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Abstract

The paper presents a modeling and simulation approach to locate a fault in a transmission network. The basic concept is to match
phasors recorded during fault with the corresponding phasors obtained by simulating the same fault. For the simulation, it is necessary
to assume a fault location in a power system model, and then carry out short circuit study. The matching degree can be calculated by a
pre-set criterion. The operation is repeated till the best match is found. The process of finding the best match is an optimization problem,
therefore, the genetic algorithm (GA) is introduced to find the optimal solution. The proposed approach is suitable for situations where only
sparsely recorded field data is available. Under such circumstances, the proposed approach can offer more accurate results than other know
techniques.
© 2004 Published by Elsevier B.V.
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1. Introduction obtain a more accurate result, the use of global positioning

system (GPS) of satellites was introduced for performing
The fault location in the transmission network is animpor- synchronized data sampling]. In Ref. [10], fault loca-

tant issue since identifying an accurate fault location can fa- tion is based on the measurement of the fault-generated

cilitate repairing the damage and restoring the transmissiontraveling wave component. The mentioned methods are

line rapidly. If a fault location cannot be identified quickly applied successfully in many transmission network fault

and this makes prolonged transmission line outage during ascenarios.

period of peak load, severe economic losses may occur and These applications have a common requirement: the mea-

reliability of service may be questioned. surement must be obtained from one or both ends of a faulted
A lot of efforts were spent on the topic and several solu- line. In some systems, only sparsely recorded data at lim-
tions were proposed in the literature. In Rdfs2], expert ited substation locations are available. When a fault occurs

systems utilize both the binary quantities (relay and breaker in such systems, only a few (two or three) recording devices
status) and analog quantities (voltage and current measureare triggered. The most likely case is that the measurements
ments) to locate a fault. Various one-, two-, or three-end could not be obtained at either or both ends of the faulted
algorithms utilizing voltages and currents for estimating transmission line. Under this situation, the mentioned meth-
the fault location have been proposg4-8]. In order to ods could not be applied correctly.
The proposed method gives a solution even when only
the sparse measurements are available. The first part de-
Abbreviations:DFR, digital fault recorders; GA, genetic algorithms;  g¢rihes the basic concept of the proposed method, the second
GPS, global positioning system; IED, intelligent electronic devices . . .. .
* Corresponding author. Tek+1-979-845-7509; pres_ents t_he genetic algonthm appllcat|qn, the third sh(_)ws
fax: +1-979-845-9887. details of implementation, and the last gives several typical
E-mail addresskezunov@ee.tamu.edu (M. Kezunovic). fault cases and results.
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2. Fault location approach the signals of interest are obtained. Then, the simulated pha-
sors are compared with the recorded ones, and the match-
2.1. Sparse data case ing degree between the simulated and recorded phasors is

evaluated by using an appropriate criterion. The initial fault

In the paper, sparse data means the data obtained fromocation is modified and the above steps are iterated until
recording devices sparsely located at substations in a powetthe best match between simulated and recorded phasors is
system network. Examples of recording devices may include produced. The fault location is then determined as the one
digital fault recorders (DFR), digital relays, or other intelli- specified in the simulation study generating the simulated
gent electronic devices (IED). phasors that best match the recorded ones.

Fig. 1illustrates the sparse data case. The system rep-
resents a part of the 138kV CenterPoint Energy transmis-2.1.2. Degree of matching
sion system. While the system part has a total of 19 buses, To evaluate the matching degree of the simulated and
DFRs are installed at three buses only. Clearly, the system isrecorded waveforms, phasors are used. To perform the pha-
sparsely monitored. When a fault occurs on the line betweensor matching, short circuit model of the system is needed.
buses 11 and 12, the DFRs located at bus 1, 3, or 16 mayShort circuit studies can usually directly generate simula-
be triggered to record specified quantities during that fault. tion results in the phasor format. To extract phasors from
In certain cases, some of the DFRs at bus 1, 3, 16 may notthe recorded fault transients, appropriate signal processing
be triggered. Then, even fewer measurements will becometechnique needs to be applied. Fourier transform may be
available for locating the fault. The data obtained in these used for this purposgl1]. For this study, CenterPoint En-
cases may be designated as “sparse data”. The fault may bergy provided the short circuit model in PSS/].
several buses away from DFR locations. Therefore, none of In order to determine the matching degree between the
the common algorithms, such as one-, two-, or three-end issimulated and recorded phasors and find out the best match,
applicable for locating the faults. To solve this problem, a a criterion for determining the matching degree is necessary.

phasor matching approach is proposed as follows. First, the variables should be determined. When posing a

faultin PSS/E, a fault location, and fault resistance should be

2.1.1. Phasor matching specified. The matching degree can be formulated as follows:
In the phasor matching approach, the model of the power Ny

Ni
system is utilized to carry out simulation studies. The match- (x, Ry) = TR T
>y ) , Rf) = E {riv| Vis — Virl} + E {reillxs — Iel} - (1
ing is made between the voltage or current phasors obtauneo[fC e vies ' -1 s ' @)

by recording devices and those generated in the correspond-
ing simulation studies. The fault location is placed in the

system model and simulations are carried out in an itera- Ny . . Ni . .

tive way. First, an initial fault location is assumed and the fc(x. Rt) = Y {rivl| Vis| — [Varll} + Y _(railllasl — Tarl 1}
simulation study is set up according to the specified fault lo- k=1 k=1

cation conditions. Next, the simulation study corresponding (2)

to the specified fault is carried out and simulated phasors Ofwherefc(x, Ry is the defined cost function using either both

the phasor angle and magnitude or the magnitude only for
matching,x the fault location,R; the fault resistance;,y
2 V) - andry the weights for the errors of the voltages and cur-
, )J | | rents, respectively;s and V, the during-fault voltage pha-
| |’

9 sors obtained from the short circuit simulation studies and
i i i i O recorded phasors, respectivelys and I the during-fault
Viasco current phasors obtained from the short circuit studies and
recorded phasors, respectivéhythe index of the voltage or
current phasors match, ardd, and N; the total number of
18 voltage and current phasors to be matched.
Karstn The cost functionf;(x, Rs) theoretically equals to zero
when the phasors obtained from a simulation study exactly
19 match those obtained from the field recordings. Therefore,
the best fault location estimate would be the one that mini-
(O Equivalent source mizes the cost function. An appropriate optimization needs
to be selected to solve the problem of finding a minimum.
Formula (1) and (2) can be converted into the problem of
Webster == DFR finding a maximum

| Bus

Fig. 1. The sample system for illustrating data sparsity. fi(x, Rf) = — fe(x, Ry) 3)
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be employed for many problems: a string of bits can encode

integers, real values, sets or whatever is appropriate. For

our case, the binary encoding representation is selected. The

variables we use are the fault location and fault resistance.
Encoding is used to map the parameters of an optimization

problem into a binary string of lengthSuppose the variable

X (xmin < x < xmax) iS @ decimal value that is a positive

non-integer number) and it is to be represented by a binary

string of lengthl. The encoded valuefor the variable will

be

Fitness v alue

A0, L
N “am (r — xmin) (@ — 1)
_ xp = | round 4)
400 Xmax — Xmin b
Saictesatanee g U] ] Fault Lacation (riles) where the value identified by round() gives the nearest in-
Fig. 2. The fitness surface for an A-G fault. teger of the argument, and [}, represents binary number.

Decoding is used to convert the binary string into a mean-
ingful decimal parameter employed in the GA. The decod-
where f; (x, Rf) represents the fitness function using phasor ing process is given by
magnitude for matching. _
Xmax — Xmin
X = o1 Xp + Xmin (5)
2.2. Properties of the fitness function
Based on above formulae, fault location and fault resis-

To investigate the nature of the fitness function, various tance should be known in advance. For the fault location,
simulation studies have been carried out to obtain fitnessthe upper limit is determined as the sum of all the candidate
value using the sample power system showfim 1 The lines.
fitness value is obtained by specifying the fault location and
varying fault resistance on each line throughout the system,3.2. Fitness scaling
and then running the simulations and applying formulae (2)
and (3). When posing faults, the fault location was changed In order to speed up the search and convergence, a small
in the steps of 4 miles and fault resistance in the steps of population is used. This may result in converging prematu-
0.02 pu. For each fault location and fault resistance, a cor-raly or losing the diversity. To overcome this, fitness scall-
responding fitness value was obtained. To select fault loca-ing is introduced13]. So-called fitness scaling is actually
tions, a search sequence for all transmission lines in the sys-a linear scaling. Let us define the raw fitness functjon
tem had to be defined. If the recorded data are only available(obtained from (2)) and the scaled oie The relationship
at bus 1, the fitness value versus the fault location and faultbetweenf and f” is as follows:
resistance for this specific fault is depictedRig. 2 The

/!
maximum fitness value occurs at point (312.7, 0.1), which fr=af+b ()
is the optimal solution for the phase A to ground fault. where
As it may be noted fronfFig. 2, the surface is not reg- Coatt = 1) f
ular since it contains some local maxima and saddles. Theg = -t — ~/avg (7)
research shows that the genetic algorithm (GA)-based op- Jmax— favg

timization approach is good at finding the globally optimal
solution while avoiding the local optima and it is more ro- b =
bust than the conventional optimization methods. The GA fmax— favg
is selected as a tool for finding the global optimum in our where Cpyi is the number of expected copies desired for
study[13]. the best population membefayg an average of the fitness
values for a specific generation, aifigax the maximum of
all fiteness values for a specific generation.

max — Cmu avi
Jmax— Cutfavg . ®)

3. Genetic algorithm application
3.3. Mapping the objective function into the fitness function
3.1. The genetic algorithm solution
In formula (3), the fitness function is a negative value.
Genetic algorithms were initially developed using binary This character does not meet the GA requirenj&sj. In
strings to encode parameters of an optimization problem. GA, a fitness function must be a non-negative figure of merit
Binary encoding is a standard GA representation that can[13]. It is necessary to map the function to a desired fithess
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Fig. 3. Maximum fitness value for the resistance range 0-0.8.

function form through one or more mappings, which then 3.5. Convergence
meets the requirement of GA.

The following cost-to-fitness transformation is used It has been observed that GA-based FL software does not
always converge to the same solution when number of gen-
S(x) = Cmax— fe(x, R) ) eration is set as the criterion to stop iteration. In some cases,

) ] . differences may be significant. Several alternative methods
whereCmax is the maximumfc(x, Rr) value in the current  gre investigated in an attempt to obtain further improve-
population, andfc(x, Rr) has the same meaning as the one ments. Only two of them are listed as follows.
in the formula (3).

3.5.1. Using maximum fitness value as the iteration stop
3.4. Updating the population criterion
Maximum fitness value refers to the maximum of all
There are several approaches for updating the population.population’s fitness values within a specific generation. In
The most utilized approaches known are the general andorder to observe the changing regularity of the maximum
steady state. For the general approach, the population isfitness value, some cases were teskeg. 3 shows one ex-
replaced by offspring created by reproduction, cross-over ample in which the maximum fitness value varies with the
and mutation. When creating new population by GA process, iteration and may remain the same within many generations.
the best chromosome might be lost since the selection of The tendency of hill climbing is visibleNote: The fitness
chromosome is more or less done at random. Elitism is the value inFig. 3 corresponds to the one listed in formula (3).
name of the method, which first copies the best chromosomeWhen the maximum fitness value approaches a specified
(or a few best chromosomes) to new population for further threshold, GA iteration is stopped. Therefore, using maxi-
evolution. Elitism can very rapidly increase performance of mum fitness value as a stop criterion may be a choice. How-
GA, because it prevents losing the best-found solution. ever, sometimes it is difficult to determine the threshold.
For our case, this approach is utilized. The best individual
in the population pool is generally retained (these individuals 3.5.2. Using average fitness value as the iteration stop
are elitists). In this case, individuals can only be recombined criterion
with those from the same generation. Average fitness value refers to the average of all
For some cases, the elitists are almost unchanged throughpopulations’ fithess values among a specific generation.
out the iterations. In order to enlarge the search region, someFig. 4shows that average fitness value gradually approaches
strategies such as using the multi-point cross-over to replacethe maximum fitness value with the number of iterations
the simple cross-over, and adopting variable mutation pos-increasingNote: The fitness value here corresponds to for-
sibility may be used as described next. mula (9). This property can be utilized. When the relative

30

20 4

151 S\ Maximum fitness value

10

fitness value

iteration number

Fig. 4. Average fitness value for the resistance range 0-0.8.
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error between the average fitness value and the maximum DFR Assistant | DFR raw data !
meet a specific threshold or a relative ratio of maximum
fitness value to average fithess value, the iteration stops.

According to the above analysis, the second criterion 1 COMTRADE format_,
is suggested. It may require longer computation time than  Interpretation file ! l
when only using a fixed generation number as the stop | =----- 1
criterion. An alternative is to limit the search range using " Recorded phasors o  Algorithm
other information and then continue by using GA optimal ! information | L20d breaker status selection
method to find out exact final solution. For example, using ientered by users; ' N Special cases
the post-fault breaker status or SOE records as well as the [
oscillography produced by protection relays located in dif- Tuning static Y
ferent substations, one can estimate the fault location. system model Apply two-end,
v three-end or one-end
Updated static algorithm
system model
4. Implementation PSS]/JI;Zol;;(:nﬂOW - - Faultltcation
Pre-fault simulated report
4.1. Architecture of fault location software phasors
S nchtonizing I&,
The overall architecture of the fault location solution is recyordet.i phasors
shown inFig. 5. Two commercial software packages, rep- Gen:raﬁng
resented by dotted lines Fig. 5, are utilized. One is DFR "|__ candidates
Assistant[14]. It analyzes field-recorded fault waveforms v
as well as relay breaker and communication channel status popu{:tlitg;hrzggomly
based on an expert system. It also converts the DFR raw data
into COMTRADE format[15]. DFR Assistant can generate PSS/E short circuit
an analysis report including identification of the fault type study program
and a suspected faulted line. Another is PTI Power System During-fault
Simulator (PSS/E)12]. It can calculate the power flow and simulated phasors
carry out the short circuit study. The main modules of the Matchin;phasors
software are discussed next. using (2)
4.2. Data requirement
N Fault location
The data requirement includes: static power system Selection, crossover report
model, fault data, substation interpretation data, and fault and mutation
information entered by the user. ‘
The static system model refers to the saved data case of Fig. 5. The flowchart of fault location software.

PSSI/E. It should contain the power flow raw data, sequence

impedance data, and system topology. The model only re- o
flects a specific system operating condition. rents through the circuits or voltages at buses for phasor

Fault data refers to the data captured by digital fault Matching. Selected fault data refers to a choice in the use of

recorders (DFRs) and data file should be in the COMTRADE different combinations of DFR records under the situation
format since the software is designed to read fault data pro-Where multiple DFRs are triggered.
vided in that format.
The substation interpretation data contains information 4.3. Calculation of phasors from recorded data
that relates the channel index numbers to the monitored
signals and represents correspondence between the moni- Considering that phasors are needed to represent during-
tored circuits and PSS/E numbering scheme. Each substafault conditions, two processing steps are taken. A specified
tion should have one interpretation file. The interpretation low-pass filter is utilized to remove high-frequency noises.
file needs to be modified to reflect the DFR configuration or An improved Fourier algorithm is implemented to effec-
the system model changes. tively remove decaying dc-offset component and obtain the
The data provided by the user includes necessary faultpre-fault and during-fault phasors of voltages and currents
information, matching options, and selected fault data. The [11].
necessary faultinformation relates to the estimated fault type  The pre-fault phasor can be calculated using the first cy-
and faulted circuit that can help in limiting the GA search cle of the recorded phasor. The during-fault phasor can be
range. The matching options are used for specifying cur- calculated using any fault cycle following the fault incep-
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tion and prior to fault clearance. Therefore, identification of phasors and breaker status, contained in DFR records, may
the moment of fault inception is required before calculating be used for the tuning process.
the during-fault phasors. The fault cycle is determined from
the waveforms recorded by DFR. 4.5.1. Topology modification

It is possible to select different fault cycle to calculate Based on the pre-fault breaker status and current magni-
the during-fault phasors from the different DFR recordings. tudes of the monitored branches derived from the pre-fault
This may introduce fault location error, especially for the data recorded by DFR, the service status (saved in the PSS/E
arcing faults during which the fault resistance is chang- file) of the branches will be updated. A zero (or smaller than
ing. Under this situation, selecting different fault cycles a pre-set value) magnitude of the current through a moni-
means experiencing different impacts of fault resistance. An tored branch indicates an out-of-service status of the branch.
alternative is that the user checks the waveforms manu-If both the current and breaker status of a branch are avail-
ally and specifies the same matching fault cycles across allable, the current measurement will be used instead of the

recordings. breaker status for the topology update.
The topology modification is realized using the IPLAN
4.4, Synchronization of phasor language, which is part of the PSS/E packdd®]. The

user is able to program a sequence to modify the system

It is well known that the phase angle of a selected signal topology, control the load flow and short circuit studies, and
in a three-phase system, calculated by a Fourier algorithm,control the reporting of the results of the PSS/E activities.
may be constant or it may rotate 3BI{N is sample times  The IPLAN language also facilitates interaction between the
per cycle) degrees with each new sample depending uponPSS/E activities and €+ program used to implement the
selection of the time reference. For a specific fault occurring fault location algorithm.
in a power system, several DFRs may be triggered. Phasors
calculated by using waveforms recorded in different substa- 4.5.2. Scaling the generator and load power
tions may lack synchronization since the time reference in  There are two ways to update the generator and load data.
different substation may not be the same. This will intro- When additional data such as power for generators and loads
duce phase angle difference among phasors calculated usingn a specific area are available, this can be utilized to tune
waveforms from the substation where DFRs are triggered. the static system model. When additional field data are not
This factor will introduce an error in calculating the fault available, the fault location software will use the probing
location using during-fault phasor. The synchronization of method to produce updated models and finally pick the best
the phasors obtained from different DFR recordings is nec- one. For each model, the load and generator scaling fea-
essary. ture, SCAL, which enables the user to uniformly increase

The PSS/E load flow study based on the modified sys- or decrease any or all quantities for a selected grouping of
tem model, described iBection 4.5is carried out to ob-  buses, loads and machines, is utilized. The following rule
tain the pre-fault simulated phasors. The phasors calculateds applied in determining the individual bus, load, or ma-
from each DFR recording are angle-synchronized by rotat- chine power: adjust the power such that the ratio of indi-
ing them in reference to the phasors obtained by the loadvidual bus, load, or machine power to the respective total
flow study. As a result, each recorded pre-fault phasor haspower of all buses, loads, or machines being processed re-
the same phase angle as the corresponding one obtainechains unchanged. The activity SCAL can be invoked with
through simulation. It is assumed that the angle difference the suffix, such as “ALL","AREA” and "ZONE” indicat-
between the pre- and during-fault phasor, for the corre- ing if the whole system or only a subsystem is to be con-
sponding recorded current or voltage, is fixed. Hence, the sidered. In our study, we use “AREA” to limit the tuning
during-fault phasor should also be rotated for the same an-range.
gle. All recorded pre- and post-fault phasors are synchro- Based on pre-set strategy, a series of updated models are

nized using the same reference. produced. For each model, the simulated load flow is calcu-
lated and then the recorded load flow is matched with simu-
4.5. Model tuning lated load flow. The matching criterion is similar to (1) and

(2). The difference is as follows:
A given static system model topology, used in simulation

studies, may not reflect the prevailing system topology when
the fault occurs. To match the phasors extracted from DFR
recordings and those obtained from simulation studies, the
model used in the study should be updated by utilizing the
topology information captured close to the moment when
the fault occurs. Tuning of the system model may include
updating the topology as well as generation and load data Based on the matching criterion, the updated model is
of the system. The pre-fault data, including the pre-fault determined before running the fault location software by

Vis and Vi, should be the pre-fault voltage phasors ob-
tained from the short circuit simulation studies and
recorded waveforms, respectively;

Irs andl; should be the pre-fault current phasors obtained
from the short circuit simulation studies and recorded
waveforms, respectively.
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| 1 | 3 | 5 | 5 i
A I Number of tiggered DFR files 4
Path and name of DFR file
2 DFR 1 [C\FL\DFRNaliveFiles\event365 | Biowse | 2 [C\FL\DFRNaliveFiles\DiDat\events _Browss
7 4 - 3 [CAFL\DFRNaliveFies\DiDat\eventd  Biowse | 4 [C\FLADFRNaliveFies\DiiDat\events _Browse |
Fault Number of possible fault types |1
é Possible fault types [ba = =1 =]
Nane of possile fa cicuts. 1 g Ci7ar =] o] 2 [Boromenss =] o
3 [CoA-Fiamen G a- =] ] 4 [Fsecass =] L
Fig. 6. lllustration of the building of the initial faulted branch candidates. —Additional fault branch ~Passible fault branch
MNumbes of branches ID— Number of branches ,D—
@ Using bus number and circuit index % Using bus number and circutt index
" Using the station name and bus number € Using the station name and bus number
changing the generator power in the whole network or some | Akieleddtomabenches o | |t o
specific areas. This is done based on real time measurement = =
obtained half an hour or even closer in time before the fault =~ o e
occurs. Then the activity “SCAL” is executed in PSS/E. The | & slmiosd e F Ria s s
total change of the load data should equal to the total change £ ek e saimgbus o ey s | | ey conerc ol sy s et i)
of the generator data. The updated system model replaces | = | =
the static system model and PSS/E uses the updated one t = L]
simulate faults. ER— ——
lz— = Intersestion LI
 Union Cancel
4.6. Determination of branch candidates

. . . Fig. 7. lllustration of the building of the initial faulted branch candidates.
Based on DFR records and fault information obtained

from digital relays (such as estimated fault section and fault
type), a list of faulted branch candidates is produced for ¢ Possible faulted circuit, search depth, and the set opera-
the purpose of posing faultsig. 6 is used to illustrate the tors;
approach. e Quantities used for matching.

Suppose that DFRs located at substation A and B are trig-
gered by a fault on the line 2. Then a list of possible faulted
branch candidates based on each DFR location can be ob5, Test results
tained. In order to do so, the depth of the search layers needs
to be specified. The lines directly connected to the triggered  This section presents test results. CenterPoint Energy pro-
DFR are considered belonging to the first search layer. Thevided detailed description of fault cases. The version of the
lines connected to the other side of the lines selected in theutilized PSS/E is 28.0. In the new version, information on
first search layer are considered as the second layer. Fotapped transmission lines is included. The system has 5437
example, the first search layer starting from substation A buses, 5544 lines, 528 generators, 3263 loads, and 1068
consists of lines 1 and 7 and the second layer consists oftransformers. Over 30 DFRs are installed in the system. The
lines 3 and 2. If the search layer is the third, a list of possi- results presented here go well beyond the initial tests results
ble faulted branches can be obtained based on each DFR agrovided when the concept was first introdug&é, 17}

shown below. Fig. 8 shows one-line diagram in which three DFRs, lo-
List 1 (from A):1, 7, 2, 3, 4, 5: gated at the SRlB Cedar Bayoudan?] Sourt]h Cf:h'c?nnel subzta-
List 2 (from B):5, 4. 3. 6. 1, 2. tion, respectively, were triggered when the fault occurred.

The fault occurred on 138 kV system. The actual fault loca-
To produce a list of faulted branch candidates, two set tion, determined and provided by CenterPoint Energy, is on
operators may be used: union and intersection.

Union: 1, 2, 3,4,5, 6, 7; 41405 40540 42360 41620 41580 48234 41590 41370
Intersection:1, 2, 3, 4, 5. fél;f;mnl 2-DI 11 I 06 I 2.7 I 04 I3-0= 17 If;’;g“fhmel
e Ckt.06 27
4.7. User interface 1 41450
40570 45
; ; ; ; Excon Ckt85
_ The information that may be provided by the user is shown 06| j027) 724 0323 o
in Fig. 7. 1 1L 1
Main information inFig. 7 includes it e S - 4150
edar Bayou
138KV

e DFR data interpretation;
e Fault type; Fig. 8. Section of CenterPoint Energy Transmission for case .
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Table 1
Sensitivity study results for case |
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DFR utilized Fault location |Error| (%) Quantities marched

Event 316 40570-41450, 37.2% from 40570 1.8 Current of Ckt. 03 in SRB

Event 316, Event 318 40570-41450, 39.3% from 40570 0.3 All recorded currents and voltages in SRB and Cedar Bayou

All three 40570-41450, 39.6% from 40570 0.6 All recorded currents and voltages

Table 2

The calculation result

Case # Number of DFR triggered Fault type Actual fault location Estimated fault location Error

1 2 BG 48402-40590 48402-40590 0.3
3.32 miles 3.63 miles

2 3 BG 40570-41405 40570-41405 0.0
2.50 miles 2.47 miles

3 1 AB 46570-48412 46570-48412 0.9
1 mile 0.1 mile

4 1 AG 5915-9073 5915-9073 1.0
66.0 miles 66.9 miles

5 3 BG 40620-48295 40620-48295 0.2
2.36 miles 2.13 miles

6 2 CG 46020-3390 46020-3390 0.7
7.77 miles 7.09 miles

Exxon Ckt. 03, 2.5 miles from SRB 138. No line taps are The test results show that the approach is quite promising

located in between DFR and fault location.
According to the analysis report of DFR Assistant, the
fault type is B to ground; the affected circuit based on SRB

as illustrated by the test cases given in the paper.

data is Exxon Ckt. 03; based on South Channel data, it is Acknowledgements

Tenneco poly Ckt. 06; and based on Cedar Bayou data, it is
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Table 1to estimate the fault location. Whatever DFR files
are selected, the estimated results are close to the actual fault

location provided by CenterPoint Energy. The estimated er- Appendix A. List of symbols

rors are smaller than 0.1 mile. In this case, the choice of
particular quantities selected for matching does not affect Cypa
the result.
More fault cases were tested. The detailed results are listedc it
in Table 2
f
f/
6. Conclusion favg
The paper presents a new fault location approach usingfc(x, Rf)
“phasor matching” based on genetic algorithm. The biggest
advantage is to utilize the sparse data to locate fault without
necessarily a need for additional recording device or more f; (X, Ry)
monitored data. It is suitable for the situation in which the
conventional algorithms cannot be applied. The approach fmax
does not refer to a specific section or line; it is based on a

system view. However, a system model including the static Iys and I,

parameters and topology is required.
The recently improved software package has been tested

using some fault cases in the CenterPoint Energy system.ls and Iy

maximum f¢(x, R;) value in the current
population

number of expected copies desired for the
best population member

raw fitness function

scaled value of

average of the fitness values for a specific
generation

defined cost function using either both
phasor angle and magnitude or magnitude
only for matching

fithess function using phasor

maghnitude for matching

maximum of all fiteness values for a
specific generation

during-fault current phasors obtained

from short circuit studies and recorded
phasors, respectively

pre-fault current phasors obtained
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from short circuit studies and recorded
waveforms, respectively

k index of the voltage or current phasors
match

I binary string of length

Ny and N; total number of voltage and current
phasors to be matched, respectively

round() nearest integer of the argument

rry andrygi weights for the errors of the voltages

and currents, respectively
Re fault resistance

Visand Vi during-fault voltage phasors obtained
from the short circuit simulation studies
and recorded phasors, respectively

Visand Vg pre-fault voltage phasors obtained from

short circuit simulation studies and
recorded waveforms, respectively
X fault location
Xp and [} binary number
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