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Implementation of an evolutionary algorithm in planning investment ir
power distribution system.

Implementacién de un Algoritmo Evolutivo en la Planeacion de Inversiones de un Sis
de Distribucion de Energia.

C. A. Garcia Montoya S. Mendoza Toro

Abstract— The definition of an investment plan to implement los mejores planes de entre los posibles. Se analiza ademas,
in a distribution power system, is a task that constantly faced by efecto que tienen los operadores evolutivos sobre el desempef
utilities. This work presents a methodology for determining the del algoritmo y los resultados del mismo.
investment plan for a distribution power system under a short- Palabras clave: Algoritmos Evolutivos, Planeacion de sistemas
term, using as a criterion for evaluating investment projects, de Distribucion, Optimizacion Multi objetivo, Plan de inversiones
associated costs and customers benefit from its implementation.6ptimo.

Given the number of projects carried out annually on the system,
the definition of an investment plan requires the use of |. INTRODUCTION

computational tools to evaluate, a set of possibilities, the one that_l_h . f the distributi . . v t
best suits the needs of the present system and better results. That e mission of the distribution power systems, is primarily t

is why in the job, implementing a multi objective evolutionary Power delivery, when requested and under techni
algorithm SPEA (Strength Pareto Evolutionary Algortithm), specifications defined by regulators(Bernal, 1998). To ens
which, based on the principles of Pareto optimality, it deliver to that the distribution system to meet this objective, the utiliti
the planning expert, the best solutions found in the optimization spends great amount of financial and human resource:
process. The perfor_mance of the algorithm is teste_d using a set Ofplanning processes of the system. This process is approa
projects to determine the best among the possible plans. We1‘rom different perspectives or approaches: some focus on
analyze also the effect of operators on the performance of . . . .
evolutionary algorithm and results: technical features, others in determining approprie
conditions of service, of course, all this considering t

Keywords: Evolutionary Algorithm, Distribution system environment and environmental conditions that affect t
planning, SPEA, Multi-objective  optimization, optimal operation and performance of the system, but finally, prete
investment plan comply with the delivery of the product under conditions s

L ) ) ) and looking for better returns for the utilities (Ferreira et :
Resumen—ta definicién de un plan de inversiones a realizar 2001)

en un sistema de distribucién, es una tarea a la que

constantemente se deben enfrentar las empresas de distribucion. In the Iast_ two decades, the electricity market.has be
Este trabajo, presenta una metodologia para la determinacion affected by different factors, but most outstanding is the f

del plan de inversiones en un sistema de distribucién, bajo unthat happened to be owned by the state to allow the entr
horizonte de corto plazo, empleando como criterio de evaluacién private investors, forcing it to improve performance
de los proyectos de inversion: los costos asociados y los clientasfficiency and obviously, the financial results for thos

beneficiados con su ejecucion. Dada la cantidad de proyectos quenyolved in the business. This situation, coupled with t

se gjecutan anualmgnte sobre el sistema, .Ia definicién de un plancomplexity of the distribution system and the primary go
de inversiones requiere del uso de herramientas computacionales

que permitan evaluar, de un conjunto de posibilidades, la que &réady mentioned, has forced the planning process of
mas se ajuste a las necesidades del sistema y mejores resultadéstribution goes from being developed intuitively and at t
presente. Es por esto que dentro del trabajo, se implementa undiscretion of expert, now developed using tools to ens
algoritmo evolutivo multi objetivo SPEA (Strength Pareto compliance with the requirements and conditions that
EvolutionaryAlgortithm), el cual, basado en los principios de market imposes, among them, the expected economic ret
optimalidad de Pareto, entregan al experto en planeacion, 1as gnd rates of service quality and energy demanded by end-

mejor luciones hall ntr | pr imizacion . L
ejores soluciones ha adas dentro del p oceso de opti zacion, Proper planning of the distribution system, must have
segun los objetivos planteados. El desempefio del algoritmo es

probado empleando un conjunto de proyectos, hasta determinar Cl€@rly defined horizon, integrating various aspects such
investments required by the system, the costs of operating
\Carlos Andrés Garcia Montova. iswith Area Distribucion Eléctrica Cent maintaining the optimal system design and estimate the |
arios Andres Garcia iiontoya Iswi rea Distripucion electrica Centro Ot{ s el

Empresas Publicas de Medellin, and iscandidateto Magister Engineering o erm needs and characteristics of the load Served(Khator
Universidad de Antioquia, Medellin, Antioquia, Colombia (e-mail: Leung, 1997; Fletcher and Strunz, 2007,).

carlos.garcia.montoya@epm.com).co Different approaches and techniques have been propc
2Steiner Mendoza Toro iswith Area Distribucion Eléctrica Centro of Empresgsy solving the problem of planning; starting with linearize

Publicas de Medellin, (e-mail: steiner.mendoza@epm.com.co). . . . .
( @ep ) models and other nonlinear solved using classical technig
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such as Branch and Bound (Boardman and Meckiff, 1988phd not necessarily convex, to ensure its operation, in auddi

and others, by or mixed integer linear programming (Gonem working on Pareto fronts with discontinuities (Cogll

and Foote, 1981). In addition, hybrid techniques have bezd06).

used or which contain the integration of search concepts with T
. . . . A. Pareto optimality

fuzzy techniques, as proposed in (Ramirez and Dominguez, ) i o ) ) ]

2006). Since the late 90's, evolutionary algorithms have beerf roPlems with multiple objectives, their main feature is n

used with good results, they present it as a promisingienl 12Ving a single solution, if not, a set of them, which a
technique to the problem of distribution planning, bath ¢ identified mainly by the fact that conflict in trying to opize.

problems single-objective and multi-objectiveThe Multi-objective algorithms make use of the concept of ¢

problems(Bernal, 1998; Ferreira et al, 2001; Khodr et &flled Edgeworth-Pareto optimality, which has been called
2009:Carreno et al, 2007; Diaz et al, 2002). Eareto optimal. Thls principle states t.hat a solution |sr.mbt.

In this paper, there is a methodology for defining tHg NO other solution to reduce or improve any objecti
optimal investment plan to be implemented in the distriputigVithout diminishing other simultaneously (Coello, 2@ge
system in the short term, doing a desk review, and then ud@g1lly defined below, the concepts of Pareto Optimall
multi objective evolutionary algorithm, which in this caseis 'éauired for the implementation of Multi objective algorithrr
SPEA (Strength Pareto Evolutionary Algorithm) (Zitzler anfCoello etal, 2007)'. )
Thiele, 1999), which optimizes the number of customefd Pareto dominance: A vector u = (i, Uy, ..., Uk )is
benefit from implementing the investment plan, the costs offid 0 dominatev = (vy, v,, ..., v, )(denoted < v)if and
and the improvements achieved technical and service withQfy if uis partially less than ie. vi € {1,2,.., k}u; <
implementation. This methodology defines the investmeft/\ 3¢ € {12, k}u <wvi.

plan, which generates higher benefits for the distributi Pareto Optimality: A solutionx € (is referred to as
company and its customers. Pareto optimal with respect Qd and only if there is no

The paper is organized as follows: Section II presents the€ or whichw = F(x') =

fundamentals of evolutionary algorithms, with emphasis & (), fo(x), ..., fie(x'))dominates = F (x) =
the algorithm used (SPEA), section Il details th&fi(x), f2(x), .., fi ().
methodology and the algorithm implemented. Then, Sectieh Pareto Optimal Set: For a given multi-objective
IV presents a description of the case study implement@ipblemF (x), the Pareto optimal gét")is defined as:
moreover, results and discussion, it presents the performance
results obtained with the implementation and finally Section V P*:={x € Q!=3x' € Q: F(x') < F(x)}. @
and VI present future work and cite conclusions of the
study,respectively. d) Pareto Front: For a given multi-objective problem
F(x)and Pareto optimal g2t the Pareto frontPF*)is
2. MULTI-OBJECTIVE OPTIMIZATION USING defined as:
EVOLUTIONARY ALGORITHMS PF:={u= u=F(x) = (fi(x), LX), o, i () |x € P*}.

Evolutionary algorithms are inspired primarily on the 2)
theory of Darwinian natural selection, is therefore that
operators have characteristic of this theory, such as: &
reproduction, competition, random mutation and selection. In
general, the algorithm operates by running the operators
mentioned in a population, which exists only within an
iteration of the algorithm (Rivas et al, 2007).

Different techniques have been developed to solve
optimization problems with more than one goal. However,
many of them have limitations in trying to solve a probtEm
this nature. For example, techniques that require evaluating
differentiable objective functions and constraints to operate
properly. Additionally, many only work with a single stibn,
making it difficult, obtaining an optimal Pareto front.
Evolutionary algorithms have the property, within a single i
iteration, evaluate and find a group of feasible solutiortego Optimal Set
optimization problem, thus achieving relatively easily find a i
set of solutions that satisfy the optimality conditiohg enulti 0 . .
problem objective and does not require knowing if the 0
evaluated functions are differentiable or not. This allows
theevolutionary algorithm, it work in complex solutiorasps lllustratively, in Figure 1.is illustrated the Pareto cona#pt

Dominated Solutions %

Objective Function 2

Pareto Front

/

Objective Function 1
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IMPLEMENTATION OF AN EVOLUTIONARY ALGORITHM IN PLANNING INVESTMENT IN A POWER DISTRIBUTION SYSTEM

optimality for the case of a problem with two objectives.
Figure 1: Enlightenment concepts of Pareto Optimali
Selection of the circuits to intervene according
to technical criteria

B. Algorithm SPEA (Strength Pareto Evolutionary L
Algorithm) Selection of projects o bulld |

EN = rirmber af p.'ujr‘.c:‘sj

In evolutionary algorithms based on concepts of Pareto
optimality, one of the most outstanding for its good
performance is the SPEA (Coello et al, 2007), which was

proposed by Zitzler and Thiele in (Zitzler, 1999, pp. 231)2 Aoplication of opimal desion
This algorithm differs from others of its kind, in thaj has [ *| methodolagy for the projact N

a population containing external non-dominated individuals, 1

which constitute the Pareto front of the current populatiyn, Em""““’“pr’;';glf‘" of the

The allocation of the fithess to the individuals, is made AP I

according to the dominance of external population on L B oot

individuals in the general population, c) All solutiongatved "

in the selection, without excluding any individual, and ) |
uses a clustering method to reduce the size of the externa
population, and with it also ensures the diversity of the
population. For the implemented algorithm, has been used the
method clustering Fuzzy C-means (Rui and Wunsch, 2005). L

Essential part of the algorithm is the assignment of fitness Ap"“w‘”"g;”;:lfzbaj‘fﬁ’;";:;gﬂ:n’;‘;gﬁ"’"‘“"'“*d to
which is divided into two parts, depending on the poputat : 1
that is being assigned. In the case of the external population
each solutioiy the external populatio®’is assigned a real
values; € [0,1), called the force (strength)f;Value is

M= numbar max of

‘ Pareto front with the best solutions J

EMD

assigned using the expression (3), wherghe number of
individuals in the general populatiBwhich are dominated
byi.
n i : i
fi =5 =— (3) Figure 2: Flowchart of the implemented methodology.

N+1
) S ] ] ) ) Following completion of the pre-validation are chose
The fitness of individualg belonging to populatio®, is projects that are required more urgently then undergc

calculated by adding the force (strength) of all individuals |f},cess of optimal design of distribution networks octieck
the populatioR’ that dominatg as specified in the expressionne technical conditions of the proposed project. Tt

(4). procedure aims; achieve a higher level of service efficier
and productivity of the system. Economic valuation shoeld
fi=1+ Zi,i?j si, dondef; = [1,N) (4) done according to the method of remuneration for the mar
regulator power of the country concerned or the co
3. IMPLEMENTED METHODOLOGY recognized by the commissioning of new assets, which,
Maintain the distribution system in good conditionColombian case is CREG, who under the resolution 097
requires 2008, determined the costs recognized and useful life for r
to constantly invest economic resources, which obviougigsets installed in the distribution system (CREG 09080
are not unlimited. This reason generates the need for &Depending on the scenario being evaluated, it may
methodology to determine which of the works to make in tiecessary financial projections and economic feasibil
system have a greater impact in terms of cost benefitaaalysis of projects, to complement the financial analysis,
customers or another aspect. In, we can see the flow charthiég implementation is not required, given that the planni
evaluation of the investment plan of a distribution systeforizon is one year.
This methodology, start identifying system requiremerdsf Having completed the selection of projects to
the technical point of view tailored to the practices argpnsidered in the planning process, is executed on m
policies of the utilities. For this, operating criteria aredias objective algorithm SPEA implemented to define the optirr
limits of chargeability of circuits, maintenance criteria anighvestment plan under the defined criteria.
technical feasibility assessment that require projects to be
considered within the plan. Figure 3. Shows the flow chart of the multi-objective
algorithm implemented, which details how it operates.

1 20 REVISTA INGENIERIA E INVESTIGACION Vol. 31 No. Suplemento No. 2 (SICEL 2011) OCTUBRE DE 2011 (118-124)
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by offspring, and c) random mutation.

1 4. CASE STUDY

| Loading et projects | The Table 1, display the thirty projects to be consider
in the investment plan, indicating the cost and bene

| Creating the initial population and creation of

the empty external population customers.
G=10, N = maximum population extemal and
definltion of algarithm parameters and Table 1. List of projects analyzed in the investtygan.
oparators
i3
S epaion s Skt b Y e project |8 oot
cnt):‘rad by other individuals :nithin me-sm:ne Number [Million Client Project Type
population usD] Benefits
1 0,104 341 Safe Conditions
2 0,060 443 Systemn Reliability
Na Ener?::ﬁ?;ﬁﬁ:?&i?m 3 0,105 507 2gwer Demand Growth
Calculate ﬂmﬁmess aof the s 062 e Quality of Supply
two popuiations 5 0,025 624 Dower Demand Growth
Eﬂ J & 0,018 923 Power Demand Growth
7 0,030 394 2gwer Demand Growth
3 0,046 700 Power Demand Growth
9 0,102 608 Quality of Supply
10 0,109 313 Power Demand Growth
11 0,024 633 System Reliability
12 0,107 983 System Reliability
13 0,104 984 Safe Conditions
14 0,039 646 Power Demand Growth
15 0,063 22 Quality of supply
| Print pam front | 1 0,101 927 Power Demand Growth
17 0,064 839 2gwer Demand Growth
18 0,037 861 System Reliability
19 0,039 765 Safe Conditions
Figure 3: Flow chart of the SPEA algorithm implertszh a0 0,079 510 System Reliability
21 0,067 438 System Reliability
The SPEA implemented, after loading the projects data, 22 0,018 599 Power Defrand Growih
creates a random initial population and external population 23 0,101 329 Safe Conditions
required by the algorithm. The individuals comprising the 24 0,068 308 Quality of Supply
population are composed by M projects. Since the encoding 25 0,083 374 Quality of Supply
used in the model is binary, each of the genes that make 26 0,023 320 Power Demand Growth
individuals can only assume values 1 or 0, indicating that & D2 o (ystemidichobiliey;
those genes that have value 1, representing the projects — 2 0,049 3. \Peler Denahd S
. . . . . 29 0,024 665 Safe Conditions
included in the investment plan and which are assigned as 0, = -
30 0,078 885 Quality of Supply

will not be considered within it. Once defined the parameters
of the algorithm, the initial population and the external The distribution systems planning can be run usi
population, is assess the dominance of individuals in thi¢ferent criteria, depending on system needs.
general population, copying the non-dominated individuals For the selection of projects considered in the plan
within the external population, which will contain the Paretoptimize within this work, were taken as basic selecti
front resulting from the optimization process. If the nembf parameters: the needs generated by growth in dem:
individuals who possess the external population, exceeds thejects to improve system reliability, power quality ar
value N (maximum number of individuals in the externaprove safe condition of electrical networks. Using the
population), is run an external population reduction by theiteria, thirty projects have been identified located in thr
techniqgue of Fuzzy C-Means clustering. Fitness is thenbstations that provide power service in the city of Medell
calculated from both populations, consistent with the concepisd have been evaluated in accordance with the methodo
defined in Section Il of this paper. proposed. The cost of the projects is between 0,018 and 0
The genetic operators defined for this algorithm are: mjllion USD and has estimated a range of clients benefit
selection by tournament, b) Cross-homogeneous, whigbm its implementation between 300 and 1000 clients.
guarantees that the best characteristics of parents are inherited

REVISTA INGENIERIA E INVESTIGACION Vol. 31 No. Suplemento No. 2 (SICEL 2011) OCTUBRE DE 2011 (118-124) 121



IMPLEMENTATION OF AN EVOLUTIONARY ALGORITHM IN PLANNING INVESTMENT IN A POWER DISTRIBUTION SYSTEM

5. RESULTS AND DISCUSSION

The tests performed with the algorithm implemented in th-
. . . . ALGORITHM PERFORMANCE - GENERATION 1,6Y 10

present study, it focused on trying to identify the effect ¢ 1444 : : : : —y
genetic operators on the performance and results of t ' : ; ; :
optimization process, as well as verify their proper evolutior
convergence and process results. : ; :

In order to assess the effect of population size ON th  natrf i b :
performance of the algorithm, some tests were performed o ;.. -
which the mutation is held constant and varying the sizeeof tI : *
population. :

The Table 2 presents a summary of the tests and tE'”?B"“"“'_E ‘
runtime of the algorithm. As can be seen, although there is — aesz} oo
increase in execution time depending on the size of tl

PR

0,889 oo R

population, the increase is negligible considering that it | nee :
working on a process that takes seconds to reach converger **" "t 1
0,333 i * i i i i
Table2: Test results with constant mutation andeahriable population. s R M é?iﬂtse:]iﬁg L
POPULATION | MUTATION | RUNTIME Fiured: Granhic il o of the alcorih el

SIZE (%) (%) igure4: Graphic illustration o ;:dal%c.)rlt m parhance, generations 1, 5
50 10 14,9
80 10 16,79 Analyzing the overall results of the optimization proce
100 10 19,61 and Figures 4 and 5 can be said that although the algorithi
150 10 18,01 allowed to continue running to the thirty generation witho
200 10 17,71 applying another iteration convergence criterion differe

from the limit of generations, the convergence achiev

The Table 3 summarizes the tests, leaving a const@RProximately on ten iterations.

population size and varying the value of the mutation. | AL GORITHM PEREORMANCE - GENERATIGN 30

evidence that changes in mutation do not have a significa 1222 w 1 : ! ! ‘ ‘ 1
impact on runtime. Y . s * N
Table3: Test results with value constant populasiod variable mutation. B e e s *—
POPULATION | MUTATION | RUNTIME 58 L s s s s . ik i 2]

SIZE (%) (%) o 2 B A
150 20 17,61 §Df77“"' e T Sl T T e S
150 10 15,59 s s G G S e i

150 5 17,57 2 TN .
150 3 17,11 0,556 ooreeriiin i
O Lo T -
By validating the little effect of mutation and population o ® g = & i & g 3 |

size on the execution time, it checked the results obtaine * ; : ; ; j ;

during testing, to determine approximately, in the generatio D'mDB = s ¥ 5 53 a3k
what convergence was achieved. Client Benefits «10°

In the Figure 4 evolving illustrates the Pareto front of on
of the tests, plottingthe generation one, five and ten.r&igu Figure 5: Graphic illustration of the algorithm feemance, generation 30.
presents the results of the iteration 30, as shown by
comparison with Figure 4, once the iteration ten is overcome,Another important element to note, is that it can see h

not achieved substantial improvements in the Pareto fréf€Serving the diversity of the population throughout t
movement. process. This is possible thanks to the method of popnla

reduction by external grouping procedure under the Fuzzy
Means technique.

In Figure 6, is plotted the Pareto front achieved by runni
the algorithm with a mutation of 10% and a population&f 1
individuals. These results represent the Pareto optimal fr
found, however, cannot say that this is the global optiratim

122 REVISTA INGENIERIA E INVESTIGACION Vol. 31 No. Suplemento No. 2 (SICEL 2011) OCTUBRE DE 2011 (118-124)
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the problem, considering that evolutionary algorithms do ndependent on the impact of projects.
guarantee it. Complementary and for examination, Table 4By analyzing carefully the results reflected in Table
contains the details of the solutions plotted in Figure 6.

ALGORITHM PERFORMANCE - GENERATION 30

1,222

T

1,000 Fooveeeions oo s

=2
]
&
]

Million USD

0778

0,556+ voen e

0,444 [ o aiiadiiia ;

I
*

0,333

Figure6: Pareto front obtained with mutation of 1@% a population of

150 solutions.

L
1.1

Client Benefits

Table 4: Results Pareto front obtained with thénagltplan.

Project
Plan 1 |Plan2 |Plan 3 |Plan 4 Plan 5 |Plan 6 |Plan 7 |Plan 8 (Plan 9
Number
1 3 C 5 i) o C ] i 0
2 1 0 0 0 1 1 0 8] 1
3 0 o G a 0 4] 2] 1] 0
4 1] 0 0 0 1 1 0 1 1
5 1 1 £l i 1 kL 2] T i
6 1 1 1 1 1 1 1 1 1
7 el 1 G i 1 k. 1 1] i
8 1 A 1 1 1 1 1 1 1
9 0 i G 0 0 1 0 0 0
10 0 0 0 0 0 0 0 0 0
11 1 1 G 1 1 1 1 1 1
12 1 i 1 0 0 1 0 1 i
13 1 1 ¢ 1 0 1 O 1 1
14 1 i 1 1 1 i i 0 i
15 1 0 G o] 4] 0 1 0 1
16 1 i 0 1 0 1 0 0 i
17 1 1 G 1] 1 1 1 1 0
13 1 i it 1 1 1 1 14 i
13 1 1 1 o] 1 1 1 1 1
20 0 0 0 0 ] 1 0 0 0
21 1 C G 0 o C o 0 0
22 1 1 1 1 1 1 1 1 1
23 3 i G a 1 1 ] 1] i
24 o 3 0 5] 0 0 o 1] 0
25 0 o G a o 4 2] i} 0
26 1 0 1 1 1 1 0 0 1
27 3 1 G i 2] kL 2] T i
28 1 0 0 0 0 0 0 1] 1
25 1 i £l i 1 4 0 £ 3 i
30 1 1 1 0 0 0 1 8] a
Cost [Milfion
1,202 | 0,999 | 0,383 | 0,547 | 0,748 | 1,138 | 0,379 | 0,620 | 1,028
uso]
Number of
% " 14484 | 13170 | 7186 | 9058 | 11285 | 14122 | 6808 | 9910 | 13418
Client Benefits

shows how some projects are included in most plans foun
the Pareto front. This is the case of projects 5 to 7,4,118,
19, 22 and 29, these have in common the fact that its co:
low and the number of customers benefit is high. Thc
projects that are not included in some plans within the Par
front, are characterized, by having a cost / benefit low due
high costs and low impact in terms of customer benefit.

6. FUTUREWORK

The methodology implemented has a sequential order
terms of optimization, which may be associated with mul
level optimization technique. This approach could be usec
solve the planning model holistically, considering the pobl
of optimal design as the maximum level or leader and |
investment planning optimization such as low or subording
this raises the possible elements for implementing a techni
bi-level, on which work continues.

Moreover, within this work have been seen as object
function the cost of the investment plan and benefit custom
Work continues on the implementation of the algorithr
required to optimize other objective functions, depending
the scenario that may arise. Among them may be conside
useful for the utilities, optimize plan considering the ener
supplied, indicators of quality of service or power qualit
among others.

7. CONCLUSIONS

In this paper, it has implemented a multi-objectiv
evolutionary algorithm for the investment planning of
distribution system having as objective functions: the obst
the investment plan and the customers benefit.

After presenting the results and discussion highlighs
following findings:

The algorithm implemented, it shown as an efficient a
useful for decision-making tool, when necessary to define
investment plan to make in a distribution system. With
implementation, is given to the planning expert, sufficie
detail and elements to define an investment plan in the sl
term, whose main objective is the cost benefit to the custon
considering that achieves a positive impact on this pov
quality.

After exploring different evolutionary operators that affe
the performance of the algorithm, it appears that despite tf
influence the execution time, its effect is negligible
considering that the runtime is running in seconds. Howev
one must take into account the effect of mutation on f
diversity of individuals and the convergence of the algoritf
by which, after various tests, we recommend the use o
mutation of 10% and a population 150 individual

It can be seen that solutions are found costs between 0,83dsidering that this value yielded the best results.
and 1,2 million USD, and customers benefiting between 6000The implementation of the clustering technique to redv
and 14500, obviously the number of customers is highlye external population is beneficial to ensure that individu

REVISTA INGENIERIA E INVESTIGACION Vol. 31 No. Suplemento No. 2 (SICEL 2011) OCTUBRE DE 2011 (118-124) 1 23



IMPLEMENTATION OF AN EVOLUTIONARY ALGORITHM IN PLANNING INVESTMENT IN A POWER DISTRIBUTION SYSTEM

of this population to maintain diversity, thus ensurthgt it

Barruncho, L. M. F; “Optimal Distribution Planninigy Evolutionary

has solutions that adequately represent the Pareto front andgomputation — How to Make it Work," TransmissiondaDistribution

not focus on sectors front-specific, since the front
discontinuous due to the characteristics of the problem.
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