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Abstract - This study focuses on optimizing the management of a rural village's microgrid, emphasizing the importance of
maintaining the voltage profile. The particle swarm optimization (PSO) algorithm is employed to model the system's behaviour,
taking into account various power sources such as wind, photovoltaics, and a diesel generator. Simulations were conducted for
a day in July and a day in January, considering variations in weather conditions and demand. The results demonstrate the strategic
optimization of the diesel generator to minimize its usage during planned outages while maintaining the voltage profile. Battery
storage systems also played a crucial role in maintaining network stability. In conclusion, this study provides a robust
methodology and results underscoring the significance of voltage profile maintenance in ensuring reliable energy supply in

microgrids.
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1. Introduction,

Utilizing renewable energy sources to fulfil energy
demands has risen to a top priority in the battle against climate
change and in securing a sustainable energy transition. In this
regard, microgrids powered by renewable energies have
surfaced as a promising solution for effectively and durably
meeting local energy demands [1].

A microgrid is considered a local, autonomous, and
intelligent energy system. It can be connected to the main
electrical grid or operate independently. It can be powered by
a variety of energy sources, including renewable energies such

as solar, wind, hydropower, and geothermal energy.
Microgrids represent one of the optimal solutions to meet the
energy needs of a community, building, university or
industrial campus, or a specific geographic area [2].

In the last decade, microgrids have been increasingly
recognized as flexible, intelligent solutions with great
potential for integrating renewable energy sources into the
electricity distribution. They are able to improve the
reliability, efficiency, and security of the energy system.
Furthermore, microgrids can provide better resilience in case
of power outages or natural disasters, making them
particularly attractive in rural or isolated areas [3].
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However, several disadvantages and constraints are
associated with renewable energy-powered microgrids. These
include:

High construction and installation costs, which can limit
their adoption in areas where funding is limited.

Intermittency of renewable energy sources depending on
weather conditions and time of day. This intermittency
requires sophisticated energy storage technologies to
compensate for variations and ensure a constant supply of
electricity.

Daily load variations in microgrids can also pose
challenges. Microgrids may face fluctuations in electricity
demand throughout the day, with demand peaks during peak
hours and demand troughs during off-peak hours. Effectively
managing these load variations requires flexible and
responsive production management strategies [4].

The complexity of managing microgrids is also a
challenge. Coordinating and optimizing energy production,
load, energy storage, and voltage regulation in a microgrid
involves advanced control systems and sophisticated
optimization tools. Implementing these systems requires
technical expertise and substantial resources.

Production management in microgrids is a fundamental
issue that must be fully addressed. It presents increased
complexity compared to traditional energy networks,
considering the aforementioned elements. It involves
coordinating and controlling various energy sources and
requires decisions on how to allocate the different sources
based on demand, resource availability, and operational
constraints.

Furthermore, cost and efficiency optimization are major
criteria in this production management within microgrids.
Striking a delicate balance between reducing operating costs,
maximizing the use of renewable energy sources, and meeting
user demand is necessary. This requires the use of advanced
optimization tools to make informed decisions while
considering the variable system conditions.

Service continuity and voltage plan disruption pose a
significant challenge in managing renewable energy
production feeding microgrids [5]. Due to the introduction of
renewable energies and the decentralization of production,
unwanted incidents disrupting power quality can occur,
including voltage fluctuations and power outages. These
fluctuations may result from variations in renewable energy
production depending on weather conditions, variations in
demand, or disruptions in the network. As for outages, they
can be due to erratic operations resulting from the integration
of intermittent renewable energies into the grid or operational
issues.

Voltage plan disruption can have several undesirable
consequences. Excessive voltage can damage electrical
devices and reduce their lifespan, while too low a voltage can
lead to inefficient operation of electrical equipment.
Moreover, excessive voltage fluctuations can cause
disruptions in the network, even power outages [6].

In microgrid management, voltage plan disruption and
production management are closely related issues. Voltage
fluctuations can be exacerbated by variations in renewable
energy production, making production management even
more crucial to maintain system stability [7].

2. Problem Statement

In summary, we face a central issue that lies in finding
effective solutions to optimize the use of multiple sources
powering the microgrid while ensuring stability, reliability,
and efficiency of the microgrid. Balancing costs, resource
availability, and user satisfaction is crucial.

3. Proposed Solution

To address this challenge of managing renewable energy
production in a microgrid while aiming to mitigate issues
related to voltage plan disruption, we adopt a strategy that
focuses on optimizing the use in an intelligent and efficient
manner, aiming to maximize benefits (minimizing costs) and
improve competitiveness. For this purpose, we considered a
specific economic model that takes into account operating
costs based on various parameters and electrical indicators,
including active and reactive electrical powers. This model is
discrete and nonlinear, leading us to utilize metaheuristic
optimization tools to minimize operating costs [8].

Indeed, we have chosen a specific algorithm to determine
the cost and emission functions, considering the energy
demand of consumers. We have also introduced an automatic
voltage regulation device to maintain the voltage plan and
keep fluctuations at their minimal values in all microgrid
nodes.

The ultimate goal of optimizing our proposed
management system is to determine the appropriate
parameters of a function to minimize or maximize its value
while respecting specific constraints. However, it's not just
about finding the most suitable solution for our problem; it's
also about ensuring that this solution is feasible and aligns
with the inherent characteristics of this problem [9].

Among the evolution-based optimization methods, we
have opted for one of the most effective ones, the Particle
Swarm Optimization (PSO) algorithm. This algorithm has
seen extensive adoption in multi-objective problems due to its
population-based search capability, simplicity, rapid
convergence, and robustness. The origin of PSO dates back to
its first introduction by Kennedy and Eberhart [10], drawing
inspiration from observed social behaviours in animals, using
concepts from computer graphics and social psychology.

In general, PSO simulates interactions within a group of
birds called a "swarm," where each feasible solution is
represented by a bird, referred to as a "particle." Each particle
has its own objective function value (or fitness function)
denoted as f and possesses a velocity vector governing its
movement within the search space [11]. To converge to the
optimal point, particles update their future trajectories based
on their current velocities, their individual best performances,
and the best performances observed by their most successful
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informants, as illustrated in Figure 1 and formulated as follows
[12]:

The velocity of movement Vi’]‘-+1 of a particle i from
position X lk to position X lk *1in the search space, along
dimension j, considering its last movement velocity was Vl-’;-,
is given by equation (1).

V§+1=cwvg-+c3Rand1c)U§;“ﬁj—-X§)+

CoRand2()(Plpese; — X (1)
The new position taken by particle i in its (k+1) th
movement along dimension j, given that it was at position

X zl; along the same dimension, is given by equation (2):
k+1 _ yk k+1
XEH = X5+ VT )

Where P){fbesti j represents the position recorded as the
best position occupied by particle i since the beginning of the
search until its k-th movement, P(l}(bestj denotes the position

recorded as the best position occupied by the best particle in
the swarm (informant particle) since the beginning of the
search until their k-th movement, the notations Rand(.) 1 and
2 denote two random numbers in the range [0,1], the letters C;
and C; represent the learning or acceleration factors. As for ;,
it corresponds to the inertia weight factor associated with
particle i

k
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Fig. 1. Geometric construction of PSO parameters.

The variables PXbest and PGbest, along with their
adjustments, are both crucial. Conceptually, PXbest can be
likened to autobiographical memory, as each individual
remembers their personal experience (even if it's just an aspect
of it), and the velocity adjustment associated with PXbest can
be described as a form of "simple nostalgia." Indeed, the
individual tends to return to the place that brought them the
most satisfaction in the past. On the other hand, PGbest, can
be seen as a form of shared knowledge, a group norm, or a
goal that individuals collectively strive to achieve [13].

The objective function f, also known as the fitness
function, is a continuous or discrete mathematical function

from Rn to R that needs to be minimized (or maximized) in
the context of the Particle Swarm Optimization (PSO)
problem. It quantifies the performance, quality, or value of a
candidate solution in the problem's context.

In iteration k+1, the variable Pxpest 1s determined as
follows:

Pipostij = Xi’j'HSi f(XiI_(]'+1) =< f(P)é(bestij) (3)

Ppestij = Phvestij SiFXG™) > f(Phvesti)) (4

As for the position Pgpes;, it is determined within the same
iteration k+1 by:

Pépestj = X5 St f(XE™) < f(Pépest)) ®)
ng—elstj = Pgbestj Si f(Xikj+1) > f(Pgbestj) (6)

4. Problem Formulation

The objective of the optimization function in our proposed
management system is to find optimal operating points in
terms of power for dispersed electricity generators (DGs),
electricity storage systems by batteries (BSSs), and the main
grid, considering economic, environmental, and voltage
stability constraints.

4.1. Cost Minimization

Developing a cost function is a crucial step in the efficient
design and management of micro-grids. This function is
fundamentally important as it determines how the energy
resources of the micro-grid are utilized to meet load
requirements while minimizing associated costs.

However, it is inherent in this context that the objective is
always to minimize the overall system costs as well as the
pollutant emissions. Moreover, ensuring electricity demand is
met is essential. This consideration is even more crucial given
that the micro-grid can operate either connected to the
electricity grid or in an autonomous mode.

To elaborate further, in the context of autonomous mode,
it is imperative to minimize the overall system cost, fuel
emissions, and the probability of not meeting the electricity
demand. Regarding the grid-connected mode, the objective
remains to minimize the overall system cost, fuel emissions,
and the share of non-renewable energy.

Various functions have been used in different studies.
According to Amoura et al. [14], in some studies, the
operating cost of decentralized resources and the storage
system was considered constant throughout the day, while the
selling/buying prices from the main grid varied. In other
studies, the cost of decentralized resources and the storage
system was considered dynamic throughout the day.

In the case of Morocco, the current regulations have not
yet set the selling prices of kWh to the utility. We consider
these two prices to be the same and fixed throughout the day.
Given that the operating costs of DGs and BSSs are calculated
based on average prices of raw materials, materials, and
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services implemented, we consider these costs to be fixed
during the day.

» Cost Function

This function can be expressed as follows:

feoar™® = f=1{[2§@16(5i(t)PDGl.(t)CDGi t) +
SCpg;(OIS;(®) = St + D] +

[Z78rs(s(0) PpEs ()CpEs () + SCpES(IS;(1) =
Sje+ DD] = Pin(O)Cin(0) + P (D) Car(t)} )

here t represents time in hours (h) and T is the total
number of hours in a day. Similarly, at time t, in equation (7),
Ppai (t) symbolizes the active power in kilowatts (kW) actually
supplied at that hour by the distributed electricity generation
(DG)), MDG represents the total number of DGs in the

microgrid Pgssj (t) represents the charging or discharging
power in kilowatts (kW) of the battery energy storage system
(BSS;). Mgss corresponds to the total number of BSSs in the
microgrid. Si(t) embodies the state of distributed resource i
(ON = 1/OFF =0), while S;(t) represents the state of BSS; (ON
= 1/OFF = 0). Pis(t)and P4:(t) represent respectively the active
power injected into the main grid and the active power drawn
from it in kilowatts (kW). Cpgi(t) denotes the total cost of
kilowatt-hour produced by the distributed generation DG;,

expressed in Moroccan Dirham (MDH), Cgssj(t) corresponds
to the total operating cost of the storage element, expressed in
Moroccan Dirham per kilowatt-hour (MDH/kWh), Cg(t)
represents the cost of purchasing energy from the main grid,
expressed in Moroccan Dirham per kilowatt-hour (MDH /
kWh, Cj,(t) represents the cost of selling energy to the grid,
expressed in Moroccan Dirham per kilowatt-hour
(MDH/kWh), SCpgi(t) and SCagss;(t) represent respectively the
start-up or shut-down costs of distributed resources DG; and

BSSj, expressed in Moroccan Dirtham (MDH). As specified

above, Cg(t)= Cin(t)=C,. C, is constant over the period [1, T],
so equation (7) can be written as follows:

feote @ = Zi{[ZiR6(Si(©)Ppg,()Cpg, (8) +
SCpg;(OIS;(®) = Syt + D] +

[Es(5;(0) PRES (CBES (D) + SCBES;(DIS;(0) -
Sj(t + DD] + (Pgr(t) = Pin(0))Cy} @®)

Where C, represents the selling cost of the energy
supplied to the main grid and the purchasing cost of the energy
imported from the grid [15].

» Emission Function

In the context of our study, it is important to consider the
production means that emit greenhouse gases (GHGs) in
addition to those associated with energy supplied by the public
grid. Among these sources, we identify Stationary Storage

Batteries (BSS) as well as diesel generators (DG). The latter
represent substantial sources of emissions of these harmful
gases to the environment.

The predominant emissions related to these diesel
generators mainly result from the combustion of diesel, a
process that releases carbon dioxide (CO2), carbon monoxide
(CO), as well as nitrogen oxides (NOx) into the atmosphere.
CO2 deserves particular attention as it is a major greenhouse
gas responsible for climate change. CO2 emissions are
directly correlated with the amount of diesel fuel burned, so
prolonged use of these diesel generators, especially at low
loads, can have a substantial impact on the total CO2
emissions [16]. This is how the emission function is expressed
as follows:

femission(x) = Z=1{[Z£@5DG(Si("L)PDGL-(t)EDGi ®]+
[2)125(5)(8) Ppss; (DEss (0] = Pin(DEm(®) +
Par(DEgr ()} )

Attime t, in equation (9), Epgi(t) embodies the greenhouse
gas emission rate associated with the energy produced by DG,
expressed in grams per hour per kilowatt (g/(h kW)), Egss;(t)
corresponds to the greenhouse gas emission rate associated
with the energy supplied/absorbed by the storage element
BSS;, expressed in grams per hour per kilowatt (g/(h kW)),
Ea(t) represents the greenhouse gas emission rate associated
with the energy imported from the main grid, expressed in
grams per hour per kilowatt (g/(h kW)), while Ein(t) represents
the greenhouse gas emission rate associated with the energy
exported to the main grid, expressed in grams per hour per
kilowatt (g/(h kW)).

In the context of this study, which presents increased
complexity due to constraints related to voltage stability, we
decide to simplify the bi-objective problem. Our method aims
to convert this bi-objective problem into a mono-objective
problem by integrating linearly, into the initial cost, a penalty
or tax associated with greenhouse gas emissions into the
environment.

The cost of this penalty for emitting one ton of greenhouse
gases (GHGs) into the environment, also called the carbon
price, varies considerably depending on various parameters
such as the country, the carbon market, government policies,
and the nature of the emitted GHGs. In some regions of the
world, there are carbon markets where companies must
acquire carbon credits to offset their excess emissions. The
price of these carbon credits can vary based on supply and
demand in the market.

Currently, Morocco has not established a specific tax on
greenhouse gas (GHG) emissions at the national level.
However, the country has implemented various initiatives and
policies aimed at reducing these emissions and encouraging
the transition to cleaner energy sources. A bill is also
underway to penalize environmental pollution due to GHGs.

To establish a reasonable unit cost of the tax to apply in
our study, we adopted the French legislation in this context. In
France, this tax is currently set at approximately €22 per tonne
of CO2 emitted during the production of a product or service.
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The French government has set a goal for this tax to reach 100
euros per tonne of CO2 by 2030, an amount established in the
Energy Transition Law of August 2015 [17].

. So, we propose a new objective function that will be
considered for the remainder of this study, as follows

feone @ = Zi=a{[Zia6(S;(OPpg,(O)Cpg, (6) +

SCpG OIS (®) = Syt + D] +

[Z?:%ES(SJ'(U PBESj(t)CBESj(t) + SCBEsj(tNSj(t) -
it + VD] + (Pgr(®) — Pin(®))Cy +
(X806 (S; (PG, (OEpG,; ()CEDG ()] +
[Z72e5(5j(0) Ppss (DEpss (DCEpss ()] -
Pin(OEin(OCE iy + Pgr(OE 3-(t)CE gy} (10)

In equation (10) at time t, CEpgi(t) embodies the
greenhouse gas emission tax cost related to the energy
produced by DG;i, expressed in (MDH/grams). CEgssi(t)
corresponds to the greenhouse gas emission tax cost
associated with the energy supplied/absorbed by the storage
element BSS;j, expressed in (MDH/grams). CEq(t) represents
the greenhouse gas emission tax cost related to the energy
imported from the main grid, expressed in (MDH/grams),
while CEin(t) represents the greenhouse gas emission tax cost
associated with the energy exported to the main grid, in
(MDH/grams).

4.2. Constraints Associated with Micro-Grid Operation
4.2.1. Balance of supplied and demanded power
To ensure the electrical stability of the micro-grid, the
electrical power absorbed by the loads must be equal to that

provided by the generation systems. Formula (11) expresses
this condition.

Yres Pe = Z?:1{[2%%"6(51'(01’}21)6[-(0 ]+
[Z?:%ES(Sj(t) PBEsj(t))] —Pin(t) + Pgr (D)} (11)

Where Pci(t) represents the power (kW) demanded by
customer k, and N represents the total number of customers

in the microgrid.
4.2.2. Actual energy production capacity
For stable operation, the active power production of each

DG is limited by lower and upper bounds as follows:

For proper operational conditions, the actively supplied
powers by the various DGs must adhere to the following
inequalities:

PR (6) < Ppai(t) < PR () (12)
Pt%lg}(t) < Ppss(t) < Pgssi(©) (13)
0< Pin(t) < Pg;’llax(t) (14)

In equations (12), (13), and (14), at time t, PF4T(t) and
PPE (t) represent the minimum and maximum power output

that DGi can generate. ng{;}-(t) andng‘;’;(t) denote the
minimum power that BSS; can produce, and PJ**(t)
embodies the maximum power injected into the main grid.

4.2.3. Voltage profile maintenance constraints

Here, we refer to the work of ECH-CHARQAOUY et al.
[6] who developed a nodal topology-based model to determine
the voltage profile in an electrical line by calculating the
voltage value at each of its nodes, as shown in Fig. 2.

Fig. 2. Simplified line diagram with different nodes: connection points for clients and DGs.

In this formulation, nl1 denotes the number of clients
connected upstream of the junction point with Distributed
Generation of electricity (DG1), nj represents the number of
clients connected between the interconnection points of DGj-
1 and DGj, while nM-1 represents the number of clients
connected between the interconnection points of DGM-2 and
DGM-1. The parameter nM designates the number of clients
connected between the interconnection point of DGM-1 and

the end of the network (assuming that in the absence of
Renewable Distributed Generation at this end, a fictitious
DGM with zero production is present). The symbol N
represents the total consumers within the microgrid, while M
refers to the number of Renewable Distributed Generators.
The notation (j,i) refers to the connection point of client i,
located between DGj-1 and DGj; The quantities Lji and LGj
represent the lengths of line segments between the connection
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point (j,(i-1)) and the connection point (j,i), and between the
connection point (j,nj) and the connection point of DG;.
Additionally, Pji symbolizes the value of active power at the
connection point (j, i) in watts, PGj denotes the value of active
power of DGj in watts, Qji corresponds to the value of reactive
power of DGj in volt-amperes reactive (VAR), and QGj
represents the value of reactive power of DGj, also in volt-
amperes reactive (VAR):

_ V=M
N = Zj=1 nj
Where :

(15)

The voltage drops in a line segment of length L in (m),
linear resistance r in (€2), and linear reactance x in (Q2), feeding
an electrical receiver with active power P in (W) and reactive
power Q in (VAR), under a voltage U in (V), is given by the
formula: [18]

AU:% (rP + xQ) (16)

By applying this formula to different nodes along the
electrical line, the following general equations can be obtained

[6]:

AUfk (lenfkpﬁ+2] f+121 1P]1_

(Uf(k )
Z?’l:f PG/J + leizk Qfit 211\'/1=f+1 Zi:l Qji—

YILrQGH) (17)
AUGf (U )) (le =f+1 Zl 1 jl Z?if PGjJ +
x|S0 51, Q)i — 5, 06))) (18)

SAUg = (02 Yy i+ T U+ YL AUG; )
(19)

SAU = (SAUfnf+ AUG) (20)

Uﬂ(=(US_SAUfk) 21)

UGp= (Ug — SAUG) (22)

In this formulation, U, denotes the voltage value at the
output of the link transformer between the microgrid and the
main grid, while Uj; represents the voltage value at node (j, 1).
UG;jindicates the voltage value at the connection point of DG;,
and AUj; refers to the voltage drop value between node (j, i-1)
and node (j, 1). Similarly, AUg; represents the voltage drop
value between node (j, nj) and the connection point of DG;.
SAU;j symbolizes the sum of voltage drops between node (1,1)
and node (j,i), and SAUg; expresses the sum of voltage drops
between node (1,1) and the connection point of DG;. The
parameters r and x represent the linear resistance and linear
reactance, respectively, expressed in Ohms (Q).

Taking into account the permissible voltage drops
according to the applicable standards in Morocco, which is

10%, we can write the inequalities representing the
maintenance of the voltage profile as follows:

Us —10% < Uﬂ(= (Us —SAUfk) < Us+ 10% (23)
US—10%SU (US—SAUGQSUS+1O% (24)

Gf~
This can be simplified as follows:
—-10% < (SAUﬂ() <10% (25)
—10% < (SAUGI‘) < 10% (26)

4.2.4. Constraints on charging and discharging
operations of electrical energy storage batteries

Electrical energy storage batteries are essential
components in the field of renewable energy and electricity
management. They allow for storing surplus electrical energy
for later use, contributing to optimizing energy consumption
and stability of electrical grids. The charging and discharging
operations of batteries are governed by fundamental principles
and quantitative equations.

During the charging operation, electricity from an
external power source is converted into chemical energy and
stored in the battery. The important parameters in this
operation are the battery charging power at a time t, Pcharge(t)
(in watts), the time interval considered, At (in seconds), and
the charging efficiency of the battery, n.. The quantitative
formula for battery charging is as follows:

E(t+1)=E(t) + AtP (27)

charge ©n,
On the other hand, during the discharging operation, the
energy stored in the battery is converted into electricity to
power devices or electrical systems. The important parameters
during discharge are the battery discharge power at a time t,
Puischarge(t) (in watts), the time interval considered, At (in
seconds), and the discharging efficiency of the battery, nq4. The
quantitative formula for battery discharging is as follows:

Pdischarge (t)

E(t+1) = E(t) — At (28)

Na
Where E(t) is the energy stored in the battery at time t (in
joules) in both operations.

These quantitative equations describe the charging and
discharging processes of electrical energy storage batteries
and can be replaced by a single formula as follows:

Pdischarge (t) (29)

E¢+1) =E®)+ AtPyischarge (t)n. — At
Power Constraints for Battery Charging: During these
charge and discharge operations of a battery, there are
typically constraints on the maximum allowed charging power
and maximum allowed discharging power. These constraints
are in place to preserve the battery and ensure its safe and
optimal operation [19]. These constraints are expressed as
follows:
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PChargemax(t) =
Npgp min (0, Vbat(socmajt—soc(t))cbat) (30)
PDischargemax(t) -
. Vy 0 (SOC(t)=S0C, . )Cp
Nt min (0672 s o

In this equation, Pcharge maxt) represents the maximum
charging power of the battery at time t, expressed in watts.
Similarly, Pdischarge_max(t) represents the maximum discharging
power of the battery at time t, also in watts. The term Ny
refers to the number of batteries, whether arranged in series or
parallel. Vo symbolizes the nominal voltage of each battery,
expressed in volts. Additionally, SOC(t) represents the current
state of charge of the battery at time t, expressed in decimals.
The parameters SOCpax and SOC iy define the maximum and
minimum allowable state of charge for the battery, still in
decimals. The quantity Cpy corresponds to the nominal
capacity of each battery, measured in ampere-hours, while At
represents the considered time interval, expressed in seconds.

These constraints ensure that the power never exceeds the
battery's charging capacity or pushes it beyond its maximum
charge limit. These constraints ensure that the charging and
discharging powers do not exceed the battery's charging and
discharging capacities, respectively.

Station control

and

5. Simulation Methodology and Algorithm Parameters

5.1. Simulation Methodology

To assess the relevance and robustness of our proposed
approach, we conducted a simulation on a representative
microgrid system, characterized as follows: The microgrid
serves a rural village comprising 218 households, each with
an average power demand of 600 W, alongside three
commercial entities consuming 1 kW each, and two electric
motors rated at 15 kW and 20 kW, respectively. The primary
low-voltage (LV) distribution line spans 2,170 meters and
consists of twisted aluminum conductors with a cross-
sectional area of 70 mm?. This network is connected to the
main utility grid via a prefabricated medium-to-low voltage
(MV/LV) masonry substation. The substation is equipped with
a 250 kVA transformer, two motorized MV switchgear cells, a
fuse-protected transformer cell, a bidirectional smart LV
meter, and a distribution board featuring a main circuit breaker
and two LV feeders, each protected by a motorized circuit
breaker.

Furthermore, this micro-grid is also powered by a wind
turbine with a capacity of 90 kW, a photovoltaic plant of 44
kW, and a 50 kVA diesel generator. Among its customers are
two energy producers with photovoltaic plants of 10 kW and
6 kW, respectively. The diagrams in Fig. 3 provide more
details about this micro-grid.
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Fig. 3. Electrical diagram of the studied microgrid.

As previously mentioned, this microgrid is equipped with
nine power sources, namely a main photovoltaic power
station, two small photovoltaic stations owned by client-
producers, three electricity storage systems by batteries, each
associated with a photovoltaic power station, a wind turbine,
and a diesel generator. It is worth noting that the main grid can
supply or absorb electrical energy from the microgrid. In this

regard, the decision variables are (PDGl(t), PDGZ(‘[), PDGg(t),
PDG4(t)’ PDGS(t)’ (Pin(t) or Pdr(t))’ PBSSZ(t)’ PBSS3(t)’
PBsss(t)).

Where Ppgi(t) represents the power supplied by the diesel
generator, Ppga(t) the power supplied by the main photovoltaic
power station, Ppgs(t) the power supplied by the photovoltaic
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power station of the first client-producer, Ppga(t) the power
supplied by the wind turbine (WT), Ppgs(t) the power supplied
by the photovoltaic power station of the second client-
producer, Pi,(t) and Pg(t) respectively represent the active
power injected into the main grid and the active power drawn
from it, Pgssa(t) represents the power of the battery storage
system associated with the main photovoltaic power station,
Pgss3(t) represents the power of the battery storage system
associated with the photovoltaic power station of the first
client-producer, and Pgsss(t) represents the power of the
battery storage system associated with the photovoltaic power
station of the second client-producer.

The simulation will cover the 24 hours of a day in July
2023, chosen as the reference. This simulation will be carried
out with an hourly time interval. The performance of the
production sources is detailed as follows:

» Wind turbine

The wind turbine consists of a single turbine with a
nominal power of 45 kW. It generates an average of 90 MWh
of electrical energy at an average wind speed of 5 m/s.

Power Wind tarbise (EW)

........................

Fig. 4. The electrical power in (kW) provided by the
wind turbine during a day (24 hours).

Figure 4 depicts the variation in electrical power supplied
by the wind turbine over a 24-hour period during a summer
day. It is noteworthy that the maximum power supplied by this
wind turbine is 36 kW around 5:00 PM. Additionally, it should
be noted that the turbine can deliver virtually no power
between 9:00 AM and 11:00 AM.

» PV Power Plants

Three curves illustrate the variation in power produced in
watts by the main PV power plant, with a total peak power of
44 kWp, over three different days of the year. These data are
depicted in the numbered figures. As indicated in the figure 5,
the maximum power produced by the PV power plant varies
approximately between 10 kW and 44 kW depending on the
days of the year. This power will be calculated using the
optimization algorithm employing a predictive algorithm for
the maximum power of a PV power plant, developed in our
previous work.

Fig. 5. (a) - The electrical power in kilowatts supplied by the
photovoltaic power station during the hours of the day on
Decembre 10, 2022. (b) - The electrical power in kilowatts
supplied by the photovoltaic power station during the hours of
the day on January 31, 2023. (c) - The electrical power in
kilowatts supplied by the photovoltaic power station during
the hours of the day on Jully 10, 2023.

» Diesel Generator

To ensure proper functioning of the diesel generator,
preserving its reliability and lifespan, the delivered power
must be maintained between 30% and 70% of its nominal
power

Table 2. Maximum and minimum limit of the power generated
by the diesel generator.

Minimum power supplied
by the diesel generator
(kW)

Maximum power supplied
by the diesel generator
(kW)

15 35

» Battery Storage Systems

To maximize the lifespan of the electrical storage
batteries, it is essential to tailor the percentage state of charge
(SOC) levels to each battery's unique characteristics,
including its technology, design, and specific usage. In the
case of batteries used in conjunction with the three
photovoltaic (PV) power plants, all of which are lead-acid
type, it was determined that the maximum state of charge
(SOCmax) would be set at 90%, while the minimum state of
charge (SOCnin) would be established at 40%, to preserve their
longevity and efficiency.

» Load Profile
1200
100,0

80,0

the electrical load in KW
=

Fig. 6. the electrical load in kW.
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Figure 6 highlights the daily load profile required by the
microgrid consumers over the course of 24 hours on a summer
day. This representation reveals two daily peaks, with a
modest peak of 64 kW recorded around 10:00 AM, followed
by a larger peak of 110 kW around 9:00 PM.

5.2. Parameterization of the Algorithm

The use of the Particle Swarm Optimization (PSO)
algorithm requires a careful selection of parameters in formula
(1), namely i, cl, and c2, as well as determining the
population size and the maximum number of iterations.

In our case, we chose a population size equivalent to 6
times the number of variables, i.e., 54 individuals, and a
maximum number of iterations of 1000. The algorithm was
implemented in the MATLAB environment.

As expressed by formula (1), the inertia coefficient,
represented by , has a decisive influence on the future
trajectory the particle will follow in its movement. It is a
crucial parameter that balances global-scale exploration and
local-scale exploitation judiciously, thus providing adequate
optimization to the conducted search. The extent of
exploration in the search space significantly depends on the
value assigned to the inertia weight. A high value of this
parameter favours extensive exploration on a global scale,
whereas a more modest value promotes targeted exploration
on a local scale [20].

In his thesis, Frans van den Bergh [21] confirmed that
optimal performance was achieved by adjusting the inertia
weight from 0.9 to 0.4 during the first 1500 iterations.
Furthermore, it is common in specialized literature for this
inertia coefficient to undergo a temporal evolution over the
iterations. This evolution is generally linear, starting at 0.9 and
eventually reaching 0.4, as described by Shi [22]. The inertia
coefficient, symbolized by o, thus undergoes variations over
time, following the formula [23]:

w —w,
_ (©Omgy=Dmin) N
max  Nigeration max

w= w

iter (32)

Where opyin = 0.4, opax = 0.9, Niteration_max =1000,

and Nj¢ep represents the current iteration number.

The trust factors influence the particle's inclinations to
follow either its preservation instinct or the group's guidance.
The random variables clrand() and c2rand() can be defined
according to a uniform distribution over the interval [0..1].
The positive constants c1 and c2 are determined empirically,
and they must satisfy the relation c1 + ¢2 < 4. In this study, we
choose cl =c2 =2.

6. Optimization Results and Discussion

In this section, we present the results of our optimization
study using the previously described PSO algorithm. Two
scenarios were considered to evaluate the system's
performance: the first over a 24-hour period on a Sunday in
July, where a scheduled power outage was planned for
maintenance; and the second over 24 hours on a day in January
during winter.

In the first scenario, the distribution of the contribution
from different energy sources is shown in figure 7. Despite the
higher cost per kilowatt-hour produced by the diesel generator
compared to other sources, it significantly contributed to
powering the microgrid. This can be attributed to the
unavailability of the main grid between 06:00 and 14:00,
during which the diesel generator was engaged.

P30 Opeisization Results, July 10 - Summes
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Fig. 7. PSO results, July 10" — Summer.

As illustrated in Figure 8, the total hourly cost function,
incorporating energy prices and greenhouse gas emission
taxes, exhibits two peaks. The first peak, reached around
10:00, is due to the operation of the diesel generator between
07:00 and 14:00, when the kilowatt-hour price is high. The
second peak, a global maximum for the day, occurs around
21:00, explained by exclusive power supply from the main
grid and the peak in load reaching its maximum at this time.
The cost function is negative between 13:00 and 18:00 due to
the excess production from renewable energy sources, surplus
injected into the main grid and sold to the utility.

Ce

Cost in Morocean dirhams

Fig. 8. Cost function per hour, July 10" — Summer.

Greenhouse gas emissions reach their maximum around
21:00, as presented in figure 9, for the same reasons as the
increase in the cost function. Optimization also effectively
utilized the energy storage systems (BSSs), which actively
contributed to powering the microgrid during the night,
between 01:00 and 05:00. During this period, renewable
energy source production is at its lowest.
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from other sources. Charge and discharge curves for the BSSs
are depicted in Figures 11, 12, and 13.
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Fig. 9. GHG emissions, July 10" — Summer.

The BSSs were charged as soon as the diesel generator
was compelled to start to supply the microgrid due to the
unavailability of the main grid and inadequate production

Fig.
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Fig. 12. state of charge of BSSS5 batteries, July 10" —
Summer.

As shown in Figure 14, the voltage plan was strictly

adhered to, and the voltage value did not exceed the regulatory
limits for each node at any time of the day.
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Fig. 14. PSO results, January 215 — Winter.
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As shown in Figure 15, the total hourly cost function,
incorporating energy prices and greenhouse gas emission
taxes, also exhibits two peaks in this scenario. The first peak,
reached around 09:00, and the second peak, a global
maximum for the day, around 21:00. These two increases in
the cost function are explained by the exclusive power supply
from the main grid and the load peak also reaching its
maximum at these times. The cost function is negative
between 14:00 and 17:00 for the same reasons mentioned in
the first scenario.

Cost funciion per bour, January 213t - Winter
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Fig. 15. Cost function per hour, January 21 — Winter.

Similar to the first scenario, greenhouse gas emissions are
represented by a curve shown in Figure 16. These emissions
peak around 20:00.
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Fig. 16. GHG emission per hour, January 21 — Winter.

Optimization also effectively utilized the energy storage
systems (BSSs) in this second scenario. They contributed to
powering the microgrid during the night at 01:00 and between
05:00 and 09:00. During this period, photovoltaic energy
production from renewable energy sources is at its lowest. The
BSSs were charged between 12:00 and 14:00, a period when
photovoltaic production is at its maximum.
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Fig. 17. state of charge of BSS2 batteries, January 21 -
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Fig. 18. state of charge of BSS3 batteries, January 215 —
Winter.
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Fig. 19. state of charge of BSS5 batteries, January 215 —
Winter.

7. Conclusion

In this study, we have developed an innovative approach
aimed at optimizing the management of a microgrid supplying
electricity to a rural village, with a particular focus on
maintaining the microgrid's voltage profile. Our in-depth
analysis of the microgrid's operation has highlighted the
effectiveness of the Particle Swarm Optimization (PSO)
algorithm in achieving this crucial objective. By integrating
the characteristics of various power sources such as wind,
photovoltaic, and the diesel generator, we were able to model
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the system's behaviour over a day in July and a day in January,
considering fluctuations in weather conditions and demand.
The obtained results demonstrated that our approach allowed
precise and dynamic control of the microgrid's voltage profile.
The diesel generator was optimized to intervene strategically
during planned outages, minimizing its usage while
maintaining the voltage profile within appropriate limits. This
optimization reduced costs while ensuring a stable and reliable
electrical supply. We have also emphasized the crucial role of
battery storage systems in maintaining the voltage profile.
They acted as balancers by storing excess energy when
available and releasing it when production was insufficient,
thus contributing to network stability. In conclusion, this study
presents a robust methodology and a successful
implementation of the PSO algorithm focused on maintaining
the microgrid's voltage profile. The results highlight the
crucial importance of this component in ensuring a reliable
and high-quality energy supply in microgrids, thereby
enhancing their sustainability and operational efficiency:.
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