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

Implementacion de un Algoritmo Evolutivo en la Planeacion de Inversiones de un Sistema
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, el
in a distribution power system, is a task that constantly faced by efecto que tienen los operadores evolutivos sobre el desempefio
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. éptimo.

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 t . . iiv th
best suits the needs of the present system and better results. That € mISSIon or the distribution power systems, IS primartly the

is why in the job, implementing a multi objective evolutionary POWer d_elivery, _ when requested and under technical
algorithm SPEA (Strength Pareto Evolutionary Algortithm), specifications defined by regulators(Bernal, 1998). To ensure
which, based on the principles of Pareto optimality, it deliver to that the distribution system to meet this objective, the utilities
the planning expert, the best solutions found in the optimization spends great amount of financial and human resources in
process. The perfor_mance of the algorithm is teste_d using a set Ofplanning processes of the system. This process is approached
projects to determine the best among the possible plans. Wefrom different perspectives or approaches: some focus on the
analyze also the effect of operators on the performance of . . . .
evolutionary algorithm and results: techr?lpal features_, others in determlnlng _app_ropnate
conditions of service, of course, all this considering the
Keywords: Evolutionary Algorithm, Distribution system environment and environmental conditions that affect the
planning, SPEA, Multi-objective  optimization, —optimal operation and performance of the system, but finally, pretend
investment plan comply with the delivery of the product under conditions set

L ] ] ) and looking for better returns for the utilities (Ferreira et al,
Resumen—ta definicion de un plan de inversiones a realizar 2001)

en un sistema de distribucion, es una tarea a la que In the last t d d th lectricit ket h b
constantemente se deben enfrentar las empresas de distribucion. n the last two decades, the electricity market has been

Este trabajo, presenta una metodologia para la determinacion affected by different factors, but most outstanding is the fact
del plan de inversiones en un sistema de distribucién, bajo unthat happened to be owned by the state to allow the entry of
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 cIiente@fﬁCiency and obviously, the financial results for those

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

se ejecutan anualmente sobre el sistema, la definicion de un IDIar'complexity of the distribution system and the primary goal
de inversiones requiere del uso de herramientas computacionales

que permitan evaluar, de un conjunto de posibilidades, la que a!rei_idy_mentloned’ has _forced the p'a_””'r?g process of the
mas se ajuste a las necesidades del sistema y mejores resultadglistribution goes from being developed intuitively and at the
presente. Es por esto que dentro del trabajo, se implementa undiscretion of expert, now developed using tools to ensure
algoritmo evolutivo multi objetivo SPEA (Strength Pareto compliance with the requirements and conditions that the
EvolutionaryAlgortithm), el cual, basado en los principios de market imposes, among them, the expected economic returns
optimalidad de Pareto, entregan al experto en planeacion, las and rates of service quality and energy demanded by end-user.

mejores soluc_lones halladas dentro del proceso de optlml_zamon, Proper planning of the distribution system, must have a
segun los objetivos planteados. El desempefio del algoritmo es

probado empleando un conjunto de proyectos, hasta determinar clearly defined horizon, integrating various aspects such as
investments required by the system, the costs of operating and
maintaining the optimal system design and estimate the long
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such as Branch and Bound (Boardman and Meckiff, 1988jd not necessarily convex, to ensure its operation, in aaditio
and others, by or mixed integer linear programming (Goénem working on Pareto fronts with discontinuities (Cogllo
and Foote, 1981). In addition, hybrid techniques have bezd06).
used or which contain the integration of search concepts with N
) ) ) . A. Pareto optimality

fuzzy techniques, as proposed in (Ramirez and Dominguez, ) i o ) ) )
2006). Since the late 90's, evolutionary algorithms have beerl roblems with multiple objectives, their main feature is not
used with good results, they present it as a promisingisol Naving a single solution, if not, a set of them, which are

technique to the problem of distribution planning, bath fldentlfled mainly by the fact that conflict in trylng to G'pize
problems single-objective and muIti-objectiveThe Multi-objective algorithms make use of the concept of so-

problems(Bernal, 1998; Ferreira et al, 2001; Khodr et &f!léd Edgeworth-Pareto optimality, which has been called
2009:Carreno et al, 2007; Diaz et al, 2002). Pareto optimal. This principle states that a solution israbt

In this paper, there is a methodology for defining tHIa no oth.er. §0Igtion to re.duce or improve any objective
optimal investment plan to be implemented in the distriputig!ithout diminishing other simultaneously (Coello, 2p@ge
system in the short term, doing a desk review, and then ud@grally defined below, the concepts of Pareto Optimality
multi objective evolutionary algorithm, which in this casais required for the implementation of Multi objective algorithms
SPEA (Strength Pareto Evolutionary Algorithm) (Zitzler anfC0€llo etal, 2007). .
Thiele, 1999), which optimizes the number of custome?d Pareto dominance: A vector u = (i, Uy, .., w)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 withQRY if uis partially less tham i.e., vi € {1,2, ...k}, <

implementation. This methodology defines the investmeht/\ 3t € {12, ... k}iw; <vi.

plan, which generates higher benefits for the distributidh Pareto Optimality: A solutionx € Qis 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 Il presents fhe€ (o 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), f(x), .., fi(x)).
methodology and the algorithm implemented. Then, Sectioh Pareto Optimal Set: For a given multi-objective
IV presents a description of the case study implement@toblemF(x), the Pareto optimal ggt*)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)}. (1)
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 g8t the Pareto frontPF*)is
2. MULTI-OBJECTIVE OPTIMIZATION USING defined as:
EVOLUTIONARY ALGORITHMS PF:={u=u=F) = (L&), (), ..., fi(x))|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 probteEm
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 Sl
iteration, evaluate and find a group of feasible solutioritkeo Optimal Set
optimization problem, thus achieving relatively easily find a i
set of solutions that satisfy the optimality conditiohsa onulti 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 Sohutions %

Objective Function 2

Pateto Front

Objective Funchion 1
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optimality for the case of a problem with two objectives.
Figure 1: Enlightenment concepts of Pareto Optimali

Seleciion of the circuits to intervene according
to technical criteria

B. Algorithm SPEA (Strength Pareto Evolutionary I
Algorithm) Selection of projects (o build |

In evolutionary algorithms based on concepts of Pareto ol
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. 281)2 Aorlicabion Gfmim;mign

wh

This algorithm differs from others of its kind, in thaj has [ | methodology for the project N
a population containing external non-dominated individuals,
which constitute the Pareto front of the current populatiyn, Em“““*g‘f-’i}:;‘-‘““ of the
The allocation of the fitness to the individuals, is made {7 I
according to the dominance of external population on 3 TR BT
individuals in the general population, c) All solutiongatved —

in the selection, without excluding any individual, and d) |
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). &

Essential part of the algorithm is the assignment of fitness ‘*‘p*’“"’a‘i‘“gﬁ”ﬂfﬂ;;*;“:;‘;";:;gfﬂ"t’ ;’;‘r’l'“"m”“ to
which is divided into two parts, depending on the popariat I
that is being assigned. In the case of the external population,
each solutiofy the external populatio®’is assigned a real
values; € [0,1), called the force (strength)f;Value is

M= number max of

| Pareto front with the best solutions ‘

EMD

assigned using the expression (3), whexeghe number of

individuals in the general populatiBwhich are dominated

byi.
f’ — e = (3) Figure 2: Flowchart of the implemented methodology.
t L N+1

] o ] ) ) ) Following completion of the pre-validation are chosen
The fitness of individualg belonging to populatio®, iy qiacts that are required more urgently then undergo a

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

(4)- procedure aims; achieve a higher level of service efficiency
and productivity of the system. Economic valuation shoeld b
fj =1+ Zi,lé}' Si» dondefj =[LN) (4) done according to the method of remuneration for the market
regulator power of the country concerned or the costs
3. IMPLEMENTED METHODOLOGY recognized by the commissioning of new assets, which, in
Maintain the distribution system in good conditionColombian case is CREG, who under the resolution 097 of
requires 2008, determined the costs recognized and useful life for new
to constantly invest economic resources, which obviousigsets installed in the distribution system (CREG 090820
are not unlimited. This reason generates the need for &epending on the scenario being evaluated, it may be
methodology to determine which of the works to make in tiecessary financial projections and economic feasibility
system have a greater impact in terms of cost benefitamalysis of projects, to complement the financial analysis, but
customers or another aspect. In, we can see the flow chartiigg implementation is not required, given that the planning
evaluation of the investment plan of a distribution systeorizon is one year.
This methodology, start identifying system requiremerdsif ~ Having completed the selection of projects to be
the technical point of view tailored to the practices argpnsidered in the planning process, is executed on multi-
policies of the utilities. For this, operating criteria arecuas objective algorithm SPEA implemented to define the optimal
limits of chargeability of circuits, maintenance criteria anivestment 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.
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by offspring, and ¢) random mutation.

I 4. CASE STUDY

Lamiog d;za it The Table 1, display the thirty projects to be considered
e T P e A in the investment plan, indicating the cost and benefit
the empty external population customers.
o
G=0, N = maximum population external and . . . .
definltion of algorithm parameters and Table 1. List of projects analyzed in the investtan.
oparators
&
Copy non-dominated individuals 1o external Project Cost Mumber of
population and sliminales those that are ol : 3
coverad by other individuals within the same Number [Million Client Project Type
population usD] Benefits
i 0,104 341 Safe Conditions
2 0,080 443 System Reliability
| No Foxdertia ol ey Ushon 3 0,105 607 |PowerDemand Growt
1 theough clustering = e
Calculate the fitress of the 4 0,062 e Quality of Supply
WO popuiations 5 0,025 624 Power Demand Growth
G=GH ah 6 0,018 923 Power Demand Growth
' 7 0,030 394 Power Demand Growth
3 0,046 700 Power Demand Growth
9 0,102 608 Quality of Supply
10 0,109 313 Power Demand Growth
11 0,024 659 System Reliability
12 0,107 983 System Reliability
13 0,104 984 Safe Conditions
14 0,039 546 Power Demand Growth
== 15 0,083 22 Quality of Supply
‘ Frint pa'n o | 16 0,101 527 Power Demand Growth
7 0,064 833 Power Demand Growt
18 0,037 861 System Reliability
15 0,039 765 Safe Conditions
Figure 3: Flow chart of the SPEA algorithm implertesh 20 0.079 510 system Reliability
21 0,067 438 System Reliability
The SPEA implemented, after loading the projects data, 22 0,018 699 Poviar Damand Grawth
creates a random initial population and external population 23 0,101 929 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 % 0,029 320 |Power Demand Growth
individuals can only assume values 1 or 0, indicating that 27 6,052 656 |System Reliability
i H 3,0k Pow i At
those genes that have value 1, representing the projects 22 Egzs ::2 Sof”‘f:rDZTa”d il
included in the investment plan and which are assigned as 0, i S
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 using
population, is assess the dominance of individuals in thigferent criteria, depending on system needs.
general population, copying the non-dominated individuals For the selection of projects considered in the plan to
within the external population, which will contain the Paretoptimize within this work, were taken as basic selection
front resulting from the optimization process. If the nemif parameters: the needs generated by growth in demand,
individuals who possess the external population, exceeds phgjects to improve system reliability, power quality and
value N (maximum number of individuals in the externamprove safe condition of electrical networks. Using these
population), is run an external population reduction by theiteria, thirty projects have been identified located in three
technique of Fuzzy C-Means clustering. Fitness is theunbstations that provide power service in the city of Medellin
calculated from both populations, consistent with the concepisd have been evaluated in accordance with the methodology
defined in Section Il of this paper. proposed. The cost of the projects is between 0,018 and 0,111
The genetic operators defined for this algorithm are: mjillion USD and has estimated a range of clients benefiting
selection by tournament, b) Cross-homogeneous, whigbm its implementation between 300 and 1000 clients.
guarantees that the best characteristics of parents are inherited
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5. RESULTS AND DISCUSSION
The tests performed with the algorithm implemented in th- DI ———
present study, it focused on trying to identify the effefct ¢ 1444 : v : ! ——
genetic operators on the performance and results of t — L E i . . 5
optimization process, as well as verify their proper evolytior 1 * ;
convergence and process results. e TG Seaaiit: e i S e S
In order to assess the effect of population size on th wattf i **D*
performance of the algorithm, some tests were performed o 40t s *** * %m_, :
which the mutation is held constant and varying the sizeeof ti 3 : : P Y
population, é 0,889 F e o : * aq;* A S
The Table 2 presents a summary of the tests and t=o7sf ooy k0% :
runtime of the algorithm. As can be seen, although there is  oserf oo *g*g@
increase in execution time depending on the size of ti el ** Pt F (-
population, the increase is negligible considering that it | : * op :
working on a process that takes seconds to reach converger **[~ e * B e e
0,333 i 1 I L L L
Table2: Test results with constant mutation ande/aiariable population. L & é?ggt Beﬁg?ﬁf-, iR e e
POPULATION | MUTATION | RUNTIME _ o ‘ _ _
SIZE (%) (%) Figure4: Graphic illustration of ?nedazll%onthm pmrhance, generations 1, 5
50 10 14,9 '
80 10 16,79 Analyzing the overall results of the optimization process
100 10 19,61 and Figures 4 and 5 can be said that although the algorithm is
150 10 18,01 allowed to continue running to the thirty generation witho
200 10 17,71 applying another iteration convergence criterion different

from the limit of generations, the convergence achieved

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

population size and varying the value of the mutation. | ALGORITHM PERFORMANCE - GENERATION 30

evidence that changes in mutation do not have a significa 1222 ; . ; . ;
impact on runtime. Y s s * |
Table3: Test results with value constant populagind variable mutation. 1000+ i *-
POPULATION | MUTATION | RUNTIME peee DU AU T S 0 Wi

SIZE (%) (%) o : : : ‘ : :
150 20 17,61 gum_ .......................................... 5C. 25 VNP SRR O
150 10 15,59 el R g e ta froangs i S

150 5 17,57 = - i iy g -
DA b e -
By validating the little effect of mutation and population | wyEg 2 = L & g 0§ |

size on the execution time, it checked the results obtaine * : : : : : f :
during testing, to determine approximately, in the generatio > 355 55— 1 5 5 i s
what convergence was achieved. Client Benefits o

In the Figure 4 evolving illustrates the Pareto front of on
of the tests, pIottingthe generation one, five and ten.rEilju Figure 5: Graphic illustration of the algorithm fe¥mance, 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 how

not achieved substantial improvements in the Pareto fréffgServing the diversity of the population throughout the
movement. process. This is possible thanks to the method of popnlati

reduction by external grouping procedure under the Fuzzy C-
Means technique.

In Figure 6, is plotted the Pareto front achieved by running
the algorithm with a mutation of 10% and a population5if 1
individuals. These results represent the Pareto optimal front
found, however, cannot say that this is the global optimatim
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the problem, considering that evolutionary algorithms db ndependent on the impact of projects.
guarantee it. Complementary and for examination, Table 4By analyzing carefully the results reflected in Table 4
contains the details of the solutions plotted in Figure 6.

ALGORITHM PERFORMANCE - GENERATION 30

1,222

=2
(=]
-
"]
T

Million USD

0444

0,333

08

T ; ! ! ; ! J T x
: : : : : *
2 : : : sk
1,000 Ferorersiorrnrns b e i _
i 3
R ; ‘
,,,,,,,
* ik : : : : :
L L L I L I ! I
07 0.8 0.9 1 14 1.2 1.3 1.4 1.5
Client Benefits x1a*

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

150 solutions.

Table 4: Results Pareto front obtained with thénagltplan.

Project
Plan 1 |Plan 2 |Plan 3 |Plaon4 |Plan 5 |Plané |Plan 7 |Plan 8 |Plan 9

Number
1 1 5] G ] 0 G O 0 0
Z 1 0 0 0 a k1 0 [t} i
3 0 4] G 1] ] 0 L] 0 0
4 0 0 i 0 1 1 0 1 i
5 1 1 1 1 1 1 O i 1
6 1 1 1 1 i ¥ E 14 i
7 1 1 15 1 1 1 1 0 1
8 1 1 1 1 1 1 I 1 i
3 0 1 o 0 0] 1 1] 0 0
10 0 0 0 0 0 0 0 ] 0
11 1 1 5] 1 1 1 1 i 1
12 1 1 1 0 0 1 0 1 i
13 1 1 G 3 | o] 1 L] i i
14 1 i 1 1 1 p! 1 5 i
15 1 5] 15 0 0 G 1 0 1
16 1 1 0 1 0 & 0 0] i
17 1 1 5] 0 2k I: ¥ ¥ 0
18 1 i 1 1 1 1 I 1 i
15 1 1 1 ] 1 1 1 i 1
20 0 0 0 0 i 2 0 t] 0
21 1 5] o 0 0 G O 0 0
22 1 i 1 1 1 1 I 1 i
23 3 1 ] ] 2k 1 1] 1] i
24 0 1 0 0 0 0 0 0 0
25 0 5] 0 o] ] o O 0 0
20 1 0 1 1 1 1 0 5 i
27 21 1 G A 2l 1 0 4 i
28 1 0 0 0 0 0 0 0 i
29 1 1 1 1 1 G O i 1
30 1 1 1 0 0 0  ; [t} o

Cost [Million

usp) 1,202 | 0,999 | 0,383 | 0,547 | 0,748 | 1,138 | 0,379 | 0,620 | 1,028

Number of

14484 | 13170 | 7186 | 9058 | 11285 | 14122 | 6808 | 9910 | 13418

Client Benefits

shows how some projects are included in most plans found in
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 cost is
low and the number of customers benefit is high. Those

projects that are not included in some plans within the Pareto
front, are characterized, by having a cost / benefit low due to

high costs and low impact in terms of customer benefit.

6. FUTUREWORK

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

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

7. CONCLUSIONS

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

After presenting the results and discussion highlighés th
following findings:

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

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

It can be seen that solutions are found costs between 0,88dsidering that this value yielded the best results.
and 1,2 million USD, and customers benefiting between 6000The implementation of the clustering technique to reduce

and 14500, obviously the number of customers is hightye external population is beneficial to ensure that individuals
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of this population to maintain diversity, thus ensurihgt it

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

has solutions that adequately represent the Pareto front andctomputanon — How to Make it Work,” TransmissiondaBistribution

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