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Locating a fault in a distribution system has always been a critical issue for electrical
utilities. Fast and accurate determination of fault location results in speeding up the
restoration operation and preventing waste of generated electricity in the form of
undistributed energy. Fault location finding process in distribution network is totally
different based on the application of developed algorithms for the transmission lines
due to characteristics of distribution system. On the other hand, Distribution Generation
(DG) units are increasingly being added nowadays to the distribution network.
Considering the imposed impacts of these units on the distribution networks the fault
location operation has even become rather complicated than before. This thesis presents
a fault location algorithm based on the recording of Short Circuit Power (S/C.P) and
Short Circuit Current (S/C.C) values at the source bus of unbalanced radial simulated
distribution networks including DG units. The recorded values are gathered in
separated datasets to be evaluated by the designed Multi-Layer Feed Forwarded Neural
Networks (ML-FFNN) and the fault distances from the source are estimated
accordingly.

Two radial unbalanced distribution networks are considered to implement the proposed
algorithm ; IEEE 34 bus test feeder as a large scale network with the maximum length of
around 60 km and a local 15 bus distribution network as a real network with several
laterals. Three fault types; Three Lines (LLL) Line to Line (LL) and Single Line to
Ground (SLG) are applied in different locations of distribution systems and the values of
S/C.P and S/C.C with their corresponding fault distances are recorded simultaneously.
The designed ML-FFNN using the three different datasets; S/C.P,S/C.C and the joined
S/C.P and S/C.C, estimates the locations of faults. Finally, the estimated locations are
compared with the real fault locations to calculate the difference percentage.



It is explained that the estimated fault locations via S/C.P dataset are rather accurate
than using S/C.C dataset and the most precise estimations belong to the joined S/C.C
and S/C.P dataset for all the three fault types. Furthermore, it is indicated that the
designed fault locator system is able to preserve the accuracy of estimations in presence
of DG units in the distribution network using all the three datasets.



Abstrak tesis yang dikemukakan kepada Senat Universiti Putra Malaysia
sebagai memenuhi keperluan untuk ijazah Master Sains

LOKASI KEROSAKAN DALAM SISTEM PENGAGIHAN TIDAK SEIMBANG
TERMASUK UNIT PENJANAAN PENGAGIHAN MENGGUNAKAN
RANGKAIAN NEURAL

Oleh

PAYAM FARZAN
Julai 2014

Pengerusi: Chandima Gomes, PhD
Fakulti: Kejuruteraan

Mencari kawasan kerosakan di dalam sistem pengagihan sentiasa menjadi isu yang
penting untuk utiliti elektrik. Kawasan kerosakan yang beroperasi secara cepat dan tepat
ini mempercepatkan operasi pemulihan serta mencegah daripada pembuang tenaga
elektrik yang dijana dalam bentuk tenaga yang tidak teragih. Proses mengenalpasti
kerosakan didalam rangkaian pengedaran adalah sama sekali berbeza dengan aplikasi
algoritma yang dibangunkan untuk talian penghantaran disebabkan oleh ciri-ciri sistem
pengedaran. Sebaliknya,kini unit Generasi Pengagihan (DG) untuk rangkaian
pengedaran semakin bertambah. Unit-unit rangkaian pengedaran operasi kawasan
kerosakan ini telah menjadi semakin rumit daripada sebelumnya apabila kesannya ke
atas unit ini dipertimbangkan. Tesis ini menerangkan tentang algoritma kawasan
kerosakan berdasarkan rakaman nilai Kuasa Litar Pintas (S/C.P) dan Arus Litar Pintas
(S/C.C) di rangkaian pengedaran jejarian pada sumber bus yang tidak seimbang
termasuk unit DG. Nilai yang direkodkan akan dikumpulkan di dalam set data yang
telah dipisahkan untuk dinilai oleh Rangkaian Neural Dikirim Penyuap Pelbagai Lapisan
(ML-FFNN) dan jarak kerosakan daripada sumbernya dianggarkan dengan sewajarnya.

Dua jejari rangkaian pengedaran yang tidak seimbang dianggap sebagai algoritma yang
dicadangkan iaitu ujian penyuap bas IEEE 34 sebagai rangkaian skala besar dengan
panjang maksimum antara 60 km dan rangkaian pengedaran 15 bas tempatan dengan
beberapa laterals pula sebagai rangkaian sebenar. Tiga jenis kerosakan iaitu Tiga Talian
(LLL), Talian kepada Talian (LL), dan Satu Talian ke Bumi (SLG) adalah digunakan di
kawasan yang berbeza sistem pengagihan dan nilai-nilai S/C.P dan S/C.C dengan jarak
kerosakan sepadan tersebut yang telah direkodkan serentak. ML-FFNN yang telah
direka menggunakan tiga set data yang berbeza iaitu S/CP, S/C.C dan gabungan S/CP
dan S/C.C menganggarkan kawasan kerosakan tersebut. Akhirnya, perbandingan
anggaran kawasan dengan kedudukan kerosakan sebenar digunakan untuk pengiraan
peratusan perbezaan.



anggaran kedudukan kerosakan adalah lebih tepat apabila menggunakan set data S/C.P
berbanding set data S/C.C dan anggaran yang paling tepat adalah merupakan gabungan
set data S/C.C dan S/C.P bagi ketiga-tiga jenis kerosakan. Tambahan pula, ia
menunjukkan bahawa kesalahan sistem pencarian yang telah direka ini dapat
mengekalkan ketepatan anggaran unit DG di dalam rangkaian pengedaran yang
menggunakan ketiga-tiga set data tersebut.
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CHAPTER ONE

INTRODUCTION

1.1 Overview

Over the past decades, electrical distribution networks have rapidly grown due to
increase of the residential, commercial and industrial demands. Large number of
transformers, regulators and load taps are scattered all over these networks, adding
further multifariousness to the power system. Hence, nowadays distribution networks
are rather complex than last decades due to existence of many laterals and ramifications
including lengthy distribution lines. Moreover, real distribution networks are regularly
unbalanced because of feeding the variety of loads with different connections in the
form of single, double and three phases at the same time.

In recent years, with the growing electricity consumption, governments have followed
the policy of decentralized generation, so that electrical utilities encourage their major
consumers to install distributed generation (DG) units to provide their required
electricity. Connecting DG units to distribution networks has some benefits like
increasing the reliability, reducing the network losses etc. On the other hand, presence of
DG units raise some issues in the network such as changing the level and direction of
short circuit current and power, voltage fluctuation etc.

Delivering safe and reliable electricity to the customers is the main task of distribution
networks. Whenever an interruption or loss of power occurs in the feeder, finding the
cause of interruption is crucial in order to minimize the outage duration. Thus, in order
to reduce effects on customers due to equipment damage, restoration operation should be
done in minimum possible time. Around 80% of interruptions are caused by faults in
distribution systems [1] . It means that fast and accurate fault location has a direct
impact on hastening up the restoration operation.

Locating the faults in distribution networks has always been a challenging task due to its
characteristics. Furthermore, the fault location process becomes rather complicated than
before in the presence of DG units, because of their impacts on the distribution network.

1.2 Research background

During the last decades, many studies have focused on fault locating in the distribution
systems. Recently, some new fault location approaches have been presented in the
literature using data matching technique for matching the measured values of voltage
sag with the simulation results [2], [3] . In some other techniques, impedance matrix
have been used in order to solve quadratic and nonlinear equations [4], [5] . Apart from
the above mentioned approaches, fault location techniques can be categorized into three
main approaches; impedance based methods, traveling wave based methods and



artificial intelligence based methods. In impedance based methods, the distance between
the primary distribution bus and the location of fault is determined using mathematical
equations to estimate the apparent impedance which is seen from the measurement
points. Measured voltages and currents are the main requirements of this type of fault
location approach. Although impedance based techniques have been used during the past
decades, due to the presence of several possible faulty locations at the same distances in
different laterals, they mostly lead to multiple or inaccurate estimations [6] .

Traveling wave based methods work on reflection and transition of generated waves by
faults. In these methods, fault transient detectors should record the time synchronically.
Time difference is calculated from the arriving time of waves to two terminals where the
fault detectors are installed. Then, the fault location is estimated via mathematical
equations using these parameters; velocity of traveling waves, distance between the two
terminals and arriving times. The accuracy of travelling wave based methods is rather
high than the impedance based techniques. But requirements of these methods are; high
sampling rate and installation of expensive devices; the GPS system, some special
diagnostic software and fault detectors. Furthermore, discrimination of the reflected
waves from the faulty points and the remote ends of the feeder is the other serious issue
in this approach [7] .

In recent years, Al techniques have been used and developed in the fault location
context. The instances of Al are techniques such as; Genetic Algorithm (GA), Fuzzy
logic (FL), Artificial Neural Network (ANN), etc. The main requirement of these
approaches is providing appropriate and sufficient datasets for training or developing
logical algorithms. Generally, for fault location purpose the datasets are generated
through load flow and short circuit analysis and measurement of voltage and current at
different points of the distribution system before and during the fault occurrence. Mainly
intelligent methods are more accurate, faster and less costly than other approaches.
Among the intelligent algorithms, exploitation of ANN in fault location studies has
considerably increased due to success and fast progress, ability to design diverse
networks and develop various algorithms.

1.3 Problem statement

When a fault occurs in the distribution network, delivering electricity is interrupted for
the consumers which are in the downstream of the fault. If this interruption takes more
than a specified time it will be considered as a total outage. The result of outage and
fault in distribution system will be disturbance and this condition might lead to
equipment damage and non-continuous power supply for consumers. Moreover,
generated electrical power in the generation units cannot be distributed anymore during
faulty condition. This generated electricity is non-storable, thus, inevitably wasted.
Hence, accurate fault location in the minimum time enhances the distribution system
reliability.



As mentioned before it can be concluded that intelligent techniques are the most
appropriate option for fault location studies. Although in recent years, a number of
intelligent approaches have been published in this context, there are still some issues
which are not addressed effectively. These issues are explained in the following:

i.  Non consideration of other electrical parameters except values of short circuit
current

In most of the proposed intelligent approaches, only reordered values of Short Circuit
Current (S/C.C) at the source bus have been used to evaluate the location of faults. The
recorded S/C.C values for the faults which occur in different laterals with almost the
same distances from the source are close to each other .These values are also similar to
each other for faults which occur in far distances from the source. Using a dataset
comprising similar data may lead to multiple or inaccurate estimations in almost all
intelligent algorithms. To overcome this problem, a very large scale dataset have been
used in most of the intelligent methods [8] . Generally, gathering a large dataset
including occurred fault information in several hundreds of locations is not feasible in a
real distribution network. Although current is the parameter which is notably affected by
the fault, there are other parameters which are also influenced by it. In this regard,
voltage and phase angle need to be taken into account.

ii.  Presence of DG units in distribution systems

Nowadays, number of connected DG units to the distribution system is growing.
Presence of these units in the distribution network is not reflected in most of the
previous methods. Regular fault location methods cannot be implemented in networks
considering the changes which these units impose to such networks; change in the level
and direction of short circuit current, change in in the direction of flowing
active/reactive power and etc. Recently, some Al algorithms have been proposed for
distribution systems including DGs. The estimation accuracy of these algorithms is
highly dependent on the number of DGs [9]. In some cases a very large dataset including
recorded S/C.C values in several locations is required [10] .

iii.  Unbalanced nature of distribution system in the presence of DG units
Almost all real distribution networks are unbalanced in nature due to the unbalanced
loading of different phases and high ratio of resistance to reactance. Indeed, DG units
are added to the existing unbalanced distribution networks. Some previous studied have
presented fault location methods for unbalanced networks, but few of them have
considered the presence of DG units in unbalanced distribution network.

iv.  Recording the values of current and voltage at the fault time in all buses

The effects of short circuit are more sensible at closer distances from the source. Hence,
the source bus is the best place for measuring electrical parameters. In some previous
studies, values of voltage and current have been measured at all buses of the distribution
system by applying faults in various locations [11] . This process is highly time
consuming and lead to a large redundant dataset.



1.4 Objectives

The aim of this thesis is to present an accurate fault location method for radial
unbalanced distribution systems in the presence of DG units. This study is conducted to
achieve the following objectives:

I. To propose a fault location method based on the recording of Short Circuit
Power (S/C.P) values at the source bus of simulated unbalanced distribution
system using Multi-Layer Feed Forward Neural Network

ii.  To extend the proposed fault location method in the presence of DG units in the
typical unbalanced distribution systems

iii. To improve the proposed fault location method by recording both Short
circuit Power (S/C.P) and Short Circuit Current (S/C.C) values at the main bus of
unbalanced distribution system in the absence and presence of DG units.

1.5 Scopes of study
Scopes of this thesis are as follow

In this thesis:

i.  All spots and distributed loads are constant during 24 hours a day.
ii.  The focus is on the low impedance short circuit faults with resistance of 10 Ohm.
iii.  Three fault types are evaluated; 3 Lines (LLL), Line to Line (LL) and Single
Line to Ground (SLG).

1.6 Thesis Outlines
This thesis is presented in mentioned 5 chapters subsequently:

Chapter 1 consists of overview, background, problem statement and objectives of this
thesis.

Chapter2 reveals literature review of this thesis .Following subjects are outlined in this
chapter; distribution networks characteristics, different types of fault location methods,
DG and its impacts on distribution network and introduction of ANN as the selected
method.

Chapter3 describes the research methodology; overview of proposed methodology,
results of load flow analysis, Modeling process of distribution networks with their
connected DGs, explanation of applying faults in different distances from the source and
recording the S/C.P and S/C.C in order to gather the dataset, general steps of applying
ANN, designing a ML-FFNN, tuning the ANN parameters and finally the validation
strategy.

Chapter 4 discusses the results of the thesis. Tables illustrate the estimated fault
locations and difference percentage of estimated distances in comparison with real

4



distances using three different dataset (S/C.C, S/C.P and both S/C.C and S/C.P). They
are separately designed for each fault type and into in two main scenarios; in presence
and absence of DGs. Bar charts clarify the average difference percentages (ADP) values
in order to compare the performance of fault locator system using three different dataset
for both scenarios.

Chapter 5 presents the conclusion of thesis and some recommendations for future
works.

1.7 Summary

In this chapter firstly the overview of the unblended radial distribution systems including
different laterals and in presence of DG units has been presented. It has been highlighted
that accurately locating the fault is crucial for the distribution systems. Different fault
location approaches were briefly explained and it was concluded that the artificial
intelligent based algorithms are more accurate and less costly in comparison with the
others. The main study gaps of Al based methods which are not addressed in the
literature was presented in the problem statement. Then the objectives of this thesis in
order to cover the presented research gaps were described and finally the scopes of study
were clarified in the final section.



[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

REFRENCES

C.-A. Mora-Florez, J. and Ordonez-Plata, “K-means algorithm and mixture
distributions for locating faults in power systems,” Electr. Power Syst. Res., vol.
79, no. 5, pp. 714-721, 2009.

H. Mokhlis and H. Li, “Non-linear representation of voltage sag profiles for fault
location in distribution networks,” Int. J. Electr. Power Energy Syst., vol. 33, no.
1, pp. 124-130, Jan. 2011.

H. Li, A. S. Mokhar, and N. Jenkins, “Automatic Fault Location On Distribution
Network Using Voltage Sags Measurements,” no. June, pp. 69, 2005.

Y. Liao, “Generalized fault-location methods for overhead electric distribution
systems,” Power Deliv. IEEE Trans., vol. 26, no. 1, pp. 53-64, 2011.

W. Xiu and Y. Liao, “Novel fault location methods for ungrounded radial
distribution systems using measurements at substation,” Electr. Power Syst. Res.,
vol. 106, pp. 95-100, Jan. 2014.

G. Morales-Espana, J. Mora-Florez, and H. Vargas-Torres, “Elimination of
Multiple Estimation for Fault Location in Radial Power Systems by Using
Fundamental Single-End Measurements,” IEEE Trans. Power Deliv., vol. 24, no.
3, pp. 1382-1389, Jul. 2009.

M. Pourahmadi-nakhli, S. Member, and A. A. Safavi, “Path Characteristic
Frequency-Based Fault Locating in Radial Distribution Systems Using Wavelets
and Neural Networks,” vol. 26, no. 2, pp. 772—-781, 2011.

H. S. and M. M. Zayandehroodi, A. Mohamed, “Automated Fault Location in a
Power System with Distributed Generations Using Radial Basis Function Neural
Networks,” J. Appl. Sci., no. January, pp. 3032-3041, 2010.

S. A. M. Javadian, S. Member, M. Haghifam, S. Member, and N. Rezaei, “A
Fault Location and Protection Scheme for Distribution Systems in presence of DG
Using MLP Neural Networks,” Power Energy Soc. Gen. Meet. 2009. PES’09.
IEEE, pp. 1-8, 2009.

H. Zayandehroodi, A. Mohamed, M. Farhoodnea, and M. Mohammadjafari, “An
optimal radial basis function neural network for fault location in a distribution
network with high penetration of DG units,” Measurement, vol. 46, no. 9, pp.
3319-3327, Nov. 2013.

78



[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

M. a. Al-shaher, M. M. Sabry, and A. S. Saleh, “Fault location in multi-ring
distribution network using artificial neural network,” Electr. Power Syst. Res.,
vol. 64, no. 2, pp. 87-92, Feb. 2003.

J. Mora-Florez, J. Meléndez, and G. Carrillo-Caicedo, “Comparison of impedance
based fault location methods for power distribution systems,” Electr. Power Syst.
Res., vol. 78, no. 4, pp. 657-666, Apr. 2008.

T. A. Short, EIECTRIC POWER distribution handbook, no. C. 2004.

J. Mora-Florez, J. Cormane-Angarita, and G. Ordofiez-Plata, “K-Means
Algorithm and Mixture Distributions for Locating Faults in Power Systems,”
Electr. Power Syst. Res., vol. 79, no. 5, pp. 714-721, May 20009.

J. J. Mora, G. Carrillo, and L. Pérez, “Fault Location in Power Distribution
Systems using ANFIS Nets and Current Patterns .,” pp. 1-6, 2006.

V. Ziolkowski, I. N. Silva, and R. A. Flauzino, “Automatic Identification of
Faults in Power Systems Using Neural Network Technique,” no. October, pp. 1—
3, 2007.

E. J. Holmes, Electricity distribution network design. 1995.

J. Sadeh and H. Afradi, “A new and accurate fault location algorithm for
combined transmission lines using Adaptive Network-Based Fuzzy Inference
System,” Electr. Power Syst. Res., vol. 79, no. 11, pp. 1538-1545, Nov. 2009.

J. Sadeh, E. Bakhshizadeh, and R. Kazemzadeh, “A new fault location algorithm
for radial distribution systems using modal analysis,” Int. J. Electr. Power Energy
Syst., vol. 45, no. 1, pp. 271-278, Feb. 2013.

M. Mirzaei and M. A. Kadir, “Review of fault location methods for distribution
power system,” Aust. J. ..., vol. 3, no. 3, pp. 2670-2676, 20009.

H. Mokhlis and H. Y. Li, “Fault location estimation for distribution system using
simulated voltage sags data,” 2007 42nd Int. Univ. Power Eng. Conf., no. 1, pp.
242-247, Sep. 2007.

D. L. Lubkeman, S. Member, and A. A. Girgis, “Automated fault location and
diagnosis on electric power distribution feeders,” Power Deliv. IEEE Trans., vol.
12, no. 2, pp. 801-809, 1997.

E. C. Senger, G. Manassero, C. Goldemberg, and E. L. Pellini, “Primary
Distribution Networks,” vol. 20, no. 2, pp. 1332-1340, 2005.

79



[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

S. Saha, M. Aldeen, and C. P. Tan, “Unsymmetrical fault diagnosis in
transmission/distribution networks,” Int. J. Electr. Power Energy Syst., vol. 45,
no. 1, pp. 252-263, Feb. 2013.

A. A. Girgis, C. M. Fallon, D. L. Lubkeman, and S. Member, “wvw,” vol. 29, no.
6, pp. 1170-1175, 1993.

L. Method, F. O. R. Mv, C. Network, A. B. B. A. Products, T. Bedrijf, P. FI, 1.
Modem, F. Locator, M. F. Locator, A. For, C. The, and F. Impedance, “is a
common utility practice in most countries. Moreover, fault recording function,”
no. 479, pp. 323-326, 2001.

P. Division and S. Member, “A Fault Locator for Radial Subtransmission and
Distribution Lines,” vol. 00, no. ¢, pp. 443—448, 2000.

Y. Liao and S. Member, “Algorithms for Power System Fault Location and Line
Parameter Estimation,” pp. 207-211, 2007.

K. Ramar, S. Member, and E. E. Ngu, “A New Impedance-Based Fault Location
Method for Radial Distribution Systems,” pp. 1-9, 2010.

G. D. Ferreira, D. S. Gazzana, A. S. Bretas, and A. S. Netto, “A unified
impedance-based fault location method for generalized distribution systems,”
2012 IEEE Power Energy Soc. Gen. Meet., pp. 1-8, Jul. 2012.

D. S. Gazzana, G. D. Ferreira, A. S. Bretas, A. L. Bettiol, A. Carniato, L. F. N.
Passos, A. H. Ferreira, and J. E. M. Silva, “A hybrid impedance and transient

based analysis technique for fault location in distribution networks,” 2013 IEEE
Grenoble Conf., no. 1, pp. 1-6, Jun. 2013.

D. W. P. Thomas, R. J. O. Carvalho, and E. T. Pereira, “Fault location in
distribution systems based on traveling waves,” 2003 IEEE Bol. Power Tech
Conf. Proceedings,, vol. 2, no. 1, pp. 468-472, 2003.

M. A. R. Bo,Z. Q.,G. Weller, “Accurate fault location technique for distribution
system using fault-generated high-frequency transient voltage signals,” in
Generation, Transmission and Distribution, IEE Proceedings, 1999, pp. 73-79.

Y. Tang, H. F. Wang, R. K. Aggarwal, and A. T. Johns, “Fault Indicators in
Transmission and Distribution Systems,” no. April, pp. 4-7, 2000.

F. H. Magnago and a. Abur, “A new fault location technique for radial
distribution systems based on high frequency signals,” 199 IEEE Power Eng. Soc.
Summer Meet. Conf. Proc. (Cat. No.99CH36364), vol. 1, pp. 426-431, 1999.

80



[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

A. Borghetti, S. Corsi, C. A. Nucci, M. Paolone, L. Peretto, and R. Tinarelli, “On
the use of continuous-wavelet transform for fault location in distribution power
systems,” Int. J. Electr. Power Energy Syst., vol. 28, no. 9, pp. 608-617, 2006.

B. Feizifar, M. R. Haghifam, and S. Member, “Fault Location in Combined
Overhead Line and Underground Cable Distribution Networks Using Fault
Transient Based Mother Wavelets,” pp. 1-5, 2013.

L. Ye, D. You, X. Yin, K. Wang, and J. Wu, “An improved fault-location method
for distribution system using wavelets and support vector regression,” Int. J.
Electr. Power Energy Syst., vol. 55, pp. 467-472, Feb. 2014.

A. Borghetti, S. Member, M. Bosetti, C. A. Nucci, M. Paolone, and A. Abur,
“Integrated Use of Time-Frequency Wavelet Decompositions for Fault Location

in Distribution Networks : Theory and Experimental Validation,” vol. 25, no. 4,
pp. 3139-3146, 2010.

X. Zhul, X. Lui, D. Liu, and B. Zhang, “An Improved Fault Locating System of
Distribution Network based on Fuzzy Identification,” pp. 1-6, 2010.

Z. Z. Fu Xiang, “Research on Complex Electronic Equipment Fault Location
Based on Improved Genetic Algorithm Fu,” pp. 454-457, 2010.

D. Srinivasan, R. L. Cheu, Y. P. Poh, and A. K. C. Ng, “Automated fault
detection in power distribution networks using a hybrid fuzzy—genetic algorithm
approach,” Eng. Appl. Artif. Intell., vol. 13, no. 4, pp. 407-418, Aug. 2000.

J. Coser, D. T. Vale, and J. G. Rolim, “Artificial Neural Network Based Method
for Fault Location in Distribution Systems,” no. 48, pp. 157-162, 2005.

D. Thukaram, S. Member, H. P. Khincha, H. P. Vijaynarasimha, and S. Member,
“Artificial Neural Network and Support Vector Machine Approach for Locating
Faults in Radial Distribution Systems,” vol. 20, no. 2, pp. 710-721, 2005.

J. Coser, D. T. Vale, S. Member, and J. G. Rolim, “Design and Training of
Artificial Neural Networks for Locating Low Current Faults in Distribution
Systems,” Proc. IEEE Int. Conf. Intell. Syst. Appl. to Power Syst., pp. 1-6, 2007.

V. H. Mendez, J. Rivier, J. I. D. La Fuente, T. Gomez, J. Arceluz, J. Marin, and a.
Madurga, “Impact of distributed generation on distribution investment deferral,”
Int. J. Electr. Power Energy Syst., vol. 28, no. 4, pp. 244-252, May 2006.

W. El-Khattam and M. M. . Salama, “Distributed generation technologies,
definitions and benefits,” Electr. Power Syst. Res., vol. 71, no. 2, pp. 119-128,
Oct. 2004.

81



[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

H. Jiayi, J. Chuanwen, and X. Rong, “A review on distributed energy resources
and MicroGrid,” Renew. Sustain. Energy Rev., vol. 12, no. 9, pp. 2472-2483,
Dec. 2008.

B. Kroposki, C. Pink, R. Deblasio, H. Thomas, M. Simoes, and P. K. Sen,
“Benefits of Power Electronic Interfaces for,” pp. 1-8, 2006.

T. Ackermann, G. Andersson, and L. Soder, “Distributed generation: a
definition,” Electr. Power Syst. Res., vol. 57, no. 3, pp. 195-204, Apr. 2001.

P. P. Barker and R. W. De Mello, “Determining the impact of distributed
generation on power systems. . Radial distribution systems,” Power Eng. Soc.
Summer Meet. 2000. IEEE, vol. 3, no. c, pp. 1645-1656, 2000.

G. Pepermans, J. Driesen, D. Haeseldonckx, R. Belmans, and W. D’haeseleer,
“Distributed generation: definition, benefits and issues,” Energy Policy, vol. 33,
no. 6, pp. 787-798, Apr. 2005.

J. a. Martinez and J. Martin-Arnedo, “Impact of distributed generation on
distribution protection and power quality,” 2009 IEEE Power Energy Soc. Gen.
Meet., pp. 1-6, Jul. 2009.

S. Jang, S. Member, and K. Kim, “An Islanding Detection Method for Distributed
Generations Using Voltage Unbalance and Total Harmonic Distortion of
Current,” vol. 19, no. 2, pp. 745-752, 2004.

C. L. T. Borges and D. M. Falcdo, “Optimal distributed generation allocation for
reliability, losses, and voltage improvement,” Int. J. Electr. Power Energy Syst.,
vol. 28, no. 6, pp. 413-420, Jul. 2006.

S. Dahal and S. Member, “Optimal Location and Sizing of Distributed Generators
in Distribution Networks,” in North American Power Symposium (NAPS), 2013,
pp. 1-6.

A. Helal, M. Amer, and H. Eldosouki, “Optimal location and sizing of distributed
generation based on gentic algorithm,” Commun. Comput. Control Appl. (CCCA),
2012 2nd Int. Conf., pp. 1-6, Dec. 2012.

Z. Jiang, T. Guo, and W. Pei, “A New Placement Scheme of Distributed
Generation in Power Grid,” Energy Power Eng., vol. 05, no. 04, pp. 740-745,
2013.

Z. Guo-fang, L. Yu-ping, and S. Member, “Development of Fault Location
Algorithm for Distribution Networks with DG,” Sustain. Energy Technol. 2008.
ICSET 2008. IEEE Int. Conf., no. 210096, pp. 164-168, 2008.

82



[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

Z. Guo-fang, L. Yu-ping, and S. Member, “A Fault Location Algorithm for Urban
Distribution Network with DG,” Electr. Util. Deregul. Restruct. Power Technol.
2008. DRPT 2008. Third Int. Conf. on. IEEE, no. April, pp. 2615-2619, 2008.

S. Conti and S. Nicotra, “Procedures for fault location and isolation to solve
protection selectivity problems in MV distribution networks with dispersed
generation,” Electr. Power Syst. Res., vol. 79, no. 1, pp. 57-64, Jan. 2009.

C. Abbey, “On the Compatibility of Fault Location Approaches and Distributed
Generation,” Integr. Wide-Scale Renew. Resour. Into Power Deliv. Syst. 2009
CIGRE/IEEE PES Jt. Symp., pp. 1-5, 20009.

C. Yuan, X. Zeng, and Y. Xia, “Improved Algorithm for Fault Location in
Distribution Network with Distributed Generations,” 2008 Int. Conf. Intell.
Comput. Technol. Autom., pp. 893-896, Oct. 2008.

D. Network, “A New Fault Location Algorithm for Distribution Network with
DG A . Accessing mode of DG and system structure Determining the fault line
channel based on search tree structure,” in Electricity Distribution (CICED),
2010, pp. 1-7.

H. Zayandehroodi, A. Mohamed, and S. Member, “New Training Strategies for
RBF Neural Networks to Determine Fault Location in a Distribution Network
with DG Units,” Power Eng. Optim. Conf. (PEOCO), 2013 IEEE 7th Int., no.
June, pp. 450454, 2013.

C. Wang, J. Zhao, and Y. Wang, “Fault Location for Distribution Networks with
Distributed Generation Sources Using a Hybrid DE/PSO Algorithm,” Power
Energy Soc. Gen. Meet. (PES), IEEE, pp. 1-5, 2013.

Demuth, “Neural network toolbox for use with MATLAB,” 1993.

D. Doit, “Understanding and Resolving Voltage Sag Related Problems for
Sensitive Industrial Customers,” vol. 00, no. ¢, pp. 2886-2890, 2000.

E. o, “Artificial neural network based fault diagnostic system for electric power
distribution feeders,” vol. 35, no. 0, pp. 1-10, 1995.

C. K. Jung, K. H. Kim, J. B. Lee, and B. Klockl, “Wavelet and neuro-fuzzy based
fault location for combined transmission systems,” Int. J. Electr. Power Energy
Syst., vol. 29, no. 6, pp. 445-454, Jul. 2007.

J. J. Mora, G. Carrillo, and L. Perez, “Fault Location in Power Distribution
Systems using ANFIS Nets and Current Patterns,” vol. 00, pp. 3-8, 2006.

83



[72]

[73]

[74]

[75]

[76]

[77]

[78]

[79]

[80]

[81]

[82]

[83]

[84]

http://ewh.ieee.org/soc/pes/dsacom/testfeeders/, “MVA loss,” IEEE PES Distrib.
Syst. Anal. Subcomm. Distrib. Test Feed. Work. Gr.

R. C. Dugan and W. H. Kersting, “Induction Machine Test Case for the 34-Bus
Test Feeder — Description,” Power Eng. Soc. Gen. Meet., no. IEEE, pp. 6-9,
2006.

S. Santoso, “Induction machine test case for the 34-bus test feeder: a wind turbine
time-domain model,” 2006 IEEE Power Eng. Soc. Gen. Meet., p. 2 pp., 2006.

W. H. W. H. P. Kersting, “Distribution system short circuit analysis,” Energy
Convers. Eng. Conf. 1990. IECEC-90. Proc. 25th Intersoc., vol. 1, no. IEEE,
1990.

P. Systems and C. Aided, “User’s guide on the use of PSCAD,” 211 Commer.
Drive, Winnipeg, Manitoba, Canada R3P 1A3, 2010.

D. L. Chester, “Why two hidden layers are better than one,” Proc. Int. Jt. Conf.
neural networks, Washington, D.C, pp. 265-268, 1990.

I. K. and G. Wilkinson, “Strategies and best practice for neural network image
classification,” Int. J. Remote Sens., vol. 18, pp. 711-725, 1997.

J. Heaton, Introduction to neural networks for Java: Heaton Research. 2008.

and M. H. B. M. T. Hagan, H. B. Demuth, “Neural network design: Pws Pub,” no.
Boston, 1996.

and P. S. Y. LeCun, L. Jackel, L. Bottou, C. Cortes, J. S. Denker, H. Drucker, I.
Guyon, U. Muller, E. Sackinger, “Learning algorithms for classification: A
comparison on handwritten digit recognition,” Neural networks Stat. Mech.
Perspect., vol. 261, p. 276, 1995.

and M. C. K. Chellapilla, K. Larson, P. Y. Simard, “Computers beat Humans at
Single Character Recognition in Reading based Human Interaction Proofs
(HIPs),” CEAS, 2005.

R. G. E. H. Salakhutdinov, “Learning a nonlinear embedding by preserving class
neighbourhood structure,” Int. Conf. Artif. Intell. Stat., pp. 412-419, 2007.

and J. S. D. Claudiu Ciresan, U. Meier, L. M. Gambardella, “Deep Big Simple

Neural Nets Excel on Handwritten Digit Recognition,” arXiv Prepr.
arXiv1003.0358, 2010.

84



[85]

[86]

[87]

[88]

[89]

[90]

[91]

and J. S. D. Ciresan, U. Meier, “Multi-column deep neural networks for image
classification,” Comput. Vis. Pattern Recognit. (CVPR), 2012 IEEE Conf., pp.
3642-3649, 2012.

L. Fausett, “Fundamental of neural networks,” vol. 4, no. Florida Institute of
Technology, 1994.

J. O. Katz, “Developing neural network forecasters for trading,” Tech. Anal.
Stock. Commod., vol. 10, pp. 160-168, 1992.

H. Martin T., and Mohammad B. Menhaj, “Training feedforward networks with
the Marquardt algorithm,” Neural Networks, IEEE Trans., vol. 5, no. 6, pp. 989—
993, 1994.

and E. F. Moreira, Miguel, “Neural Networks with Adaptive Learning Rate and
Momentum Terms,” Tech. Rep., vol. 95, no. 4, 1995.

N. A. Hamid, N. M. Nawi, R. Ghazali, M. Najib, and M. Salleh, “Improvements
of Back Propagation Algorithm Performance by Adaptively Changing Gain |,
Momentum and Learning Rate,” Int. J. New Comput. Archit. Their Appl., vol. 1,
no. 4, pp. 866-878, 2011.

H. Maier and G. Dandy, “The effect of internal parameters and geometry on the
performance of back-propagation neural networks: an empirical study,” Environ.
Model. Softw., vol. 13, no. 2, pp. 193-209, Apr. 1998.

85



	"Fault Locating In Unbalanced Distribution systems Including Distributed generation using Neural Network
	ABSTRACT
	TABLE OF CONTENTS
	CHAPTERS
	REFRENCES



