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Abstract: This paper addresses the multi-objective optimization problem for microgrid design, integrating vari-
ous renewable energy sources and energy storage systems. The proposed framework aims to optimize the sizing
of generation plants (solar, onshore wind, offshore wind) and battery storage, while simultaneously minimizing
investment costs and managing the probability of power excess or deficit within the microgrid. To handle the
inherent variability of wind energy, a symbolic regression method is employed for wind speed forecasting. The
optimization task is tackled using two prominent metaheuristic algorithms: the Non-dominated Sorting Genetic
Algorithm IT (NSGA-II) and the Multi-objective Particle Swarm Optimization (MOPSO) algorithm. The study
details the mathematical models for all microgrid components, including their associated investment, mainte-
nance, and replacement costs. A comparative analysis of NSGA-II and MOPSO is presented, evaluating their
performance in achieving optimal Pareto fronts regarding investment costs and power balance, highlighting the
trade-offs between initial investment and operational efficiency for sustainable microgrid solutions.
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1 Introduction ergy; In addition, if they become surplus energy, these
microgrids could supply the system to which they are
connected at peak times when required at a lower
price than that offered on the market during that time
span [3]. Microgrids have different generation tech-
nologies, including wind generation plants and pho-
tovoltaic plants. According to [4], annually you have
that 1.7 million TWh are generated by the wind. This
energy can be generated with wind plants on land (On-
shore) and at sea (offshore). One of the limiters of On-
shore plants is land use, and geographical conditions
must be favorable for electricity generation. Offshore
plants have great potential around the world, but the

Electricity generation has evolved throughout history
[IL, 2]. These developments have been presented due
to the need to meet end-user demand. Many times,
these end users are not close to interconnected sys-
tems, therefore microgrids are an alternative solution
that allows and improves the power supply in these
users. These microgrids are characterized by their
adaptation to the environment, taking advantage of
the riches of the place where they are planned to build,
in addition to their flexibility in the power generated
and the power delivered to the system that are con-

nected. places that have developed this type of technology the
The final energy costs have associated values most have been on the north and west coasts of Europe
given by the generation, transmission, distribution and the east coast of the USA.
and commercialization of the energy. In many parts of In [5], propose a solution to the environmental
the world, the investment costs in the electricity grid problems that arise in the world, where currently
are high then, communities cannot access the power 80% of the energy is generated through fossil com-
supply, so alternatives have been sought to meet the bustion. Therefore, the use of clean and sustainable
demand of final users. One of them has been the con- energies would be a big gamble, in which industry
struction of microgrids, in order to take advantage of and academia must be articulated to carry out a cor-
the natural resources that are in the areas where they rect planning and integration of renewable energies
plan to be built. Microgrids consist of wind plants, so- with the current power system. Microgrids are pre-
lar plants, energy storage units among other elements, sented as an alternative to integrate different Non-
which allow to guarantee the protection and quality Conventional Renewable Energy Sources to gain ac-
of energy. These elements have associated costs, so tive demand participation, in addition it would allow
the correct planning of a microgrids takes an impor- an implementation of intelligent technologies in your
tant role in not incurring additional expenses that can system to know energy spikes and optimize the as-
minimize the benefits of the investment. sets of generation sources. This article proposes the
Investment in decentralized generation would re- optimal planning of a microgrids taking into account
duce energy costs because there wouldn’t be costs as- technical and economic constraints of solar and wind
sociated with the transmission and marketing of en- technologies.
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In [[] presents a conceptual look at long-term in-
vestment in a microgrid. It is proposed that micro-
grids allow autonomous and self-sufficient generation
of clean and sustainable energy. When deciding to in-
vest in a microgrid, different challenges arise, for ex-
ample, making this investment attractive to the mar-
ket, without leaving aside the challenges of economic
clearance and future expansion planning. In this arti-
cle, the benefits of long-term microgrids were boosted
by creating a social and economic balance sheet in
the community where the investment is made, and
encourage investment in efficient and innovative el-
ements within the microgrid to improve financial and
operational models.

This document seeks to implement the NSGA-II
and MOPSO multi-objective optimization methods
for the design of a microgrids with two objectives;
which are the size of the generation plants that make
up the microgrids and the cost of deficiencies in the
generation of energy produced by the plants to be de-
signed. In addition, a genetic programming method
will be implemented for wind forecasting of an off-
shore wind plant that is part of the microgrid; this mi-
crogrid will also include an onshore wind plant, a PV
plant and a battery-powered power storage system.

2 State of Art

Wind generation systems have the benefit of being
clean, inexhaustible and non-polluting, which is why
they are a good candidate for solving environmen-
tal problems caused by power generation [[7]. In this
sense, offshore wind generation has emerged as an al-
ternative among the different renewable energies that
currently exist due to its growth potential, which is
expected to have an installed capacity of 30 GW by
2030 [8].

To handle the uncertainty posed by sources such
as wind, different approaches have been implemented
over the years, such as a deterministic, stochastic,
non-linear regression interpretation [9, 10] and more
recently neural network-based applications and ma-
chine learning have been made [[L1, [12]. The time
windows for wind forecasting by the afore mentioned
techniques range from a few hours, days to a few
months.

Moreover, recently researchers have been imple-
menting hybrid techniques to significantly improve
wind prediction. An example of this is presented in
[13], where the implementation of a data set splitting
mechanism is proposed in the prediction process in
addition to an initial step in which the Echo State Net-
work (ESN) technique is used to integrate the results
of different hybrid models for intermediate forecast-
ing in order to provide adaptive characteristics to the
wind forecasting process.
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In this sense, it has been proven that the use of
recurring forecast models improves the resulting er-
rors obtained by static methods, as obtained in [[14],
where the implementation of the GRPE and DEPE al-
gorithms for training recurring forecast models im-
proved errors obtained while decreased computa-
tional and storage requirements. This implementation
sought to make wind predictions for a 72-hour time
horizon. Other authors have made different imple-
mentations in which they sought to make wind fore-
casts for intervals from the order of a few seconds to
a few days [[15].

On the other hand, different multi-objective algo-
rithms have been implemented for microgrids plan-
ning; for example, a method of configuration and co-
ordination of protection relays for Microgrids using
MOPSO is proposed. The key problem in selecting
relay configuration is achieving minimum operating
times while maintaining coordination between all re-
lays. The problem of relay coordination is solved by
improving the initialization and weight of the PSO al-
gorithm and choosing the appropriate collection cur-
rent, which avoids the problem of premature conver-
gence. Optimal relay settings are determined by the
PSO algorithm. The study shows that the results using
the MOPSO algorithm are close to optimal solutions,
and demonstrates the validity of the proposed method.
[4].

Similarly, [] proposes a new approach based on
linear interval programming (ILP) that hybridized
with modified particle swarm optimization (MOPSO)
applied to Distributed Generation (DG) distribution
systems, where current failures are fed from both ends
of the line and, consequently, the currents detected by
the relays at both ends are different. These variable
failure currents can lead to poor coordination of over-
current relays (DOCRs). The MOPSO algorithm is
applied to overcome this coordination constraint is-
sue.

Another algorithm implemented microgrids is the
NSGA-II, an example of the implementation of this
algorithm is presented in [f]], where it was used to
optimize the cost of programming a micro-network
that implements generation with non-renewable re-
sources and fuel generation. Moreover, it was used
as a method of checking the proper functioning of the
MOPSO algorithm in the management of the genera-
tion units of a microgrids where the minimization of
operating costs and polluting emissions was sought.
Otherwise, a case study similar to the proposed here
in [[7], it is proposed where wind forecasting is car-
ried out in a first stage by means of a neural network
algorithm to minimize uncertainty in wind generation
to at a later stage perform economic clearance with
a multi-objective optimization to minimize polluting
emissions and costs.
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Finally, when looking for possible solutions to a
multi objective optimization problem, they can be
represented through the optimal Pareto method. The
Pareto method is used when we have different solu-
tions to the multi-objective problem posed, the algo-
rithm has as its starting a random generation which
reduces its search space with the passing of each sim-
ulation, the algorithm in its initial conditions, sets
how many generations will simulate and will be re-
duced until that condition is met and provide opti-
mal locals after each simulation. The Optimal Pareto
does not seek to solve the multi-objective problem, it
seeks that the people in charge of making the deci-
sions can understand the results and adapt them to the
constraints of the optimization problem through the
optimal premises of the optimization problem and si-
multaneously find the global optimal according to the
objectives of the problem. [§, 9, [10].

The Pareto method works as follows: [[11}, [12]

* An initial population is chosen randomly and
should uniformly cover the entire space solution
based on consideration of the population diver-
sity requirement.

* The evolutionary method based on Pareto differs
from the basic algorithm, mainly in the selec-
tion procedure used to select later generations of
the population. Low quality solutions (individu-
als) are removed from the population, while high
quality individuals are reproduced.

* Then the generation of descendants can be gener-
ated according to the algorithm carrying out mu-
tation and crossing operations in parental individ-
uals.

* Then boundary treatment must be performed, be-
cause the MOP workspace is limited, that is, the
Pareto solution is a constraint to the boundary
problem, it is essential to ensure that the param-
eter of the test vector values is within its allowed
ranges after the crossover operation.

* Combine the new population with the existing
parental population to generate a combined pop-
ulation.

 Evaluate each individual in the combined pop-
ulation and perform classification and select un
denominated individuals to form a Solution Set.

* Finally, the solutions are presented that allow to
analyze the results of the algorithm addressed to
the objectives initially raised.

3 Methods

In this work, it is proposed to carry out a forecast
of wind speeds for offshore generation through the
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application of symbolic regression based on histori-
cal winds (subsection 3.1). On the other hand, the
NSGA-II (subsection 3.2) and MOPSO (subsection
3.3) multi-objective optimization algorithms will be
used to solve the problem microgrid planning prob-
lem (section 4).

3.1 Symbolic Regression

Symbolic regression (SR) applied to prognostic prob-
lems is an application of genetic programming that
results from the combination of evolutionary com-
puting and nonlinear regression. Symbolic regres-
sion provides mathematical expressions that model a
series of data and has the advantage of being flexi-
ble over incomplete information and non-assumption
[8]. For data prediction, the representation of mathe-
matical expressions corresponding to different mod-
els is used as a tree structure; where the inner nodes
(union between terminals and other operators) would
become the mathematical operators and the leaves of
the tree would be the variables and parameters. The
algorithmic process is based on the exploration of a
field of possible equations through the use of genetic
operators such as: crossover, mutation and reproduc-
tion [9]. For tree creation this relates genes to arith-
metic expressions (+,-,/,*) and trigonometric func-
tions (sine, cosine, tangent). The population is then
organized by hierarchies and creates a new genera-
tion based on the principle of genetic recombination
[[10] The RS seeks to find a mathematical expression
that adapts to the observed data with some degree of
precision through relationships between a dependent
variable (y) and other dependent variables (x). The
algorithm starts with a population of individuals com-
posed of a single tree structure gene through which a
mathematical expression is encoded. The adjustment
of the values of the above variables is calculated by
the mean quadratic error (RMSE) on the full set of
observations. According to the result, each individ-
ual is likely to participate in genetic operations such
as recombination, reproduction, selection and cross-
ing; in this way a new population is created which
is iteratively reassessed until the maximum number
of generations established by the user is reached. Fi-
nally, the symbolic model will be one that generates
a lower degree of approach error throughout the pro-
cess; where each individual is considered as a set of
genes whose weighted linear combination generates
the result of inference [[11].

9 = ag + a1geny + asgens + asgens

(M

g = ag + al(sin(xl) — xg) + ag tan(7.3x2) +
az(z1(wre — 13))
(2)
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Equations () and (B]) present the estimate given by the
individual, where (x;) they are values of independent
variables, a; are values of weights and is the value of
inference.(%)

3.2 Non-dominated Sorting Genetic
Algorithm (NSGA-II)

Multi-objective optimization (MOP) problems con-
sist of a set of n decision variables, k objective func-
tions, and sets of m inequality constraints and p equal-
ity constraints, where constraints and objective func-
tions are functions of decision variables. Of this, it
has to be that an MOP can be expressed as: Function
to optimize

y=f(x) ={fi(2), f2(2),.... fu(®)}  (3)
Restrictions
9(z) = {91(z), g2(2), ... gm()} 20 (4)
h(xz) = hi(z), ho(z), ..., hp(x) =0 (5)
Where
x=A{x1,x9,....an}t € X (6)
Yy =1{y1,92, - Yn} €Y (7)

X represents the decision space, x represents the deci-
sion vector, y represents the target vector, and Y de-
notes the target space. Each decision vector has the
shape x = { X1, Xo, ..., X, }, and the target vector is
shaped y = { f1(z), fa(z), ..., fr(x)}. Given this, the
problem is to find the value of x that as a result the
best value for f(x). However, there is no single so-
lution generally, but you have sets of better solutions
that are known as not mastered. Proposed in [[13], the
Non-dominated Sorting Genetic Algorithm (NSGA-
IT) emerged to eliminate defects in its predecessor by
incorporating an elitist approach, decreasing compu-
tational complexity, and incorporating a comparison
parameter [[14]. The algorithm starts by performing a
population classification on different fronts. Each in-
dividual is assigned a rank equivalent to their level of
non-dominance. Additionally, the algorithm involves
a crowding distance, as an operator to preserve the
diversity of the population. The selection is made
through a binary tournament, by means of the op-
erator’s comparison criterion (<); By this criterion
the winner of the tournament is the lowest- ranking
individual; in case there are multiple individuals of
the same rank, the individual with the least distance
from Crowding wins. The input parameters for the
NSGA-II algorithm are: population size, elite popu-
lation size, probability of crossing, probability of mu-
tation, (Peruce) (Pmutacion) maximum number of gen-
erations (and g, maximum number of generations
of convergence.(gconw)
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Algorithm 1 Pseudocode of the NSGA-II. (Taken
from [|L3])

1: Inicio
2: forcadat € T do
3 while existe un ruta del nodo s a nodo t do
4 Conjunto_Rutas Ruta desde s hasta t;
5 end while
6: end for
7
8
9

. Generar aleatoriamente P
: Hacer ordenamiento rapido no dominado de F
. Aplicar los operadores de seleccion, cruce y mu-
tacion para generar una poblacion hija Qg
10: Hacert =1
11: Hacer R = ()
12: while ¢ < § y Cont_Convergencia < € do
13: Hacer R; = P, U @,
14: Calcular el niimero de saltos y el retardo de
los miembros R;
15: FB Ordenamiento Rapido NoDominado (R;)
16: 1=1

17: Pt+1 = @

18: while |Pt+1| < N do

19: Calcular DistanciaCrowding (F;)

20: Py =P UF;

21 1=14+1

22: end while

23: Ordenar P;,; en forma descendente, uti-
lizando el operador >

24; Escoger los N primeros elementos de P .

25: Generar ()1 aplicando los operadores de se-

leccion cruce y mutacion sobre P g
26: t=t+1
27: end while
28: Fin

3.3 Modified Particle Swarm Optimization

- MOPSO

MOPSO is an algorithm inspired by nature which
is the evolution of PSO. Particle Swarm Optimizing
is a population-based stoic optimization. PSO takes
into account two populations: the population of the
current positions of the particles (i.e. Pbest) and a
population of the best particle positions (i.e. Gbest)
reached so far. The first is considered as the candi-
date solutions in the search space, while the latter is
to guide the update of the first one. In the PSO sys-
tem, each particle is associated with two properties
(velocity vector V and X position vector) and moves
in the search space with a speed that dynamically ad-
justs according to the particle experience and the par-
ticles companion experience simultaneously [[16].

Mathematically, the velocity and position of the
particles are updated according to the following for-
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Vi(k) = WVi(k)+C1Ri (Pyesti—xi(k))+CoRa(Gpest— 4 (i

(8)
zi(k+1)=x;(k) + Vi(k+1) 9)

Where Vj is the velocity of particle i, x; is the posi-
tion of particle i, W is the random inertial weight, k
is the iteration number, C and C5 are the social and
cognitive coefficients of the population, R; and R»
are the random numbers between 0 and 1. When PSO
applied to large or multimodal problems, it tended to
get stuck in optimal premises and provide premature
convergence, finding a local optimal and not an over-
all optimal. [[7]

4 Problem formulation
and Case Study

The case study is based on the planning of a microgrid
that integrates different renewable energy sources,
where a multi-lens optimization problem is solving.
The first objective is related to the investment costs
of the different technologies to be implemented (sub-
section 4.1-4.4) while the second objective is the ex-
cess or power deficiency generated in the microgrid
(subsection 4.5). The technologies to be taken into
account are photovoltaic, wind of two types: onshore
and offshore and by storage in battery systems. In
general, the importance of these objectives is that
through this one can have an estimate of the feasibil-
ity of building a micro-network by minimizing invest-
ment resources and optimizing the generation neces-
sary to meet the adapted demand for [[10]. The over-
all approach of the system will then be made and the
costs associated with each technology will be spec-
ified; which will be used in the next section for the
approach of the two objectives to be optimise [[L7].

4.1 Solar Panels

These solar panels have the following associated val-
ues: Power supplied by solar panels

ef fps x Aps * RS
1000

Where ef fp is the efficiency of solar panels, A, is
the area occupied by solar panels and RS is the solar
radiation. The irradiance value taken into account for
the case study is presented in Figure [l| and was taken
from [[L1]. This equation results in the power gener-
ated by solar panels for one day.

Investment costs

Pps = [W] (10)

Clps = Ips * Aps (11)

Where I, is the initial investment per square meter
and C); is the investment cost for solar technology.
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Total cost of maintenance

1
S CMys = CMOyy # Apy  ~2C

12
1+T1I (12)

Where CM O, is the cost of operation and annual
maintenance, TC is the exchange rate, TI is the in-
terest rate, t is the projected time that is 20 years and
> CM,, is the total cost of maintenance in the 20
years. Replacement cost

1+TIF

CRps = CRps x A% T

(13)

Where C' R, is the resale cost per square meter, TIF is
the inflation rate and ¢; is the amount of time it takes
to use.

4.2 Onshore Wind Generation

Wind generation has the following associated values:
Power delivered by wind generators

0.5 % ef fon * Aop % CPop % Dy % V3,
Fon = 1000

[W]
(14)

Where ef f,, is the efficiency of the wind generator
is, Aop is the area occupied by Onshore generators,
CP,, is the power coefficient, D, is the density of
the air and V is the wind speed.

Investment costs

Con = Ion * Aon (15)
Where 1, is the initial investment per square meter
and C,,, is the investment cost for Onshore wind gen-
eration. Total cost of maintenance

1+TC

Z CMyp = CMOyp % Agp ¥ ————

16
1+T1 (16)
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Figure 2: Wind speeds onshore.

Where C M Oy, is cost of annual operation and main-
tenance, and Y, C' M, is the total cost of maintenance
in the 20 years. Replacement cost

1+TIF
1+T1

Where C' R, is the cost of resale per square meter.

CR,, = CRyy, + A (17)

4.3 Offshore Wind Generation

Wind generation has the following associated values:
Power delivered by wind generators

0.5 ef fors* Aops x CPysy % Dosyx V3
1000

Porr =
(18)
Where ef f,;r is the efficiency of the wind genera-
tor, A, is the area occupied by Offshore generators,
CP,;y is the power coefficient, D,y is the density
of the air and V5 is the wind speed. To determine
wind time speeds for wind generation simulation, a
genetic programming-based wind forecasting method
with symbolic regression implementation was imple-
mented through the use of historical values. The data
were taken from [|13]. Values of 14 days were taken
for algorithm training and 12-day time data were used
to check the results of the executed forecast. The
training results of the symbolic regression algorithm
are shown in Figure annd the one-day wind time
rate values taken from the forecast to be used in the
offshore wind generation calculation are presented in
Figure H.
Investment costs

(19)

Where I, is the initial investment per square me-
ter and C, ¢ is the investment cost for Offshore wind

Corr = Lo * Aoyy
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Last generation inference (training data)
error: 0.1784

target
inference
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data

Last generation inference (test data)
error: 0.2305

- target
inference
0

output
- L+ w B w =] ~

data

Figure 3: Algorithm result for forecasting hourly
wind speeds.

Figure 4: Wind speeds taken from the forecast per-
formed.

generation. Total cost of maintenance

1+TC

Z CMopp = CMOopy * Aopy * 1171

(20)

Where CMO,ys is cost of annual operation and
maintenance, and C'M,y is the total cost of main-
tenance in the 20 years. Replacement cost

1+TIF

CRoff:CRoff*A* L+ 71 21)

Where C'R, is the cost of resale per square meter.

4.4 Battery bank

The battery bank has the following model: Maximum
charging status

ECna: = 0.8 % Abat * Chat (22)
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Where Cp,; is the nominal capacity of the battery.
Minimum charging status

ECmin =0.8% Abat * Cbat (23)

If the power generated is greater than the power of the
charge, at that time, the batteries will be in charge. In
that case you will get the charging status of the bat-
teries as follows:

P, — Py
£ __“ xECB
effi
(24)

Where THA is the Auto-Discharge Time Rate, P, is
the total power generated, P,; is the total power of the
charge, ef f; is the efficiency of the inverter and ECB
is the efficiency of battery charge. As the battery is
charging, a formulation will be in place to measure
the excess power generated and is associated with the
following formulation:

Pct + ECmaa: - ECmm
effi ECB

If the power generated is less than the power of the
charge, at that time, the batteries will be in discharge.
In that case you will get the charging status of the bat-
teries as follows:

EC = [ECpin * (1 — THA)] +

EPG =P, — ] (25)

EC = [ECpin*(1-THA)| - [ For _ Pg] x* EDB

effi
(26)

Where EDB is the battery discharge efficiency. As
the battery is in discharge, a formulation will be avail-
able to measure the power deficiency delivered and is
associated with the following formulation:

Pct
DPFE = - P 27
effi ¢ @7
Investment costs
Cbat = Ibat * Abat (28)

Where I, is the initial Investment for each battery
and Cpq; is the investment cost for the battery bank
Battery replacement cost

14+TC
1+TI

Total cost of maintenance Battery maintenance cost is
a fixed cost (C'M B) The main objective of the prob-
lem is to minimize investment costs and further min-
imize the chances of excess and power deficit gen-
erated in the microgrid. Since the above poses a
multiobjetive optimization problem, the NSGA-II and
MOPSO algorithms will be implemented for the so-
lution of this.

CRB = Cbat * Abat * (29)

min{Fl,FQ} (30)
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Where the objective function 1 is: Fj

F=CT (31)

The total investment cost of the microrred consists of
the sum of the costs associated with each of the tech-
nologies to be implemented.

The second target function is given by equation

()

F,=PDE (32)
And it’s equal to: PDE
PDE = PDPE + PEPG (33)

Where PDPE is the probability of having a deficit
in the power delivered to the system and PEPGis
the probability of having an excess of power gener-
ated. The purpose of the second objective function
is to carry out a correct energy management strategy,
which seeks to know the deficit or excess power gen-
erated by the microgrid. In cases where higher than
required power is generated, it is stored in the bat-
tery banks, this scenario is the most favorable for the
proper functioning of the micro-reed. The next sce-
nario is when the power generated is less than the
power required by the system, in that case the battery
banks come to meet the demand to the point where
the system may need less power. For this reason, it is
very important to know the load profile of the system
that will be fed by the micro-reed, in this way you can
carry out a correct planning of each generation source
used in the micro-area. The load profile of the system
based on which the comparison of compliance with
the above will be made are presented in Figure B.

Plomd

Energy [ki%h]

B B 10 12 L]

Hours [h]
Figure 5: Micro-network load profile.

Moreover, the decision variables K7 to consider

for the multiobjetive solution of the problem are 4,
and they are associated with the area required for
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photovoltaic, onshore wind, offshore wind and the
amount of batteries required for energy storage.

Ky = Ap, (34)
Ky = Ao (35)
K3 = Agss (36)
Ky = Apat (37)

5 Multi-objetive Optimization for
Microred Planning Results

5.1 NSGA-II

Figure fj the optimal Pareto obtained through the opti-
mization implemented to the multi-objective problem
posed through the implementation of the NSGA-II al-
gorithm considering a population size of 20 and 150
generations. From the simulations carried out, Table g
presents the values of the decision variables obtaine
for multi objective optimization with NSGA-II

Excesn

&

Coslo de Inversitn 10"

Figure 6: Optimal pareto obtained with NSGA-II al-
gorithm.

5.2 MOPSO

Figure ] the optimal Pareto obtained through the op-
timization implemented to the multi-objective prob-
lem posed by the implementation of the NSGA-II al-
gorithm for a population of 20 and 150 generations.
From the simulations performed, Table E presents the
values of the decision variables obtained for multi-
target optimization with MOPSO.

The results of the first target function raised are
presented in Table 2 of which investment costs can be
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]

2-Exca:
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Figure 7: Optimal pareto obtained with the MOPSO
algorithm.

observed to be lower with the results of the MOPSO
algorithm.

On the other hand, Table B can be observed that
the probability of excess or power deficit generated
by the microgrid is lower in the results obtained from
the NSGA-II algorithm.

6 Conclusions

This article proposed the implementation of the
NSGA-II and MOPSO multi-objective optimization
algorithms to solve the problem of planning a micro-
grid that integrates different distributed generation re-
sources. After implementing each algorithm to the
proposed system, it was found that particular solu-
tions are reached for each, but with consistent results.
This is because the NSGA-II will have a more effi-
cient probability of system operation since it has a
lower PDE value; however, it results in higher up-
front investment being required as the total calculated
cost is higher for this algorithm. On the contrary, with
MOPSO the operation of the system has to be more
likely to be inefficiencies, but the initial investment
cost will low.
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Table 1: Optimized decision variable results
Algorithm PV panels Onshore Wind Offshore Wind Number of

[m?] Turbines [m?]  Turbines [m?]  Batteries
NSGA-II 157,0826 246,523 157,4642 23
MOPSO 100 262,1669 102,4032 22

Table 2: Objective function results 1.
Algorithm PV cost Wind Onshore Cost of Wind Battery Cost TOTAL COST

[$] Cost [$] Offshore [$] [$] [$]
NSGA-II 87927 163575 67715 123865 393740
MOPSO 55975 173955 80552 17596 328080

Table 3: Probability of excess or power deficit gener-
ated in the microgrids.

Pde
NSGA-II  0,2033
MOPSO 0,2199
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