air temperature data profile, as expected, the temperature rose
with sun exposure, but with very little variation, increasing hourly after sunrise and
dropping during the evening, and throughout the night. Monthly, the temperature
increased gradually until the summer months and decreased substantially during the
autumn and winter months. The hour of the day with the highest mean air temperature
was the 15th hour (18.1138 °C), while the hour with the lowest mean air temperature
(11.787 °C) was the 7th hour. The month of July had the highest mean air temperature
(27.3003 °C), while January had the lowest mean air temperature (1.3899 °C).

Regarding solar irradiance, the location is not very privileged, reaching the
monthly highest mean value (273.5148 Wm™2) in the month of June and the lowest
monthly mean irradiance (87.5972 Wm™2) in December. The hour with the highest mean

irradiance (570.8571 Wm™2) was the 13th hour of the day.

The wind speed at the location was relatively slow and revealed consistent wind
speeds throughout the day and the year, with the highest monthly mean value (3.2932
ms~1) in February, approximately the same as the highest hourly mean value, while the

lowest monthly mean value (2.1831 ms™!) was in August.

5.2.3 Performance Evaluation and Results Discussion

This section presents and analyzes the results obtained with the implemented
multi-objective optimization algorithm discussed in the previous sections. To ensure the
reliability of the results, the implemented optimization algorithm underwent 15
simulations. Figure 5.6 provides a representation of the statistical distribution and

variability of the objective functions’ fitness values.

As can be seen, Scenario 1 presents a low standard deviation for LCOE, indicating
relatively consistent operational costs. The mean LCOE value is 0.0609, while the
median LCOE is slightly lower at 0.0604. The SSR and SCR present relatively high mean
values, with 0.8154 and 0.6676 respectively. In Scenario 2, the LCOE exhibits a higher
mean value of 0.0435 and a slightly higher median value of 0.0429. The SSR and SCR
values are also valuable, with SSR at 0.6805 and SCR at 0.6451. This suggests that,
despite higher operational costs, the community maintains a high degree of self-

sufficiency and self-consumption.
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Figure 5.6 - Statistical distribution of the objective functions’ fitness values.

Scenario 3 presents the highest LCOE among the scenarios, with a mean value of
0.0523 and a median of 0.0468. The SSR and SCR values are lower in this scenario,
indicating a focus on community independence over cost-efficiency. Lastly, Scenario 4
demonstrates a lower mean LCOE of 0.0371 and a median of 0.0468, making it the most
cost-effective scenario. The SSR and SCR values are also advantageous, with SSR at
0.5082 and SCR at 0.5524, suggesting a balanced approach between cost efficiency and

community independence.

Table 5.8 displays the sizing ratio for each participant’s optimal battery capacity
and the optimal installed renewable capacity in each scenario. This ratio is calculated by
dividing the installed capacity of the storage systems or the renewable energy sources for
each participant by their load’s maximum value. This ratio ensures a more reliable

assessment of each element’s optimal sizing within the renewable energy community.

In the following subsections, the performance analysis of each scenario is
discussed, considering the optimal sizing of each element within the renewable energy
community. This analysis provides a comprehensive understanding of the strengths and
weaknesses of each scenario, aiding in the selection of the most suitable approach for a

sustainable and efficient renewable energy community.
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Table 5.8 - Sizing Ratio for Renewable Energy Community Scenarios.

Participant 1 Participant 2 Participant 3
Scenarios  Storage Renewable  Storage Renewable  Storage Renewable
Systems  Energy Systems Energy Systems  Energy
Ratio Systems Ratio Systems Ratio Systems
Ratio Ratio Ratio
Scenario 1 7.9079 2.5955 4.8611 1.9828 3.7229 2.1523
Scenario 2 6.4251 1.4827 1.7909 2.6864 2.3268 2.0941
Scenario 3 2.4712 0.7426 2.0468 2.3666 2.3268 2.0941
Scenario 4 0.9885 2.2241 0.7675 2.0468 2.5595 2.9085

5.2.3.1 Scenario 1

This scenario provides a baseline comparison for the other scenarios where each
participant adopts an individualist position within the community. Scenario 1 resembles
a conventional microgrid where there are no energy transactions between the
participants. Participants rely on their own individual renewable production and
batteries to meet their load demand, exchanging required or surplus energy only with
the electrical grid. Figure 5.7 shows the hourly average values of PV production, battery
discharge and charge, imported and exported energy from/to the grid, and the average
load of each participant. These diagrams offer a concise visual representation of the
energy dynamics and transactions of the community, allowing for a comprehensive
understanding of the participants’ renewable production, battery usage, grid interaction,

and overall energy flow throughout the course of a typical day.

In this scenario, the energy storage systems are exclusively used for individual
energy storage, with no coordination or collaboration among community participants to
maximize the community’s energy independence. As indicated in Table 5.8, all
participants exhibit a similar renewable production ratio of approximately two.

However, they present considerable differences in their Storage Systems Ratio.

As Figure 5.7 illustrates, this lack of energy-sharing mechanisms within the
community result in surplus energy being exported to the electrical grid without
benefiting other REC members. Consequently, most of the available renewable energy in

the RECs is exported to the main grid.
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Figure 5.7 - Scenario 1: hourly energy contributions. (a) Participant a). (b) Participant b). (¢). Participant

c).

Importantly, all participants rely solely on solar energy production systems, with
each participant achieving their maximum PV production at 12:00 PM: Participant (a)
achieved a maximum PV production of 5.82 kWh, Participant (b) reached 8.34 kWh, and
Participant (c) achieved 10.26 kWh. Therefore, during periods of low solar irradiation,
the community becomes dependent on the electrical grid to supply its load demand.
Similarly, when renewable energy production is insufficient to satisfy the participant’s
load demand and the energy storage systems present a reduced SOC, the community
relies exclusively on the electrical grid for energy supply. On average, each participant
imports 0.19 kWh of energy from the electrical grid per hour to satisfy their demand.
This reliance is evident in the increased energy importation from the grid throughout the
night hours. As a result, the use of the energy storage systems during these hours

decreases in correlation with the respective SOC levels.

To perform a broader analysis of the community operation in Scenario 1, Figure
5.8 depicts a diagram that illustrates the monthly cumulative energy values of PV
production, energy storage systems, imported and exported energy from/to the grid, and
the load for all the community’s participants. This diagram provides a comprehensive
overview of the community’s energy dynamics over the course of a year. By showcasing
the cumulative values, this analysis allows a macro-level understanding of the
participants’ renewable energy production, storage, grid interaction, and overall energy

consumption patterns over the year.
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Figure 5.8 - Scenario 1: monthly energy contributions.

As seen in Figure 5.8, the community’s overall PV production varies in solar
energy production throughout the year, reaching maximum production in May and a

mean monthly production of 4677.43 kWh.

During the summer months, there is a significant rise in load demand, which
decreases during the spring and autumn months. However, there is a slight increase in
load demand during the peak winter months (November, December, and January).
Notably, during these months, the total renewable production cannot satisfy the REC’s
total load demand. As a result, there is a substantial increase in energy importation from
the electrical grid, surpassing the amount of exported energy. Conversely, in other
months, particularly during the spring and summer, renewable production greatly
exceeds the load demand. This creates an evident disparity in energy flow, with higher

energy exportation to the grid.

The energy storage systems usage remains relatively consistent throughout the
year, which indicates a consistent reliance on the energy storage systems to meet the
community’s load demand regardless of seasonal variations in load demand and

renewable production.
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5.2.3.2 Scenario 2

In contrast to the individualist position in Scenario 1, where participants rely
solely on their renewable production and batteries, Scenario 2 promotes a collaborative
approach. In this scenario, participants prioritize meeting their load demand, and any
surplus or deficit power is exchanged among other participants within the community.
This enables efficient utilization of available energy resources within the community and
reduces reliance on the electrical grid. As Table 5.8 suggests, in this scenario, participant
(a) has a storage system ratio much higher than the other participants but, however,
presents a lower renewable production ratio. As for participants (b) and (c), they present
very similar ratios in terms of production and storage. Figure 5.9 presents the hourly

average values for each participant in Scenario 2.
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Figure 5.9 - Scenario 2: hourly energy contributions. (a) Participant a). (b) Participant b). (¢). Participant
c).

As depicted in Figure 5.9, Participant (a) exhibits a notable load demand during
the day. To meet this demand, Participant (a) relies on the electrical grid, individual
energy storage systems, or intra-community energy transactions with other participants,
especially during the afternoon. These transactions become necessary during hours of
low wind energy production, when the capacity of the individual storage systems is
insufficient to meet the load demand and other participants have surplus energy due to
high PV production. Although only two participants had solar production systems, this
type of production significantly contributed to the community’s renewable energy
supply, producing, on average, approximately 1.03 kWh of electricity per hour.

Conversely, Participant (a) benefits from significant surplus energy during the night due
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to the wind energy production systems. This surplus energy facilitates the charging of
Participant (a)’s energy storage systems, thereby reducing the reliance on other
transactions. In contrast, Participant (b) experiences significant energy surpluses during
hours of high solar irradiation, due to the PV production systems. This surplus energy is
mainly used to charge the energy storage systems and fulfill the load demand of other
participants. Additionally, Participant (b) typically experiences an energy production
surplus throughout the entire day, benefiting from the advantageous complementarity
between PV and wind production. Consequently, Participant (b) became the
community’s top exporter, with an hourly average intra-community transaction of 0.081
kWh and an average energy sale to the electrical grid of 0.96 kWh per hour. Figure 5.10
depicts the monthly cumulative energy contributions that resume the RES operation in

Scenario 2.

As shown in Figure 5.10, grid interactions exhibit a significant pattern throughout
the year. Initially, during the early months, grid interactions are primarily characterized
by energy exportation to the electrical grid, indicating a surplus of energy within the
community. However, as we transition into the summer months, the balance shifts and
grid interactions predominantly involve energy importations. This shift can be attributed
to the reduced production of wind power during this period, resulting in a deficit of

renewable production to meet the total load demand.
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Figure 5.10 - Scenario 2: monthly energy contributions.
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5.2.3.3 Scenario 3

In Scenario 3, community participants share their surplus renewable energy
directly to fulfill the load demand of other participants before relying on their batteries
for charging. This collaborative approach ensures an efficient utilization of excess
renewable energy to effectively supply the energy needs of the community, reducing the
utilization of the individual storage systems and, therefore, improving their lifespan. As
can be seen in Table 5.8, both participants have similar installed capacity ratio, but, on
the other hand, participant (a) present a distinct renewable production ratio when
compared to the other participants. Figure 5.11 illustrates the hourly average energy for

each participant in Scenario 3.

As can be observed in Figure 5.11, Participant (a) exhibits a distinct load demand
pattern, particularly during daylight hours, when there is a decrease in energy
consumption. To supply its energy needs during daylight hours, Participant (a) mostly
relies on intra-community energy exchanges and grid importation. On average,
Participant (a) imports 0.255 kWh of electricity per hour from the community and 0.253
kWh from the grid, reflecting its low renewable energy production during daylight hours.
In contrast, Participants (b) and (c) demonstrate significant surplus renewable
generation, primarily due to their PV generation systems. During the night hours, both
Participant (a) and Participant (b) experience a substantial surplus in wind energy

production. Figure 5.12 illustrates a monthly cumulative energy diagram for Scenario 3.
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Figure 5.12 - Scenario 3: monthly energy contributions.

Figure 5.12 exhibits a similar behavior to Scenario 2 but with a notable increase
in inner-community transactions. During the early months, the renewable energy
production matrix is largely dominated by wind energy and, as the peak summer months
approach, gradually decreases and is partially replaced by PV production. However,
during these peak months, renewable energy production becomes insufficient to meet
the high load demand, mainly due to the decrease in wind energy production. As a result,
the grid interactions, which were predominantly energy exportation, shift towards
energy importation to satisfy the load demand. Moreover, community transactions
account for a significant portion of the energy flow, reaching an average of 191 kWh per

month.

5.2.3.4 Scenario 4

In Scenario 4, all renewable energy sources and storage systems are shared
among the participants. When one participant has surplus energy, it can be used to meet
the load demand of others. Firstly, they charge their own batteries to SOCmax and then
proceed to charge other peers’ batteries sequentially. Conversely, if a participant faces an
energy deficit, they can use the energy surplus from others, discharge their battery to the
lower limit of SOCmin, and even discharge other peers’ batteries if necessary. As can be
seen in Table 5.8, both participants present similar renewable production ratio, but with

a diversified production mix. Specifically, participant (a) presents a production mix

95



consisting only of wind production, participant (b) a mix of photovoltaic and wind
production and, on the other hand, participant (c) only has photovoltaic production.

Figure 5.13 presents the hourly average energy for each participant in Scenario 4.
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Figure 5.13 - Scenario 4: hourly energy contributions. (a) Participant a). (b) Participant b). (¢). Participant
c).

As shown, Participant (a) experiences frequent energy deficits during the day,
relying on intra-community energy exchanges, occasional grid transactions, and even
energy exchanges with other participants to fulfill its energy needs. These deficits are
primarily due to the limited wind energy production, while the other participants have
significant surplus energy, especially during peak PV production in the afternoon.
However, during the night, Participant (a) benefits from excessive energy production,
enabling the charge of their individual batteries. In contrast, Participant (b) has
substantial surplus energy during the day, due to their PV production, complemented by
considerable wind energy production during the night. On the other hand, Participant
(c) consistently faces energy deficits during the first and last hours of the day, as no
renewable energy production is available in that period. Nevertheless, Participant (c) has
substantial surplus energy from PV sources during daylight hours. Like Participant (b),
Participant (c) also capitalizes on the high PV production during energy deficit hours to
charge its storage systems. Figure 5.14 presents a monthly cumulative energy diagram

that summarizes the RES operation in Scenario 4.
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Figure 5.14 - Scenario 4: monthly energy contributions.

Unlike the previous scenarios, in Scenario 4, the total renewable energy
production consistently exceeds the total load demand every month of the year, even
during peak summer months when wind production is negligible. This indicates a more
efficient and optimized energy system. In the winter and autumn period, grid
transactions are primarily energy exportations, and the community heavily relies on
inner-community exchanges and battery exchanges. However, individual battery
reserves are not frequently needed. On the other hand, in the spring and summer
periods, grid transactions gradually shift towards grid importation. Moreover, energy
storage system reserves increase in this period, while community and battery exchanges

have a relatively lower impact on the overall community operation.

5.2.4 Overall Results and Analysis of Renewable Energy Scenarios

The following section presents and discusses the overall results of each scenario,
including an analysis of the energy dynamics, performance metrics, and the impact of
collaborative approaches on renewable energy integration. Examining the outcomes of
each scenario one can evaluate the effectiveness of different energy management
strategies and their implications for achieving greater energy independence, optimizing
renewable resource utilization, and minimizing reliance on the electrical grid within the

renewable energy community.

97



As seen in Figure 5.15, Scenario 1 exhibits a high percentage of grid exchanges
(33%), which can be attributed to the individualist approach adopted by the community
participants. With no energy transactions among participants, the participants’ surplus
energy is exported to the grid, resulting in a higher percentage of exports (22.4%)
compared to importations (10.4%). In this scenario, all the renewable energy generation

(67%) comes exclusively from PV production, with no wind power production.

In Scenario 2, grid transactions constitute 31.2% of the total energy usage, where
24.0% are grid exportations and 7.2% are grid importations. Community transactions
accounted for 3% of the energy usage, while renewable energy sources (RES) contributed
65.8% of the energy supply. Within the renewable energy generation category, PV

generation accounts for 40.3%, and wind power generation contributes 25.5%.

In Scenario 3, grid transactions represent 27.6% of the total energy in the
renewable energy community (where grid importations represent 9% and exports
18.6%). By prioritizing the use of excess energy to meet the load demand of other
participants before charging their individual batteries, the need for grid interactions is

reduced.
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Figure 5.15 - Percentage of transacted energy in each scenario.
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This balanced distribution between exports and imports from the grid reflects a more
efficient use of renewable energy resources, which reached a percentage of 64.7%, of

which 41.6% resulted from solar origin and the remaining 23.1% from wind production.

In Scenario 4, the decrease in overall grid interactions (24.8%, where 20.6% were
grid exportations and 4.2% were importations) can be attributed to the collaborative
approach adopted by the community participants. By sharing batteries and renewable
energy sources, surplus energy can be used to meet the load demand of other community
participants, resulting in a higher percentage of community transactions (12.3%).
Notably, most of the battery transactions were selling transactions (70%), indicating the

community’s proactive use of surplus energy to reduce dependence on external sources.

Overall, the variations in the percentage of grid transactions and community
transactions in each scenario reflect the different energy management strategies
employed. The collaboration and sharing of resources within the community leads to a
more efficient utilization of renewable energy and a reduction in dependence on the

electrical grid.

Table 5.9 presents several performance metrics that summarize the renewable

energy community’s operations in each scenario.

Table 5.9 - Performance Metrics for Renewable Energy Community Scenarios.

Scenario Initial Annua Annual Annual Annual Annual Annual
Invest 1 Exporte Importe Communit Communit Greenh
ment Energ d d y y Battery ouse
Cost y Cost Energy Energy Transactio Transactio Gas

(Euro) (Euro) (kWh) (kWh) ns (kWh) ns (kWh) (kgCO2)

Scenario 1 55,930 1371.3 13,536 6233 0 0 72,008
Scenario 2 51,700 1054.7 16,176 4794 2021.3 0 73,750
Scenario 3 41,750 1185.5 11,090 5388.6 4584.7 0 57,879
Scenario 4 39,720 777-53 17,329 3534.2 10,318 4793 72,037

The Initial Investment column represents the amount of money required to
initially implement each scenario. This parameter is calculated based on the initial
investment required to build each REC, assuming costs of 170 Euros per solar panel,
3500 Euros per wind turbine, and 800 Euros per kW of battery. The Annual Cost of

Energy indicates the annual energy cost associated with the community’s operation
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under each scenario. This parameter is calculated based on the total energy imported
and exported by the REC during the simulated year, assuming a cost of 0.22 Euros per

kWh for importing and 0.06 Euros per kWh for exporting to the grid.

The Annual Exported Energy and Annual Imported Energy columns show the
amount of energy exported to and imported from the electrical grid, respectively. The
Annual Intra-Community Transactions and Annual Community Battery Transactions
columns represent the amount of energy exchanged within the community and through
battery transactions, respectively. Lastly, Annual Greenhouse Gas Emissions quantifies
the amount of greenhouse gases emitted during the year under each scenario. The
reference values used for the calculations was 0.373 kg CO2 per kWh, which corresponds
to the United States electrical grid average Greenhouse Gas Emissions in 2021.
Additionally, the specific values for greenhouse gas emissions factors were as follows:
0.028 kg CO2 per kWh for the energy storage system, 0.225 kg CO2 per kWh for the PV
modules and 0.008 kg CO2 per kWh for the Wind Turbine [176].

As shown in Table 5.9, Scenario 4 emerges as the most favorable option in terms
of economic factors, with a relatively lower Initial Investment compared to other
scenarios, indicating a more cost-effective implementation. Additionally, this scenario
demonstrates a significantly lower Annual Energy Cost, highlighting its efficiency and
cost-effectiveness in long-term operations. Scenarios 2 and 3 show a balanced Initial
Investment Cost with a relatively low Annual Energy Cost. In contrast, Scenario 1

exhibits a higher Initial Investment Cost and Annual Energy Costs.

In terms of energy independence and grid interaction, Scenarios 2 and 4 exhibit
the highest Annual Exported Energy, suggesting a higher surplus of energy. Additionally,
Scenario 4 has a relatively lower Annual Imported Energy, indicating reduced reliance
on the electrical grid. This scenario also shows the highest Annual Community
Transactions and Annual Community Battery Transactions, highlighting active
collaboration and battery energy sharing among community participants. In terms of
environmental impact, Scenario 2 has the lowest Annual Greenhouse Gas Emissions,

indicating a more sustainable energy operation.

Based on these performance metrics, Scenario 4 stands out as the most favorable
option, offering a lower Initial Investment, which contributes to cost savings in the
implementation phase. Additionally, it demonstrates reduced energy costs, ensuring
long-term affordability and sustainability. Scenario 4 also presents higher energy

independence, with a significant amount of exported energy and a lower reliance on
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imports from the grid. Moreover, this scenario exhibits a reasonably low rate of
greenhouse gas emissions, reflecting its environmentally friendly approach.
Nonetheless, Scenarios 2 and 3 also display promising characteristics, demonstrating
active community engagement and a well-balanced energy operation. While they do not
outperform Scenario 4 in all aspects, they present valuable alternatives that foster

collaboration and contribute to the community’s energy sustainability.
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CHAPTER 6

Conclusions

In conclusion, this paper presented a comprehensive analysis of a renewable
energy community, examining four different scenarios with varying degrees of
collaboration and energy management strategies. To address the issue of optimal sizing
in a multi-objective optimization approach, this paper implements a novel Multi-
Objective Optimization Algorithm named Multi-Objective Arithmetic & Differential
Evolution Optimization (MOADEO). This algorithm was evaluated and compared to a
set of algorithms present in the literature, where it proved to have a robust performance.
The sizing of the various energy production and storage units inherent to each
participant of the renewable energy community was, however, carried out using a multi-
swarm MOPSO considering economical and technical criteria, namely the levelized cost

of energy (LCOE), self-consumption ratio (SCR) and self-sufficiency ratio (SSR).

The results revealed valuable insights into the performance and effectiveness of
each scenario. Scenario 4 emerged as the most beneficial option, showing a lower initial
investment, reduced energy costs, higher energy independence, and a reasonable
greenhouse gas emission. This collaborative approach, where surplus power is shared
among participants and individual storage systems are utilized as a last resort,
demonstrated improved renewable energy integration and a decreased reliance on the
electrical grid. Additionally, Scenarios 2 and 3 also displayed promising characteristics,

emphasizing active community engagement and balanced energy operations.

Overall, the findings from this research contribute to advancing our
understanding of renewable energy integration in community settings and offer valuable
guidance for enhancing the resilience and sustainability of future energy systems. As
renewable energy adoption continues to grow, collaborative approaches like those
explored in these scenarios will play a vital role in building more sustainable and self-

reliant communities.
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6.1 Future Works

The research presented in this study provides valuable insights into the
optimization of renewable energy communities. However, several avenues for future
research and exploration can further enhance our understanding and practical

implementation of collaborative energy sharing and optimization strategies:

e Scalability Assessment: Exploring the scalability of the proposed optimization
approach is crucial. Investigating its applicability to larger and more complex
renewable energy community settings can help determine its robustness and
efficiency in a broader range of scenarios [177].

e Geographical Variability: Examining how different geographical locations and
climates impact the effectiveness of energy management strategies is important.
Understanding how environmental factors influence energy sharing and
distribution can lead to region-specific optimization models [178].

e Regulatory and Policy Implications: Research into potential regulatory and policy
implications for the successful implementation of collaborative renewable energy
sharing in communities. This includes exploring legal frameworks and policy
changes necessary to support and incentivize energy sharing initiatives at various
levels [179].

e Practical Case Studies: Implement pilot RES or collaborate with real-world
stakeholders and implement the proposed optimization strategies in pilot
projects to validate theoretical models and provide practical insights [180].

e Integration of Emerging Technologies: Evaluate the integration of emerging
renewable energy technologies, including blockchain, into the optimization
framework. Assess the efficiency gains, economic benefits, and potential for
enhancing trust and transparency in energy sharing and management [181],
[182].

Relatively to the proposed MOADEO algorithm, the efficiency and the effectiveness
of this novel MOA can be significantly improved by implementing algorithm
enhancements like dynamic mechanisms to adjust the algorithm parameters throughout
iterations, or by perhaps refining the operators and parameters to improve the balance
between the diversity and convergence mechanisms, preventing premature convergence

of the optimal solutions regardless of the optimization problem, among others.
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Appendixes

A. Formulations and settings of the 20 benchmark
functions used in the evaluation of the proposed
MOADEOQ algorithm.
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Abstract

Renewable energy communities have gained popularity as a means of reducing carbon
emissions and enhancing energy independence. However, determining the optimal
sizing for each production and storage unit within these communities poses challenges
due to conflicting objectives, such as minimizing costs while maximizing energy
production. To address this issue, this paper employs a Multi-Objective Particle Swarm
Optimization (MOPSO) algorithm with multiple swarms. This approach aims to foster a
broader diversity of solutions while concurrently ensuring a good plurality of
nondominant solutions that define a Pareto frontier. To evaluate the effectiveness and
reliability of this approach, four case studies with different energy management
strategies focused on real-world operations were evaluated, aiming to replicate the
practical challenges encountered in actual renewable energy communities. The results
demonstrate the effectiveness of the proposed approach in determining the optimal size
of production and storage units within renewable energy communities, while
simultaneously addressing multiple conflicting objectives, including economic viability
and flexibility, specifically Levelized Cost of Energy (LCOE), Self-Consumption Ratio
(SCR) and Self-Sufficiency Ratio (SSR). The findings also provide valuable insights that

clarify which energy management strategies are most suitable for this type of community.

Keywords

renewable energy community (REC); energy management strategies; multi-objective
optimization algorithm; multi-swarm MOPSO; energy storage systems; energy storage

sharing
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