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Abstract— This paper aims at presenting the development
and implementation of an approach to deal with fault location in
transmission systems by Evolutionary Algorithms. The algorithm
allows for the estimation of voltage sags and swdls in non-
monitored buses aswel. An Evolutionary Strategy was applied to
address the optimization problem, from the generation of a
population of individuals that represent possible solutions to the
problem to the evolutionary operators such as selection, mutation
and crossover. Some variants of the basic approach were also
considered in such a way to determine the fault location with
better performance. A case study, based on the 30 bus | EEE study
system, demonstrates the potential of the proposed methodology.
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. INTRODUCTION

The Electricity market has been more and more ddimgn
on the levels of power quality, which has led tif to
improve their network operation procedures by tlse wof
adequate software and hardware, so that a betteatoyn and
resulting power quality indices are achieved.

Power quality can be generally divided into two itsp
namely quality of service and voltage quality. Quyalof
service is very much related to reliability and doduration
interruption indices, which are commonly caused poyer
system faults. In such a context, fault locationdasidered so
as to reduce the amount of time in which emergenews can
restore the system. Network faults are random syemtiich
generally lead to actuation of the protection desjaiming at
protecting installations and individuals as wellraaintaining
the power system stability. A rapid power restomtiiepends
on the fault location and the repairing time [1].

Faults in power lines are due to many causes, si5ch
isolation problems, fire near the transmission dinphase
contacts provoked by external agents, amongstothwst of
the transmission line faults involve the contactook of the
phases and the ground, the so called phase todyfaults [1].
In such cases, short circuit currents might be eedwdue to
fault impedances, what makes the network protectimre
difficult to actually perform as required.

In order to determine an approximate fault locatione
needs the characteristic parameters of the powes,lipower
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transformers and other pieces of equipment thatposm the
given network, as well as the fault type and fampedance.
Another difficult issue relates to the load uncdetig which

makes the problem solution even harder. In mosts;abese
parameters are not completely known, thus conistifuan

extra challenge for the fault location problem.

On the other hand, power lines and networks arergén
equipped with meters, commonly power and energgraetnd
some few power quality meters. These latter deviass
installed not specifically for fault location butctaally to
monitor the effects of network faults, such asagdt sags. The
low amount of power quality meters in the system, & few
meters are located in the power system buses, nth&dault
location problem more complex.

The scientific literature shows some research wahiet
address the solution for fault location problemsresearch
group has applied artificial neural networks [2Y, Using data
from one of the power line terminals, thus redudimg amount
of necessary information. Reference [3] uses Bayenrem to
apply a probabilistic model to the solution of etltomplex
communication systems. These research works madeofus
plenty of available data related to the event aadlihg of the
system, thus making their application rather difficfor real
conditions, where data information is incomplete.

In [4] uses genetic algorithms GAS, through therafmes
of selection, crossover and mutation. The individig
represented by two genes,Fault location and Fenpetance.
The values of currents and voltage during the faulsome
parts of the network are compared with those obthiby
simulating short circuits in sparse data. The ojtton
process is random.

This paper deals with the application of Evolutigna
Algorithms (EAs) [5] for the solution of fault lotian
problems in transmission systems. EAs are widebywknas a
tool to solve many electrical engineering problenihe
application of such technique is somehow differémtm
Genetic Algorithms (GAs). In EAs, the mutation cgter
constitutes the main evolutionary operator, whitinoduces a
renewal in population so that new variations aneegated on
individuals.

However, in a given population of individuals, theain
evolutionary operators are used, namely selectiontation



and crossover to attain the optimal or sub-optistdlition to
the given problem.

Once the fault location procedure is carried ot t
developed system allows for the evaluation of \g&taags and
swells in buses which are not monitored. In thisinea, power
quality monitoring systems might evaluate indicegarding
short duration voltage variations at a much lowest.c

The application of such technique to the fault tmra
problem will herein be illustrated by a case sttmlyhe 30 bus
IEEE network.

II.  EVOLUTIONARY ALGORITHMS (EAS)

established, the number of generations is usednamput
parameter to determine the end of the process.

I1l.  FAULT LOCATION

A. Problem Description

When a permanent fault occurs in transmission Jlines
emergency crews are called to locate the fault Jites is
generally a long process, since one does not knoadvance
where the fault took place. This implies on highimtenance
costs and the reduction of system reliability.

Utilities therefore have looked for fault locati@ystems,
which allow for the identification of the point wieethe fault

The concepts of evolutionary computation can b&ccyrred, thus minimizing the emergency crew’sldisment
described, according to [5] by Genetic Algorithms,ime a5 well as an increase in the system religibili

Evolutionary Programming and Evolutionary Strategi€he
former approach has shown fairly promising resfrttsn the
very beginning. In the same manner as other solutiethods
inspired in the nature, such as artificial neuralworks and
fuzzy systems, the evolutionary algorithms hadddigough a
difficult process of acceptance by the scientifamenunity.
During the 1990s however such techniques showedwasrful
tools to solve highly complex problems.

The basic structure of an evolutionary algorithnrm dse
given as follows:

t=0;
initialize P(t);
evaluate P(t);
while (stopping criterion) do
P’(t) = variation P(t);
evaluate P’(t);
Q(t) = flP®)]
P(t+1)= selection [P’(t) U Q(1)];
t=t+1
End

In such algorithm, P(t) denotes a population pf
individuals in a given generation t. Q(t) represeat set of
individuals that can be considered for selectiatoading to
the function f[.]. As illustrative examples, Q(tarc be made
equal to the P(t) or Q(t) can be made equal tontiieset. A
new population P’(t) ok individuals is then generated through
the recombination and mutation operators. New iddias
from P’(t) are then evaluated by measuring thestatce” to
the “target” or optimal solution of the given prebl. As a
result, a specific fithess function is establistied each one
individual. A new population is then formed at gexiion t+1,
by selecting the most fitted individuals.

As for the fault location problem, a given indivauthat
represents a possible fault location, will be assgsy how
close the calculated values at the meters areetantbasured
ones. In other words, the fittest individuals arerenlikely to
belong to the following generation.

After a given number of generations, a stoppinteddn is
to be met, that usually presupposes that a giveividual in
the population represents the most acceptablei@oltd the
problem. When such criterion is difficult to be wsly

Besides this, utilities are nowadays demanded taitao
power quality indices either for regulatory purposer to
respond to customer complaints. Once the faulbdated and
characterized in a proper way, one can estimatag®lsags
and swells in non-monitored buses of the system.

B. Proposed methodology for the fault location problem

As aforementioned, the methodology makes use
Evolutionary Strategies (ES) [5]. The evolutionayerators
will be herein described, by envisaging the faultaltion
problem.

of

The individual’s codification is the first step thalates the
real problem to the ES application.

Codification:

Individuals are represented by the variables caniregrto
the fault location problem. Continuous variablegresent the
chromosome of an individual in the population. Tokowing
example in Figure 1 illustrates the codification afgiven
individual.

Fault location Fault tvoe Fault
(km) yp Impedance (Q)
Individual i | 32534 | nasedo- 15 ay
ground

Figure 1. Individual codification

Fault site: this gene represents a continuous variable that
gives a possible point where the fault occurredl Al
transmission lines are grouped to form a chain tathl length
equal to the sum of the lengths of each line in ploger
network.

Fault type: This gene represents a possible fault type that
occurred in that specific site. Four different typd fault were
considered, namely, three-phase, double-phase, ejbas
ground and double-phase-to-ground short circuitsorber to
accelerate the algorithm, the authors decided loulede all
types of fault for a given possible location andltfampedance
value. In this case, this gene might be disregarded



Fault impedances. this gene represents a continuousselecting an individual to be copied to the nextegation relies

variable related to the impedance involved in thgtf which
might range from 0 to a maximum value, e.gQ20

C. Population

The number of individuals in a population is sead@vance.
As for the case study, a population of 80 individishowed to
be adequate.

Failure rates in each system branch provide inftiondor
the selection of individuals for future generationthe
selection was based on the “wheel-of-fortune” metti6].
Each individual in this method occupies a rangéha wheel,
which is proportional to its fithess function teethroblem.

D. Objective Function

The fitness function is related to the problem roptation,
i.e. it bases on the objective function that presidhe least
squared difference between measured and calculataels:

frtness 2] M ~Ver) HVig Vi) + Ve V)] (1)

where:

VmA: Voltage magnitude in metg} , phase A,

V., : Calculated voltage magnitude in phase A,

Most optimization problems are constrained. As tioe
proposed problem, there are no constraints, but angd
include some information regarding the utility ddtase, or
switching status provided by the SCADA system thetrows
the solution space to some specific transmissioesliin the
power system. The calculated voltage magnitudesgiration
(1) are determined by a short circuit software, edrSINAP
t&d, that gives the voltages and currents througlioa power
system, for a given fault location, fault type arfault
impedance, which are the basic variables pointedbguthe
individual’s codification.

E. Building ordered lists

A criterion to allow a measurement of the distances

between two possible fault locations was devisedef2d lists
are then proposed based on the objective funcfidmee
locations in each network branch are chosen foetlzduation
of all types of faults, namely on the initial anadeng buses as
well as at the middle of the branch length. Faupedances
were varied for the values 0, 5, 10, 15 and20rhe average
objective function (beginning, ending and middles)was
assigned to that given branch. Based on such avetggctive
function, the network branches were ordered istaA total of
20 lists (4 fault types and 5 fault impedances)tban be built.

F. Sdection

There are various ways to select individuals foe th
following generation. In this paper, the fittestividuals are
more likely to be selected to future generatiortse Wheel of
fortune method was chosen [5], in which the prolitstoof

on how well fit it is, i.e. the selection probatyjlis proportional
to its corresponding fitness function.
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Figure 2. Selection of an individual — wheel of fortune metho

The vertical axis in figure 2 shows the normalizatles of
accumulated fitness functions. The accumulated ghitity of
a given individual k in the horizontal axis, is giv by the
following expression:

k
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By randomly generating a number y in the intern@lL],
one ensures that the fittest individuals have higitebability
to be selected to further generations.
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G. Mutation

Mutation consists in the main evolutionary operaoESs.
This operator acts in each individual with a givate, named
mutation rate pm, which varies in the range frono (.. The
mutation is carried out provided that a random gemed
number in the interval [0,1] is not greater that thutation rate
pm. By considering a random Gaussian variable (nteand
standard deviatioro), the mutation is applied to a given

individual X; by the following expression:

X; =% +0N; (0] ®3)

where N, (0]) is a random number with mean equal to 0

and standard deviation equal to 1. The standardhtitmv o
determines the mutation step for the generatiodestendent
individuals. Such a mutation step is not a consthat is, this
is a parameter to be dynamically controlled. lrerefice [6], a
self-adaptation technique is shown that variesrih&tion step
and individuals according to the following expressi:

o', =0, lexp'IN (0D +7 [N, (02)) 4)

X, =x +0'[N,(03) (5)
where:
d'i: variation of the parameter index i;

oi: mutation step;



Ni(0,1):
distribution, mean equal to 0 and standard dewviaiual to 1;

N(0,1):
distribution, mean equal to 0 and standard deviatigual to 1.
This value is kept constant for each individual.

T:  leaming rate 0 (/28) ™)
1. learning rate[(] (\/2\/5)_1)

According to reference [7], the parameids usually set to

Mutation for the fault location variable:

The aforementioned ordered lists were then useidgltine
mutation of the fault location algorithm. An indilial which is
selected for mutation is located in the built oederlists,
according to its fault type and fault impedanceugalSince the
lists consist of 5 fault impedances values, onecsglthe list
which value is closer to that individual under ntigta The
corresponding network branch is then located it sukist and
the mutation steps and variations are then basethienlist
location and on equations (4) and (5).

Mutation for the fault impedance variable:

The process is similar to the one described fontb&tion
regarding the fault location, by also using expoess (4) and

®).

H. Crossover

The crossover operator aims at introducing vaiitgti the
random search in the problem space. This is baseth®
exchange of information between individuals of tk@me
species. One can even avoid convergence to locahaby
using such evolutionary operator.

One of the ways to carry out the crossover operaipsists
in obtaining the parameters of a pair of individutiiat have
been selected or mutated by the aforementionedtgeleand
mutation operators. This exchange of informationhéein
carried out by the average of the parents” chaisiits, given
that a randomly generated number is equal to orgnedter
than the given crossover rate pc.

When the crossover is carried out, the genes tee hav

information exchanged are randomly established.foksthe
fault site and fault impedance, the following exgzien of the
pair (indivl, indiv2) generates a descendent indiv3

L faue (Indivy) + L oy (indivy)

L o (indivg) = 5 (6)
Z e (incliva) = Z tau (indivy) "’ZZ aut (iNCiV) @)

randomly generated number, with Gaussind.

Estimating voltage sags and swells
Once the fault type, impedance and

there is no power quality monitor or where therea ispecific
interest. This is carried out by the same shodudirmodule
used in determining the objective function for tfeult
location, thus producing a data base of “virtuaBasurements.
This allows for compiling specific reports that aaat for local
and global power quality indices.

IV. CASESTUDY

This section shows the application of the propasethod
to a 30 bus IEEE test network. The method was imgtged
in a C++ programming language environment, whianposes
the developing power system package named SINAP.

The network is illustrated in Figure.3. The totahdth of
the network is 360km, which encompasses threeg®lievels,
namely 132kV, 33kV and 11kV. Three power qualityteng
were randomly allocated in system buses to regiabiage
magnitudes, which are triggered by the occurrericeoltage
sags (magnitude less than or equal to 0.9pu).

Figure 3. 30 Bus IEEE network

simulated by using the methodology. One can ndtie¢ the
errors in fault location are inferior to 0.5km, wtshows the
potentiality of the proposed method.

Table 2 shows the estimated voltage values in % #
which are compared to the real ones, when the tendtirs at
network branch LT628-1, as illustrated on the fiise of
Table 1.

The method’s performance is obviously related te th

Wherel,,, andZ,,, represent the fault site and the fault number of power quality meters as well as theocaltion in

impedance, respectively.

the system so that they can “observe” faults for@n most of
) fault type, location and impedance.

location are
randomly generated number, with Gaussiarfletermined, one can evaluate voltage values insbugere

Table 1 shows results for three events which were



TABLE 1. Results for the 30 bus IEEE network could help the proposed algorithm so that the ifleation of
possible fault sites and impedances tend to be nmocte

Fault site Fault :
'\:ﬁgﬁg]k (distance Faulttype  impedance fEIrEEIT;ﬁ accurate.
in km) (9))
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V. CONCLUSIONS

This paper has presented the development of a rethoch
for locating faults in transmission lines, by usiggolutionary
Strategies. The method was successfully appligde®0 bus
IEEE test system.

The proposed evolutionary operators, regardingctetg
mutation and crossover are proven adequate, sinoé f
location errors are not greater than 2%.

The method allows for the estimation of voltagessagd
swells where there is no power quality monitor stiexpanding
the coverage of monitoring systems. Local and dlqoaver
quality indices can be readily computed.

The ordered list of fault sites with respective rage
objective functions did help to direct the searchtisat the
mutation operator could behave in a much better way

The self-adaptation strategy utilized for the miotat
process has made the algorithm to automaticallyrabthe
mutation steps in a way to intensify and diversifg search in
the solution space.

An important aspect relates to the power qualitytemsé
“observability”.  This concept is related to how given
network fault triggers the installed power qualityeters to
capture that specific event. Nowadays power qualigyers are
not installed in the network to optimize fault Itica
algorithms. An optimal allocation of power qualitpeters



