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Preface

The volumes CCIS 1981 and 1982 contains the refereed proceedings of the III Inter-
national Conference on Optimization, Learning Algorithms and Applications (OL2A
2023), a hybrid event held on September 27–29.

OL2A provided a space for the research community in optimization and learning
to get together and share the latest developments, trends and techniques as well as
develop new paths and collaborations. OL2A had the participation of more than four
hundred participants in an online and face-to-face environment throughout three days,
discussing topics associated with areas such as optimization and learning and state-of-
the-art applications related to multi-objective optimization, optimization for machine
learning, robotics, health informatics, data analysis, optimization and learning under
uncertainty and 4th industrial revolution.

Six special sessions were organized under the topics Learning Algorithms in Engi-
neering Education, Optimization in the SDG context, Optimization in Control Systems
Design, Computer Vision Based on Learning Algorithms, Machine Learning and AI in
Robotics and Machine Learning and Data Analysis in Internet of Things. The event had
66 accepted papers. All papers were carefully reviewed and selected from 172 submis-
sions. All the reviews were carefully carried out by a scientific committee of 115 PhD
researchers from 23 countries.

The OL2A 2023 volume editors,
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João P. Coelho
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Sławomir Stępień Poznań University of Technology, Poland
Sofia Rodrigues Polytechnic Institute of Viana do Castelo,

Portugal
Sudha Ramasamy University West, Sweden
Teresa Paula Perdicoulis University of Trás-os-Montes and Alto Douro,

Portugal
Toma Rancevic University of Split, Croatia
Uta Bohnebeck Hochschule Bremen, Germany
Virginia Castillo University of León, Spain
Vítor Duarte dos Santos Nova University Lisbon, Portugal
Vitor Pinto University of Porto, Portugal
Vivian Cremer Kalempa State University of Santa Catarina, Brazil
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Abstract. Considering the rising energy needs and the depletion of
conventional energy sources, microgrid systems combining wind energy
and solar photovoltaic power with diesel generators are promising and
considered economically viable for usage. To evaluate system cost and
dependability, optimizing the size of microgrid system elements, includ-
ing energy storage systems connected with the principal network, is cru-
cial. In this line, a study has already been performed using a uni-objective
optimization approach for the techno-economic sizing of a microgrid.
It was noted that, despite the economic criterion, the environmental
criterion can have a considerable impact on the elements constructing
the microgrid system. In this paper, two multi-objective optimization
approaches are proposed, including a non-dominated sorting genetic algo-
rithm (NSGA-II) and the Pareto Search algorithm (PS) for the eco-
environmental design of a microgrid system. The k-means clustering of
the non-dominated point on the Pareto front has delivered three cat-
egories of scenarios: best economic, best environmental, and trade-off.
Energy management, considering the three cases, has been applied to
the microgrid over a period of 24 h to evaluate the impact of system
design on the energy production system’s behavior.

Keywords: Microgrid · Renewable energy · Optimization ·
Clustering · Sizing

1 Introduction

Renewable energies are the main substitute for fossil fuels responsible for green-
house gas (GHG) emissions [1], with investments totaling 350 billion euros in
2021. Solar and wind energy supply more than 10% of the world’s electricity,
predicted to have a 15-18% share by 2050 [2]. The need for a sustainable energy
system is increasing due to overpopulation, industrialization, and urbanization.
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Renewable energy sources must be pursued due to rising costs and energy secu-
rity issues [3,4]. Microgrid systems powered by renewable energy are the best
option for remote communities [5]. The worldwide microgrid market exceeded
14.3 billion dollars in 2021 and is expected to reach 43.9 billion US dollars
in 2028 [6]. Microgrid systems provide electricity in a reliable, secure, flexible,
cost-effective, and sustainable manner, but must be well-sized and monitored to
maintain reliability and keep costs low [7].

The use of optimization to design a microgrid system has been widely
explained by researchers. Recently, meta-heuristic approaches have been fre-
quently used as a single and a multi-objective approach for the optimal design
of a microgrid hybrid renewable power plant in a clean energy production sys-
tem, including several types of distributed generators arranged in Direct Current
(DC bus), Alternative Current (AC bus), or hybrid DC/AC busses configura-
tions, considering the whole system as a standalone or grid-connected system.
However, in terms of constraints consideration, the economic and environmental
implications are the main criterion, despite other technical considerations such
as power losses. On [8,9], several single-objective approaches have been studied.
Nevertheless, some multi-objective techniques have been employed in the litera-
ture in accordance with this work. For instance, a Multiobjective Particle Swarm
Optimization (MOPSO) has been applied to minimize cost, carbon emissions,
energy use, and power use in [10]. The same approach has been used by Sell-
ami et al. [11], to reduce network losses and increase efficiency. Non-dominated
Sorting Genetic Algorithm II (NSGA-II) [18], has been used on [12,13] to opti-
mize both cost of operation and the rate of consumption of renewable energy,
and the same optimization method has been used on [14] to increase the rate
of oxygen production, short payback time and lower overall cost inside a micro-
grid system. An enhanced Differential Evolution (DE) have been used in [15]
for the multi-objective optimal sizing of a hybrid micro-grid system consider-
ing technical-economic and social factors. In a Stand-Alone Marine Context, a
microgrid has been sized by Zhu et al. [16] using an improved multi-objective
grey wolf optimizer based on the Halton Sequence and Social Motivation Strat-
egy (HSMGWO).

The study described in this paper is a continuation of [8], in which uni-
evolutionary optimization methods, including the Genetic Algorithm (GA) and
Particle Swarm Optimization (PSO), were used to achieve the optimal size of a
hybrid energy system based on renewable energy. In addition to the technical-
economic objective function, the environmental criterion describing the carbon
emissions during the manufacture of microgrid components has been taken into
account in this work. As a result, a multi-objective optimization problem emerges
from the situation. The case study has been applied to the campus de Santa
Apolónia, located in Bragança, Portugal.

The main contributions of this paper are organized as the following:

1. Optimal allocation of micro-grid elements subject to technical-economic end
environmental consideration.
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2. Application of two Multi-optimization approaches including, the non-
dominated sorting genetic algorithm (NSGA-II) and the Pareto Search algo-
rithm (PS).

3. Identification of configurations scenario as best economic, best environmental,
and trade-off by using the k-means clustering approach.

4. Identification of the microgrid power flow behavior considering all identified
scenarios.

The rest of the paper is organized as follows: Sect. 2 describes the adopted
configuration of the microgrid system. In Sect. 3, the meteorological and con-
sumption data of microgrid users are presented. The generators used to con-
stitute the microgrid system are defined in Sect. 4. The optimal sizing of the
microgrid is formulated as result of multi-objective functions in Sect. 5. The
adopted sizing methodology is explained in Sect. 6. The results of the simulation
and their discussion are presented in Sect. 7. Section 8 summarises the findings
of the paper and proposes guidelines for future work.

2 Microgrid Arrangement

The microgrid configuration proposed in this study is the AC/DC architecture
shown in Fig. 1.

Fig. 1. Microgrid configuration.

The microgrid configuration includes two renewable resources: photovoltaic
and wind turbines. Through a common coupling point, the microgrid is con-
nected to the main grid, which acts as a buffer. In the event of a blackout,
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the diesel group connected to the AC bus is employed as a last-resort solution.
The battery system connects to the DC bus in a bidirectional manner, and a
bi-directional converter allows energy to flow between the two buses in both
directions. Control and energy management technologies are used to ensure the
flow of energy and supervision of the microgrid power quality. Microgrids that
combine AC and DC power provide harmonic control, economic viability, and
voltage transformation, but have drawbacks such as safety and unit coordination
[9].

3 Study Data Description

Weather data is essential for sizing a microgrid, as weather mistakes can lead
to errors in real operations and larger initial investments. In this study, the
Polytechnic Institute of Bragança (IPB), located in the north region of Portugal
(Latitude: 41.8072, Longitude: −6.75919 41o 48’ 26” North, 6o 45’ 33” West,
with an elevation of 690m), was the location of the study case. A sequence of
measurement series, including average solar irradiation, wind speed, and tem-
perature data for one year (from January 1, 2019, to December 31, 2019), as well
as the average load data, have been gathered. Figure 2 represents the profile of
data mentioned above. Table 1 describes the critical values of the weather data
set, including the minimal value, maximal value, average value, and standard
deviation.

Table 1. Data summary.

Parameters Measurement tool Max Min Mean Std

Temperature Thermocouple K-Type 20.06 8 13.42 0.7620

Wind speed (m/s) Anemometer 5.78 3.19 4.46 4.26

Solar irradiation Pyranometer 830.73 54.44 279 328.71

Load Energy meter 9.50 5.50 6.49 1.28

4 System Modeling

The work [8] is the main inspiration of this study that describes the rationale
behind the concepts and technology selected. For this reason, the equipment
modeling of photovoltaic systems, wind turbines, battery systems, and diesel
generators is assumed the same as in [8]. The new contribution of this work
is the connection of the microgrid to the main grid which is presented in the
following sections.
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(a) Average solar irradiation. (b) Average temperature.

(c) Average wind speed. (d) Average load profile.

Fig. 2. Study data.

4.1 Main Grid

The main grid with microgrid can operate bi-directionally according to three
scenarios as follow, where P t

pv, P t
wt are the total active power output of pho-

tovoltaic panels, and wind turbines. E(t), is the energy delivered from/to the
energy storage system in an hour t and Pload is the total load power, Δt is
the step time between two periods in this case it is considered 1 h. All defined
parameters are widely explained on [15].

• The first scenario occurs when the power verifies the following relation:

P t
pv(t) + P t

wt(t) +
E(t)
Δt

= Pload(t) (1)

In this case, the main grid has no interaction with the microgrid in terms of
reception or feeding.

• The second scenario occurs when the following relationship is verified:

P t
pv(t) + P t

wt(t) +
E(t)
Δt

< Pload(t) (2)
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Pgrid(t) = Pload(t) −
(

P t
pv(t) + P t

wt(t) +
E(t)
Δt

)
(3)

In this case, the main grid will inject the required power noted Pgrid(t) to
balance the energy inside the microgrid by covering all the needed power.

• The third scenario occurs when the following relationship is verified:

P t
pv(t) + P t

wt(t) +
E(t)
Δt

> Pload(t) (4)

In this case, the microgrid will inject extra power into the main grid.

In this study, the power converters are considered to work in ideal conditions,
which means that it will not take into account the losses provided; however, the
converters are presented by their theoretical efficiency in the technical study,
and they are not subject to optimization. The characteristics of the components
for the microgrid presented in this study are described in Table 2.

Table 2. Components technical specifications.

Equipment Rated power (W) Rated voltage (V) Efficiency (%) Life time (years)

PV Panel 340 44.52 17.12 20

Wind Turbine 3000 240 59 20

Diesel Group 10000 230 5 h in max capacity 20

Battery 2.5 kWh (Capacity) 48 90 5

DC/AC inverter 4000 48DC/220AC 95 4

DC/DC converter 310 48 VDC 80 4

5 Problem Formulation

The problem of optimal sizing the microgrid system is formulated as a multi-
objective optimization approach, taking into account two cost functions char-
acterizing the economical and environmental criteria, respectively, subjected to
constraints that are defined to satisfy the correct microgrid operation.

5.1 Objective Functions

Objective 1: Installation Cost Minimization. The economic criteria,
including the system’s component purchase price, maintenance expenses, and
component replacement prices, are taken into account by the economic objec-
tive function. The objective function aims to satisfy the necessary technical con-
straints while getting the ideal number of microgrid components. For a system
lifespan of T equal to 20 years, the microgrid system cost, in euros, is provided
by [8]:
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Ct(Npv, Nwt, Nb) = Npv(Cpv + CpvKpv + TMpv) + Nwt(Cwt + CwtKwt + TMwt)
+Nb(Cb + CbKb + (T −Kb − 1)Mb) + Cdie + Cconv

where, Npv, Nwt, Nb are, respectively, the number of units of photovoltaic mod-
ules, wind turbines and batteries, Cpv, Cwt, Cb, Cdie, Cconv are respectively
the purchase costs of renewable units (photovoltaic and wind), battery unit,
diesel group and overall converters, Mpv, Mwt, Mb are the maintenance costs
for the renewable energy systems (photovoltaic and wind systems) and also bat-
tery bank. Finally, Kpv, Kwt, Kb are, respectively, the number of equipment
replacements during the system lifetime.

The optimization model for microgrid installation cost can be written as
follow:

min f1 = min (Ct(Npv, Nwt, Nb)) (5)

The optimization model will lead to finding Npv, Nwt, and Nb, i.e., the opti-
mum set points that define the optimal number of microgrid components: wind
turbines, photovoltaics, and batteries, at the lowest price while respecting the
constraint that will be defined in the rest of the paper.

Objective 2: Environmental Function. Nitrous oxide (N2O), carbon diox-
ide (CO2), and methane (CH4) are the main components of GHG emissions.
In most cases, carbon dioxide (CO2), or its equivalent (CO2eq), is used as the
measurement unit for GHG emissions. The overall carbon footprint estimation
for the microgrid system set-up represents the emissions released during its man-
ufacturing process [17]. However, the total (CO2eq) emission function is given
as follows:

Et(Npv, Nwt, Nb) = GHGCO2eq
PV + GHGCO2eq

WT + GHGCO2eq
b

where, GHGCO2eq
PV , GHGCO2eq

WT , GHGCO2eq
b are, respectively, the GHG emis-

sions of the photovoltaic, wind turbine, and battery released during the manu-
facturing process of the units represented on carbon dioxide (CO2) and expressed
on (CO2eq).

Et(Npv, Nwt, Nb) = Npv(138.3 × Spv − 2.54) + Nwt(156 × SWT )
+Nb(1.99 × Cn + 27.2)

where, Spv is the photovoltaic surface panel, SWT is the swept area by the blades
of the wind turbine, and Cn is battery nominal capacity [17].

The optimization model for the microgrid environmental model can be writ-
ten as follows:

min f2 = min (Et(Npv, Nwt, Nb)) (6)
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5.2 Constraints

Power Balance Constraint. The total amount of power generated must be
sufficient to meet the overall demand (including storage) and transmission losses.
In terms of frequency stability, the active power balance is a requirement for
steady operation. Since the transmission losses are thought to be numerically
insignificant, they are neglected in this work. The power balance’s state takes
on the following form:

Ppv(t)Npv + Pwt(t)NWT + Pb(t)Nb ≥ Pload(t) (7)

being Pload(t), the total electrical load demand at hour t. Moreover, the power
of the energy storage system Pb(t) can be positive in the case of discharging or
negative in the case of charging, and Ppv(t) and Ppv(t) are the power delivered
by the photovoltaic and wind turbine generators at hour t.

Limit Generators Number Constraint. The limited number of generators
in terms of setup surface must be considered during the optimization procedure
as follows:

0 ≤ Npv ≤ Nmax
pv (8)

0 ≤ Nwt ≤ Nmax
wt (9)

0 ≤ Nb ≤ Nmax
b (10)

where, Nmax
pv , Nmax

pv and Nmax
pv is the maximal permitted numbers of photo-

voltaic, wind turbines, and batteries, respectively, to be installed.

6 Methodology

In this paper, two multiobjective optimization methods are used to define the
optimal configuration of the microgrid: the Non-dominated Sorting Genetic
Algorithm II (NSGA-II) and the Pareto Search algorithm. The results will be
presented on a set of Pareto fronts, including the non-dominated points that
reflect the scenarios proposed by the optimization process according to the
constraints defined above, to ensure technical satisfaction for the secure and
reliable operation of the microgrid system. Given the clustering of the non-
dominated points using the k-means approach, an informed choice of scenar-
ios will be determined. On the reverse side, the effectiveness of scenarios will
be investigated through the microgrid operating system’s behavior. However,
the proposed microgrid system can operate both in isolated mode and/or grid-
connected mode. The power distribution approach is simplified into the following
situations:

1. The power generated by renewable sources must meet the load demand in
order for the system to operate safely. Additionally, excessive amounts of
power produced by renewable resources require that batteries be charged
first before any extra power is put onto the main grid.
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2. Renewable energy sources cannot produce enough power to fulfill demand; an
energy storage system will satisfy the shortage. In the event that this latter
is insufficient, the main network compensates for the energy imbalance.

3. The electricity produced by the diesel group is regarded as the last resort and
a highly polluting source that will only be used in the event of a complete
blackout within the main grid.

7 Results and Discussions

This section presents the results of the optimization strategies. After the optimal
number of units is reached, a technical study is done to evaluate the installation’s
dependability given the number of microgrid units. Additionally, a lifetime cost
estimate of the system is given, taking into account every scenario that has been
suggested. The optimization problem and microgrid operation were programmed
and simulated using the MATLAB programming language.

7.1 Optimization Results and Scenarios Identification

The study’s microgrid sizing problem has been solved using two multi-objective
optimization techniques, NSGA-II and Pareto search algorithms. The Pareto
front of non-dominated points is displayed in Fig. 3.

(a) NSGA II (b) Pareto Search

Fig. 3. Pareto front of microgrid optimization sizing scenarios.

A cluster evaluation using the “silhouette” approach has been carried out
in order to determine scenarios that exist in accordance with the optimization
results achieved. The silhouette plot reveals that the data are separated into three
clusters. Each of the three clusters has a substantial silhouette value determined
by the Euclidean distance metric, as illustrated in Fig. 4.
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(a) NSGA II (b) Pareto Search

Fig. 4. Silhouette values.

The clustering has been performed using the k-means approach with (k = 3),
the results are presented in Fig. 5.

According to the clusters, three sets of scenarios can be identified, includ-
ing the best economic scenarios (Cluster 03), best environmental scenarios
(Cluster 02), and traded-off scenarios (Cluster 01). The distinct scenario
that represents each cluster has been chosen from the extreme of each recog-
nized set of situations, except for the trade-off case, in which the centroid has
been selected as a cluster-representative scenario. Table 3 displays the micro-
grid sizing scenarios that were selected based on the previously addressed device
characteristics.

Table 3. Microgrid sizing scenarios.

Scenario NPV NWT NBatt Installation Cost (€) Total Emissions (KgCO2eq)

Best Economical 50 3 13 157755.87 17071,00

Trade-off 55 2 7 2351703.20 17302

Best environmental 46 1 44 5623707.70 7468,52

The optimal configurations illustrate three microgrids from different perspec-
tives. However, the first scenario takes into consideration adopting a combina-
tion of elements that gives an optimal installation cost; the outcomes of this case
were similar compared to the results obtained in [8], in which installation cost
minimization was the objective of the study. The second scenario represents a
balance between the two criteria, economic and environmental, respectively. The
third scenario gives priority to installing sources that emit less CO2 during their
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(a) NSGA II (b) Pareto Search

Fig. 5. Results obtained by k-means (k = 3) with the pareto front solutions.

manufacturing process. According to Sect. 5.1, it can be noted that the batteries
are the least emissive, which justifies the high number of these devices employed
in this scenario.

7.2 Scenarios Technical Evaluation

The effectiveness of the scenario has been evaluated using a 24-hour operation
analysis of each microgrid configuration.

Best Economical Scenario. In this case, the microgrid was established via 50
photovoltaic panels, 3 wind turbines, and an energy storage system consisting
of 13 batteries, along with the diesel group and connection to the main grid.
As shown in Fig. 6b by a 24-hour operation taking into account the presence of
all RE sources, it can be seen that under these circumstances, the microgrid is
capable of operating in a stable condition in which the load is continuously fed
and the excess energy has been used to charge the energy storage system during
peak production, when the set of batteries reached nearly the SOCmax as Fig. 6a
illustrate.

Furthermore, the microgrid was able to feed the user continuously for 24 h
in the absence of all RES, reaching SOCmin in the last hours of the day, as
illustrated in Fig. 7a.
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(a) Energy storage system (b) Microgrid operation.

Fig. 6. Scenario 1: Presence of all RES.

(a) Energy storage system (b) Microgrid operation.

Fig. 7. Scenario 1: Absence of RES

Trade-Off Scenario. This setup consists of 55 photovoltaic panels, 2 wind
turbines, 7 batteries, and a diesel generator that serves as a backup system
in the event of a microgrid failure or a main grid blackout. As seen in Fig. 8a
the batteries were able to feed the microgrid at night in normal operation. The
microgrid users were able to meet their energy needs during the day owing to
the photovoltaic park and the wind turbine. In addition, the battery was fully
charged at 16 o’clock, when both the wind and the sun’s potential were still
present, and the excess energy was injected into the main grid between 17 o’clock
and 20 o’clock, as shown in Fig. 8b. Practically, the microgrid was producing
more energy than was required to supply the load while simultaneously charging
the energy storage system to its fullest capacity.

In the absence of all renewable energy sources, the batteries fed the microgrid
up to the point of minimal charge before feeding the consumer directly from the
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(a) Energy storage system (b) Microgrid operation.

Fig. 8. Scenario 2: Presence of all RES.

main network, ensuring that the system’s dependability is maintained and the
user’s comfort is unaffected by the microgrid’s power shortage, as illustrated in
Fig. 9.

(a) Energy storage system (b) Microgrid operation.

Fig. 9. Scenario 2: Absence of RES

Best Environmental Scenario. In this instance, the diesel group and the
main grid were connected to the microgrid, which included 46 photovoltaic pan-
els, 1 wind turbine, and a system of 44 batteries for energy storage. An abusive
number of batteries made the microgrid able to work permanently even in the
absence of all renewable features As presented in Fig. 11a. This case brings a
very high cost of installation that will not ensure the gain on the investment
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during the lifetime of the installation (T = 20 years) mainly because the batter-
ies have to be changed every 4 years as required to ensure their reliability inside
the microgrid system. This set of changes will undoubtedly bring a huge cost of
replacement.

(a) Energy storage system (b) Microgrid operation.

Fig. 10. Scenario 3: Presence of all RES.

Without ignoring the duration of charging and the high energy flow that
must be fully supplied for reaching the SOCmax of the energy storage system,
the microgrid’s local energy sources are insufficient, necessitating an assortment
of energy compensations from the main grid.

(a) Energy storage system (b) Microgrid operation.

Fig. 11. Scenario 3: Absence of all RES.
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8 Conclusions and Future Work

This study is a continuation of [8] and focuses on the sizing and optimization
of an AC/DC microgrid composed of a set of distributed generators, including
a park of photovoltaic panels, a wind turbine farm, and a set of electrochemi-
cal batteries. The microgrid is connected to the main grid through a common
coupling point (PCC). A diesel generator has been used as a backup system
in the event of a microgrid failure or main grid blackout. A data set of solar
potential, wind speed, and temperature has been analyzed. Two multi-objective
optimization algorithms have been used to solve the problem, including the Non-
dominated Sorting Genetic Algorithm (NSGA II) and the Pareto Search (PS)
algorithm. The results delivered a Pareto front of non-dominated points consist-
ing of two objectives: total installation cost, and total GHG emissions. Three
groups of scenarios have been identified by clustering the points of the Pareto
front using the k-means method: economic, environmental, and traded-off. The
best scenarios for each cluster are analyzed in 24-hour microgrid operation to
identify its reliability.

In the future, the authors will extend this paper by including a third objective
function representing embodied energy (EE), which represents the quantity of
non-renewable energy consumed during the life cycle of different elements of the
microgrid with an economic analysis of the microgrid investment costs taking
into account all potential outcomes. Additionally, the authors are studying the
sizing of the system in a DC configuration.
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