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Abstract — The use of the Evolutionary Computation (EC)
grew in interest recently. Among various Evolutionay
Computation approaches, Genetic Algorithm (GA) andParticle
Swarm Optimization (PSO) are used in optimization poblems;
they have much in common but also have some differees. This
paper presents a decision support tool based on Rale Swarm
Optimization Technique (PSO) and Genetic AlgorithmTechnique
(GA). This tool is applied to electrical power sysim restoration
after an incident. The operator support systems phka an
important role in a performance of the complex proess involving
decision-making problems of combinatory nature. Thaechniques
are based on the change of system functional corfigtion and
consist in the use of the maximization of power deamd supplied
and minimization of the number switched lines. Thes techniques
also avoid the overload of system lines. A case dyuis introduced.

I ndex Terms—Artificial Intelligence, Evolutionary
Computation, Genetic Algorithm, Particle Swarm Optimization,
Power System Restoration, Swarm Intelligence.

|. INTRODUCTION

LECTRICAL Power Systems have presented a naturd

growth due to the increase in demand and consumpfio
electrical energy. The development of the systaresses the
complexity of its supervision, control, and enerdgmand
supply management [1-3]. The possibility of faudteng the
line is inherent to the system or even greatertduge rise in
electrical system complexity and natural factor. [Lhus,
after fault occurrences, it is extremely importahat the
electric power system restoration be quick to gutae the
power demand supply and the customer’s satisfagtichi.
The restoration is the process of changing the /ofosed
status of switches, loss reduction, load balanciagd
restoration [6]. New technologies have been deveslaggming
at the operation of energy transmission and digtioh
systems in large scale. These are related mairdytimmation,
protection, control, and support of operators systen critical
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situations. New technologies targets computatiotiaie
efficiency, and are supplied with a certain degrek
intelligence implemented through techniques th&irgeto the
Artificial Intelligence area, such as Genetic Aligoms-GA
[7,8, 9] and Particle Swarm Optimization-PSO [10,1P].

This paper compares the application of PSO and &Ama
optimization technique to the restoration schemes d&
distribution system. Reconfiguration for restoratids a
combinatorial problem involving the searching ofemormous
space of solutions. The target reconfiguration is
optimization and decision-making process which @ers the
maximization of the number of loads supplied assed to the
minimization of the numbers of closed switches, andids
the overload in the system lines. The distributsystem test
case is described in [7].

Il. RESTORATION OFELECTRICAL POWERSYSTEMS

The electric energy distribution system presentadially
topological structure. In this kind of system, lifthe switches
[e closed, there will be formation of meshes. &mystem
with k meshes, k switches have to be open in dalereserve
the radial structure of the topology; where onlye switch
must be open in each mesh, that is, there must least one
normally open switch in each mesh. Thus, the regardtion
of the system is done by closing these normallyncgeitches
in order to restore the system in an optimized vhayyever it
retains the radial topology [13].

The present approach supposes that there are Wites
normally open switches, lines with normally clossgitches
and lines without switches. For an optimized reipmtion,
the decision-making involving the switches, whiclusinbe
closed, is done so as to maximize the supplied slcaud
minimize the number of closed switches [13]. Thisgess
must happen fast and dynamically. It should prowdemple,
objective, and efficient solution to the operatot,3]|.
Considering fault occurrence on a single line of th
distribution system, with the characteristics namtid above,
the closing of a single switch is enough to restbeesystem.
This fact generates a new way for energy transamssio
supply the greatest possible number of load affetig the
fault.

IIl.  GENETICALGORITHMS
Genetic Algorithm is an iterative procedure thaepe a



population of individuals, which represent a poesiolution
to a particular problem, [14,15]. Genetic Algoritlmonstitutes
a search technique, inspired by the evolution meaa the
living being, based on Darwin's natural selectioh6]]
Considering the biological systems as a wholes ibliserved
they have developed strategies of behavioral atlaptalong
their evolution. This enabled their survival andgstuation of
their species. The environmental pressures caubedet
strategies to have a strong impact on the biolbgigganisms.
This impact created deep changes in the organis
Components of a Genetic Algorithm agg: Individuals: each
possible solution to the optimization of the problis codified
in one string. Each string is an individual. Ry)pulation set of

best position of all the particles is calleglobal best
parameter The performance of each particle is measured
through a function calledule function which varies according

to the problem being dealt with. It simulates teavironment”

in which the individual is inserted [18]. The lesm of the
particles is embedded in the position and the vislapdating
equations. At each time instant, the displacemdntazh
particle is looking for the best position and itslocity is
updated. The updating of the velocity depends on a

rﬁgmparison of the particle current position witle tbcal best

and global best parameters. The velocity equatitso a
depends on random constants and the inertia weitin.
importance of inertia lies in the fact that the dtion has to
avoid the early convergence in a local best pammeand

individuals. c_)Genetic operatorsthey are functions applied to provides the particles ways to find the global hEstameter.
the populations. They allow the process to get nefhis process occurs continuously until all the ks
populations. d)Fitness Function (Evaluationjpperators and converge to the global best parameter results,wisithe best

guides for the attainment of new populations. Eighows that
each iteration of the Genetic Algorithm correspondsthe
application of a set of four basic operations: fiorc of
evaluation, election, crossover, and mutation [24]the end
of this iteration a new population is created. Tieigresents a
better approach to the solution of the optimizagioablem of
the previous population.

‘ Initial populatior ‘

Found thi
Solution?

Mutatior

Fig. 1. Basic Structure of Genetic Algorithm.

IV. PARTICLE SWARM OPTIMIZATION

Swarm Intelligence is an optimization techniqueeoh®n
social behavior [17]. PSO is an optimization altori based
on a population of individuals that present theligbito
interact among each other as well as with the enwment.
Since the individuals are social, they also haeekimowledge
about their neighbor's behavior and the accomplesttsnin

solution to the problem.

V.ALGORITHMS IMPLEMENTATION

To implement the GA and PSO approach in the retsbora
problem is necessary to structure the informatibrpawver
system according to environment of the applicatb@A and
PSO. For this proposal, the large scale
Distribution_System_01 is used [7], Fig. 4.

A.Genetic Algorithm Implementation

Each individual receive aalue Therefore, how much
bigger is the individual value it will be betten bther words,
how much bigger is the individual value it will hasore
possibility of being the potential solution of msttion. The
individual value is determined by the Eq. 1:

Value(indvidual)= 0.5xf; (x) + 0.1xf,(x) + 0.3xf5(x) +0.1xf,(x) (1)
Where: {(X) = Total of Supplied Loads/ Total of Unsupplied
Loads; $(x) = 1/(Amount of Loop + 1);s{x) = 1/(Overload
Factor); f(x) = 1/(Total of Overload Lines).

According to Eq. 1, the weights are chosen empiyickor
this work, the criterion of judgment is based orsupplied
loads with the weight of 0.5, followed by overlotattor of
system with the weight of 0.3, overload transmisslme
number with the weight of 0.1, and number of creédtops
with weight of 0.1. The parameter of Crossover Rat&9 and
the Population is constituted by 12 individuals. tine
following, various GA parameters are presented.

Chromosomes_Structure Each gene of the chromosomes
presents the information of a switch that compgsss one
transmission line of system. This switch is normalpened —
NO in the original configuration. The normally obms— NC

such a way learning and cultural transference [18]. Thewitches don't compose the chromosome. If the rmalgi

cultural adaptation process is based on three foadtl
principles: assessment, comparison, and imitatlonPSO
algorithm, each particle swarm is a candidate soiuto the
problem. Such particles are distributed into a epa€ n
dimensions (problem domain), each one having armé@ied
position and velocity at each time instant. Thet lredividual
position of each particle is callédcal best parameteaind the

configuration of system presents N lines NO therchea
chromosome will has N genes. The gene is a binamyber, O
or 1. The value 0 means that the switch state is-NfOrmally
open or without energy. The value 1 means thatsthiéch
state is NC — normally closed or with energy. Nadwisi
necessary to structure the information of powetesys Each
line of the system is represented by two conseeutiodes,



according to Fig.6. In this scheme, the full liree switches ideal number to work with in both of the algorithms

NC, the hatched lines are switches NO, and theeettaee
circuits. A data base is created for storing thirmation
about system lines. They are: line identificationtial node,
final node, status of line, maximum power of lindpde
(Load), Demand Power, and Circuit.

Chromosomes Evaluation The chromosomes require an
evaluation procedure for their feasibility. Sevdtadctions are
presented in order to indentify the chromosomesrgatlly
and its validation.

Function Unsupplied Loads This function identifies the
amount of loads without energy along the systeneraét
contingency.

Function Loop— The distribution system presents a radially
topological structure. In other words, the system’tcpresent
the formation of meshes or loop. Then the Functioop
identifies the number of loop formation during testoration
process.

Function Overload Factor Each system line possesses a
transmission capacity, that is, a maximum power.e Th
Function Overload Factor deals with the maximum eurdent
power.

The maximum power parameter is in the data basehieut
current power parameter must be calculated by usibgad
Flow Program The Function Overload Factor is determined
by Eq. 2:

N
> (MP, —CRy)
N )

Where: N = Number of transmission lines closeds ith
chromosomem = 1, 2, ..., N (Transmission Lines); QE
Overload Factor for the chromosonie MP,= Maximum
Power of transmission linen; CR,, = Current Power of
transmission linen.

Function Overload Lines This function is a sub-product of
Function Overload Factor. It determines the numbér
overload transmission lines.

OF =

B.Particle Swarm Implementation

PSO Technique is applied to get a restoration isviltased
on the system functional configuration changes [, It is
obtained by Algorithm 1, Fig. 2, whose purposedsclose
Normally Opened Switches- NO. When the solutioresents
overloaded lines, the program makes use of therélgo 2,
Fig. 3, whose objective is to open Normally Clo&adtches-
NC in order to remove the overload. In both of étgorithms
each particle represents a solution of a givenlpmbln the
proposed approach, the problem is defined as 8teregion of
electric power distribution system. The solutiordifined as
being the switches that must have their final statilanged.
Each particle is represented by a matrix, wherentimber of
lines is equal to the total number of particlesbkshed and
the number of columns is equal to the number of NO
Algorithm 1 — or NC — Algorithm 2. The switches magsume
binary values, 0 or 1, where 0 means opened sveteh 1
means closed switch. It was verified using testoaplished
empirically with the computer program that 10 paet is the
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Fig. 2. Flowchart of Algorithm 1.
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Fig. 3. Flowchart of Algorithm 2.

Firstly, in each algorithm the numbers of partictdony is
generated randomly, as well as the velocities,|lbeat and
global best parameters. This is done by using nando
constants and considering the initial velocitiesias to zero.
At each iteration of the process, the velocities @ydated and
also the positions of the particles based on thecitees. The
local best and the global best parameters are upthated in
case they are considered better than the previeuation.
This is established by theile function which measures the
quality of each individual in the swarm. The propdselocity



equation is normalized due to work with discretenbars, 0 or
1.

However, the interval is extended to [-1;1] witle thurpose
of increasing the velocity values number and imprguhe
program efficiency during its execution. This meahst:
closed switch is equal to 1 and opened switch isketp -1.
This new interpretation may be explained as: atethe of a
particle position updating, if the velocity valuge lower than
0.6 (in case of Algorithm 1) or -0.6 (in case ofyétithm 2),
then it is rounded to -1, otherwise to 1.

The velocity equation is written trying to guarantthe
approximation of the particles to the global bestameter and
not to the local best parameter. The formulas useBSO
were defined in [11,12], and they are:

vit+ D=wrv)+ Q-w)*[ r* (it +1)-x(t+1)+

@L-0* (gt + 1) - x(t + 1))] ®)
vt + 1) = (1-wW/L.5) * v(t) + (W/L.5) * [ r* (It + 1) -

X+ 1)+ (1-1* (@t + 1) - x(t + 1))] (4)
X(t+1) = x(t)+ v(t + 1) (5)
w=(1-t/ ni (6)

Where:i = counter for the number of particlés; counter for
the number of iterationsy(t) = particle velocityi in the
iteration t; x(t) = particle positioni in the iterationt; r =
random constant, random number between 0 af(t) % local
best parameter of particle found in the iteratiort; g(t) =
global best parameter found in the iteratipnv = inertia
weight in the velocity equatiomj = total number of iterations;
np = total number of particles.

Equation (3) is only used in Algorithm 1 and (4)adsly
used in Algorithm 2. Equation (5) is position ugdgtand (6)
is inertia weight updating, and they are used ithbaf the
algorithms. The program will repeat Algorithm 1 it NO
switch to be closed or the maximum iteration numizer
reached. The rule function is related on the reastom
problem. First, the Algorithm 1 uses th&lgorithm of

has been adapted to work for radial systems aeddsses are
not considered. Thus, the computational programiobtthe
power flow in each line of the distribution systehine current
power flow in each line is compared with its maximu
capacity. In case there are overloaded lines, thgram saves
this solution and returns to Algorithm 1 in ordertty another
solution. If there are solutions without overloates, the best
solution is produced by PSO algorithm. The Algarit2 is
used when only overloaded line solutions are preduby
Algorithm 1. The Algorithm 2 searches a solutionthwi
maximum power supplied and minimum number of NC
opened switches. The goal of the Algorithm 2 isrémove
overload of each distribution line opening NC shwis. The
Algorithm 2 computes a list of the overloaded liaesl tries to
eliminate the overload of the line with the gretteslue in
each iteration of each particle. After the iterasi@re finished,
the program returns to Algorithm 1 attempting tose another
NO switch in order to maximize the power demandotied. It
is done keeping the system radially topologicalcttrre.

The best solution is chosen after an associatiomawh
possible NO closed switch (Algorithm 1) with NC opee
switches (Algorithm 2) and second NO closed switch
(Algorithm 1), if it exists. This solution is madey the
Algorithm of Verification of Energized Nodes andda Flow
Algorithm in order to classify the solutions accdoglto the
previous defined criteria. In the case where not&wl exists
or the proposed algorithm finds a not appropriagetlition,
the methodology always blocks system restoratich mower
demand supplied lower than power in failure situati

VI. NUMERICAL EXPERIMENTS— CASESSTUDY

The practical results associated to proposed P0G
are demonstrated in this section. For this propdbel large
scale Distribution_System_01 is used [7], Fig. woTypes of
cases are illustrated as follows and the power ddmapplied
is 100% for all cases.

A.Type 1 Case Study — Several Solutions
This is the type of case in which the failure oe tine

Energized Nodes Verificatipwhich creates a list of the statuscauses a reduction in the number of loads suppfiethe

of each node, with or without energy. Each linghaf system
is represented by two consecutive nodes. All thtustnodes
are verified. By applying this analysis to the whalystem,
then the power of the energized nodes are addeel.oDthe
criteria specified for the algorithm optimizatisto maximize
the amount of the power demand supplied to theesyst
Finally, the Algorithm 1 applies the criterion ofhet
minimization of the NO closed switches number. Theal
best and the global best parameters update if theerd
position presents better performance in relatiotihéoprevious
iteration.

Next step, the Algorithm 1 verifies if there areedeaded
lines using an adapted Load Flow Algorithm. Thigoaithm

system and there are several solutions of closimgogpening
the switches which enable to find an optimizedaeston of
the system. Table | presents several failure sitioums on the
system’s lines, the PSO and GA solutions to thatarés.

B.Type 2 Case Study — Unique Solution

In this case, it is analyzed the failure on the lihat causes
a reduction in the number of the system loads dedetis
unique solution of closing and opening the switclieat
restores the system. Table |l presents severaluréail
simulations on the system’s lines, the PSO and @#étisns to
these failures.
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TABLE |
TYPE 1 CASE STUDY — SOME SIMULATIONS — SEVERAL SOLUTIONS CONTINUE
Examples PSO Restoration Situation] GA Restoration Situatior] Examples PSO Restoration Situation] GA Restoration Situation
Failure Line P% NO NC NO NC Failure Line | P% NO NC NO NC
2-19 ! 126-127
o 2056 | 400 20 - 56 None 05t 38-48
126 - 177 2-19
126 - 127 None 126-127 | 135-141
19 - 57 219 56 - 148 | 99.19
20 - 48 64-70 147-56
20-56 1957 56-147 | None 2056 | 143147
126-127 38-48
1-122 |sas1| 7%
- ) 117 - 121 2-19 N X
- 17 one 83-98 None 98-83 62-60
1957
93-118 | 62.9 120-98
58 -76 19-57 117- 98 - 120 None 83-32
117 - 121 2-19
126 - 177 126-127 | 121
98 - 120 None 9-1208 None
2-19 99 - 100 | 98.66 98-120
117 - 121 20-56 None 83-98 None 83.98 117-83
126 - 127 oo
76-58 20-56 None . 38-48
§ 126-127
84 - 90 None 19-57 gg 3(1’ 128 -150| 94.31
90-84 : 126 - 127 None 126-127 None
9-10 | 89.99 ég'gz 5957 142-149 |  None 142-149 None
2-9 None 29 153-155/ 97.03 = 47 None 14756 | 947149
19.57 | 6260 142-149
15-18 58 - 76
15-18 None 1286 2-8 126-127 | 117-121 e1rr \
- one
13-201 | 99.51 15-18 a2 2-19
13 - 86 None 1386 126107 | 117-121
13-86 None 1-189 62.87
19-57 126-127
33-46 None | sos1 126-177 | 17— 126177 | 124127
i 19-57 . .
19-32 | 93.91 5 19 None o1 | 6470
19-57 .
19 - 43 None 129_'15;7 20-46 76-58 e
30-39 None 3039 64-70 13'3_,7
¥ ) 58-68
157 | 6260 20
= 1-91 82.62 Unique Solution 19-57
76-58 69-58
) , 72-76 76-58 6864
12-201 | 86.75 Unique Solution 29 2.9
2-9 None H
19-57 %g-gg 6569
= 60-59 oG 64-70

P=Power Demand Supplied; NO= Normally Opened Switicised; NF= Normally
Closed Switch Opened



TABLE Il
TyYPE 2 CASE STUDY — SOME SIMULATIONS — UNIQUE SOLUTION
Examples PSO Restoration Situatioh GA Restoration Situatior]
e | Pe | no | No | e
1-91 8262 2719 |20-48 Several Solutions
20- 56
76 -77 | 98.16] 81-89 None 81-89 None
93-110| 95.69 112-113 None 112 - 11 None
128 - 140| 93.62| 56-146 None 56 - 146 None
160 - 184| 98.32| 164-172 None 164 - 172 None
2-8 99.18] 15-18 None 15-18 None
10-85 | 99.10] 84-90 None 84-90 None
12-201| 86.759 2-9 None Several Solutions
32-54 | 98.24) 35-44 None 35-44 None
40-42 | 97.12 24-43 None 24-43 None
50-51 | 96.89] 30-39 None 30-39 None
50-53 | 97.99] 33-46 None 33-46 None
63-66 | 98.91] 57-61 None 57-61 None
71-75 | 98.22] 73-74 None 73-74 None
78-82 | 99.08] 81-89 None 81-89 None
83-106 | 99.04 102-109 None 102-109 None
83-108| 99.571 104 -107 None 104-107| None
111-114| 98.91| 112-113 None 112-113 None
132 - 156| 98.85| 139-146 None 139 - 14¢ None
138 - 142| 97.69| 142-149 None 142 - 14 None
145 - 148| 99.16| 134-144 None 134 - 144 None
160 -171| 98.58| 167-175 None 167 - 174 None
161 - 168| 99.85| 168-176 None 168 - 17¢ None

P=Power Demand Supplied; NO= Normally Opened Swititsed; NF= Normally
Closed Switch Opened

VIl. CONCLUSION

This paper presents a comparison for system rdistora
between two intelligent methods: particle swarm
optimization and genetic algorithm. The main iddathe
paper is to compare the performance of these twihode
for different unexpected open switches. Each method
creates a list of switches that must be operat@an(cor
close) in order to give the best solution for thestem
reconfiguration. The criterion used in the judgmisritased
on unsupplied loads, overload factor, overloadsmziasion
line number, and number of created loops. An ilhiste
example is shown and some results are presented and
discussed.
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