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Abstract— Two of the most expected objectives of transmission length of the transmission line. For unit protection such as
line protection are: a) differentiating precisely the internal faults  pilot protection, it usually requires a communication litk
from external, and b) indicating exactly the fault type using angmit the blocking or transfer tripping signals. Theref
one end data only. This paper proposes an improved solution S . . .
based on wavelet transform and self-organized neural netw&. the_ re,l_'ab'“ty of the protlectllon §Cheme highly relies ore th
The measured V0|tage and current Signa|s are preprocessedsﬁ rel|ab|l|ty Of the communication ||nk. The cost Of the commu
and then decomposed using wavelet multi-resolution analisto nication link also needs to be taken into account.
obtain the high frequency details and low frequency approx Recently, new techniques using high frequency components
mations. The pattems formed based on high frequency signal ¢ e f5,1t generated transient signals were studied and

components are arranged as inputs of neural network #1, whes ful soluti btained [11-14]. A h
task is to indicate whether the fault is intemal or exteal ~SOME useful solutions were obtained [1}-[4]. An approac
The patterns formed using low frequency approximations are called “boundary protection” for solving the disadvantage

arranged as inputs of neural network #2, whose task is to indiate  of conventional non-unit protection schemes was proposed

the exact fault type. The new method uses both low and high [2] [5]. This approach introduces a possibility of pretyse

frequency information of the fault signal to achieve an advaced it rentiating the internal faults from external usingalérom

line protection scheme. The proposed approach is verified gy .

frequency-dependent transmission line model and the tesesults ON€ €nd only. In this case, the relay at one end can protect the

prove its enhanced performance. A discussion of the applitmn ~ €ntire line length with no intentional time delay.

issues for the proposed approach is provided at the end where Regarding the fault type selection or classification, the

the generality of the proposed approach and guidance for futre  traditional method is based on the fundamental frequency

study are pointed out. phasors. The feature formed by a nonlinear ratio between

Index Terms— Adaptive resonance theory, boundary protec- voltage and current phasors is compared to the threshold to

tion, fault classification, neural network, pattern recogrition,  find out the faulted phase [6]. This kind of method is affected

power system faults, power system protection, wavelet traform. by the different conditions such as remote-end infeed,t faul
resistance, mutual coupling of parallel lines, etc. Anralke
solution is to use artificial intelligence schemes such asaie

. INTRODUCTION network based algorithm [7], [8].

perfect transmission line protection scheme is expectedThIS paper introduces a new approach based on wavelet

to: a) differentiate the internal faults from external pret_ransform and a self-organized neural network to realizeiac

cisely so that only the faulted line will be removed; b) pawi rate boundary protection and fault type classification gisine

the exact fault type selection so that advanced single-p B . .
tripping and reclosing schemes can be implemented. T gauency and high frequency component of the fault signal

reliability of those two functions is highly desirable scath to achleve_h|gh_ reliability and selectivity O.f the protexti

the impact of faults on system stability is reduced. ;chg_me. It inherits many advantages from different teakasq
The traditional line protection schemes based on fund'é—um'zes' ' . .

mental frequency components of the fault generated transie '€ Paper first presents, in Section Il, the background of

voltage and current signals, can be classified into two cafi2undary protection. Brief introduction of wavelet traorsh

gories: a) non-unit protection and b) unit protection. Tla-n gnd se!f-orgamzed negral network a!gonthm are then m'

unit protection schemes use one end transmission line d%&lé?ec“?” i ar_ld Section IV respectively. Section \_/debee

while the unit protection schemes usually use data from tvyae entire design procedure of t_he new protecﬂon sche_me,

ends. The non-unit protection such as distance relay, can Fjlowed by a performance study in Section VI. A discussion

protect the entire length of the primary line because it c& the application issues for the proposed approach is geobi
not differentiate the internal faults from external ocaugr In Section VII. Conclusion of the paper is summarized at the

around the multi-zone boundaries. Backup protection may B@d'
introduced as a trade-off approach for protecting the entir
Il. BACKGROUND OF BOUNDARY PROTECTION

This work was supported by NSF I/UCRC Power Systems Engimgper o ) ] ]
Research Center (PSerc), project S-19 titled “Detectiorevéhtion and ~ The principle of boundary protection was studied in [2].

Mitigation of Cascading Events”. _ The previous work is explored in this section to provide
N. Zhang and M. Kezunovic are with the Department of Eleatriand

Computer Engineering, Texas A&M University, College StafiTX 77843- background of the new ap.proach i.ntrOduce.d _in this paper. The
3128, USA (e-mails: zhangnan@tamu.edu, kezunov@ece gamu system shown in Fig. 1 is a typical multi-line system. We



Relay . Forward the fault is internal or external. The advantage of this roéth
BaCkwardZ l Primary Line is justified by the result from a performance study.

1 Line Line I L ) . R . .
@ i @ Still some issues are remaining in this method: a) The

direction of the external faults can not be distinguishetesi
only the current signal is used. The method also has no
phase selection function available; b) The theoreticaishias
selection of the center frequency of the extracted featanels

Fig. 1. A typical multi-line system selection of the thresholds is not apparent; c) The reltgbil

of the method is unknown since only high frequency signal

h lav is i lled he B he i is used. It may be affected by the disturbance from noise,
assume the relay Is installed at the ugo protect the fine switching, lightning, etc; d) There are no extensive stsidie

2 _d 3bshgwn n _the f'gli're' A faglt on the Il_nes I\/VlIIT%lene_rateE ovided for the performance evaluation under varioustfaul
wideband transient voltage and current signals. The S9Ngsnditions. As mentioned earlier, the boundary conditiom a

will travel in both directions with reflections and reframts .. -
; o . . highly dependent on fault type, fault resistance, faultl
at the discontinuity points, which are usually the buses a y dep YP ang

faults. The bus of the power system is always connected to1lhis paper provides a new boundary protection scheme

many power system apparatus and they usually representénﬁed at solving those issues. First of all, the voltage and

(éapacnantce atl?lgrwwf;e(?ueniy.tl'hlz egffe:\[ﬁt |i_srr1]ofwn N FIg. &yrrent signal will both be used; this can provide more infor
or an external faull’z close o the bus, the high ITEqUENCY ., 440 apout the direction of the fault point. The new scheme
portion of the fault current signak will be shunted to earth uses wavelet transform as the feature extraction tool theret

(in Io) significantly due to t_he_pus Capaqitance. The high%r no need to design extra filters. Wavelet transform has a
the frleqﬂlegcy, r:he mdorg S|gnf|]f|cant portlon fth the lcurri@trong capability of extracting the signal component under
signal Wil be S unted. From t e_wewpomt of the re ay,_t fifferent frequency bands while retaining the time domain
magnitude of high frequency portion of the fault currenhsly information. Secondly, the extracted features will be head

1, is reduced. In contrast, for the internal fadfil close to using a self-organized neural network algorithm [7]. Wit i

the bus3, the fault current of the entire frequency band Caé‘trong capability of generalization and training mechami

k}e Teen byf thle relgy. Thatfmtleans, lif Othefdfa“'.;;"”di“o'aﬁn be used as an alternative solution when theoreticas basi
(fault type, fault resistance, fault angle) are identioet, can for dealing with the fault generated high frequency signal

differentiate the internal faulf'l from the external faultt'2 components is not well defined. The neural network based

by (_:omparing the high frequency portions of _their s_ignalEl orithm is also capable of implementing a superior fault
Similarly, the same method can be used to differentiate t ssification scheme. Finally, the new scheme will use both

E;lts at.F3 ?ndl F;Usmg;hebvoltage sg_r;fals, we ca;n ‘T‘t'"the low and high frequency components of the fault signal to
lfterentiate faults at’l and /"2 but can not differentiate faults ¢ jinate impact from non-fault disturbances. The religbi

at F'3 and 74 because the voltage measurements of the relgxd robustness of the method will be verified by an extensive

are obtained from bu$. . .
study for various kinds of faults.
The feature differences of the faults on different line sec- y

tions seen by the relay at basin Fig. 1 can be summarized
as follows:

« For faults on the primary line, the energy of high fre- Wavelet analysis is a relatively new signal processing tool
quency portion of the voltage and current signals will band is applied recently by many researchers in power systems
seen as “big” values. due to its strong capability of time and frequency domain

« For faults on the backward line, the energy of higRnalysis [9], [10]. The two areas with most applications are
frequency portion of the voltage signals will be seen d¥Pwer quality analysis and power system protection [113}[1
“big” values while the energy of h|gh frequency portion The definition of continuous wavelet transform (CWT) for
of the current signals will be seen as “small” values. @ given signalz(t) with respect to a mother wavelet(?) is:

o For faults on the forward line, the energy of high fre- 1 e f b
quency portion of the voltage and current signals will be CWT(a,b) = _/ z(t)y (_> dt (1)
seen as “small” values. Va ) a

It should be emphasized that the above statements are basadherea is the scale factor andlis the translation factor.

on the assumption that all other fault parameters are theFor CWT, t, a, b are all continuous. Unlike Fourier trans-
same and the “big” and “small” value are indicating relativéorm, the wavelet transform requires selection of a mother
numbers. The absolute values are dependent on fault tyge, favavelet for different applications. One of the most popular
resistance, fault angle, etc. mother wavelets found for power system transient analysis i
In [2], the author uses a specially designed multi-channisle literature is Daubichies’s wavelet family. In this pgpke
filter to extract the transient current signals for two signalb5 wavelet is selected as the mother wavelet for detecting the
outputsisy, Iro with center frequency a&80kHz and1kH~= short duration, fast decaying fault generated transieyrads.
respectively. Then the ratio of the energy spectrunyfor I, The application of wavelet transform in engineering areas
is calculated and compared to a threshold to find out whethesually requires discrete wavelet transform (DWT), which

F4 I F3 F1 l

= Io

I1l. WAVELET TRANSFORM



implies the discrete form of, a, b in (1). The representation s
of DWT can be written as:
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where originale andb parameters in (1) are changed to be (a) Original Signal
the functions of integers, n. k is an integer variable and it e
refers to a sample number in an input signal. 200
A very useful implementation of DWT, called multi- ol
resolution analysis, is demonstrated in Fig. 2. The origini 400t
sampled signak(n) is passed through a highpass filtgn)
and a lowpass filtei(n). Then the outputs from both filters
are decimated by2 to obtain the detail coefficients and
the approximation coefficients at levél(D1 and A1). The
approximation coefficients are then sent to the second ste
to repeat the procedure. Finally, the signal is decomposed
the expected level. In the case shown in Fig. 2, if the origin:
sampling frequency i¢", the signal information captured by
D1 is betweenF/4 and F/2 of the frequency bandD2
captures the information betwedty8 and F'/4. D3 captures Al
the information betweett’/16 and F'/8, and A3 retains the A0t . . . . - - . ]
rest of the information of original signal betweerand F/16. 200 400 BOD 800 1000 1200 1400 1600
By such means, we can easily extract useful information fro 0 - 0o
the original signal into different frequency bands and a& th ok
same time the |nf0rmat|0r_1 |s_matc_hed to the related tirr 00 200 600 E00 1000 1200 1400 1emo
period. An example, given in Fig. 3, illustrates the proaedu 4r ' ' ' ' ' ' ' ™
The original signal is one cycle of a post-fault current sign S' - 1 O
as shown in Fig. 3 (a). We ust5 wavelet to make & level 2t . . . . . . . .
decomposition. The reconstructed versions of each detdil a 200 400 GO0 800 1000 1200 1400 1600
the approximation are shown in Fig. 3 (b). The information a Samples
original signal is clearly represented at each frequenaydba (b) Decomposed Signal
The original signal can be reconstructed by adding up those
wavelet signals at the same sample point. The wavelet tgolbgg. 3. An example of wavelet multi-resolution analysis
in MATLAB provides a lot of useful techniques for wavelet
analysis [14].
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The above issues can be avoided by applying a “soft”
IV. SELF-ORGANIZED ART NEURAL NETWORK criterion based on atrtificial intelligence techniques. Néu
ALGORITHM network is such a technique and has been studied in the power

The traditional transmission line protection schemes aggstem area for quite a while [15]-[17]. Its major advantage
mostly based on calculation of certain electric values &eé t is that it can take into account several features of the input
comparison to pre-defined thresholds. This kind of metheggnals simultaneously and compare the patterns accotding
relies on a “hard” criterion. The settings require complesheir mutual similarity instead of the “hard” thresholds.
system anaIySiS to cover worst case fault conditions. ThiSThere are several types of neural networks used for power
method can only consider one criterion at a time, hence tsgstem protection. The multi-layer perceptron (MLP) néura
ﬂelelllty is limited. The threshold based algorithm neess network with back propagation (BP) a|gorithm is the one that
tensive theoretical analysis and verification through @late \y g5 dominantly used in the power system studies since it
field evaluations. can be easily realized. Dealing with large input set, silgct

the number of hidden neurons, and facing the convergence
Detail I (DI) problem are the inherent issues when applying MLP neural
networks.

In this paper, a type of self-organized, adaptive resonance
theory (ART) neural network [18] is used. The prototype of
this algorithm is described in [7]. The scheme is illustdate
briefly here and more details can be found in [7].

A 2-D example is shown in Fig. 4. The raw input patterns
belonging to two categories are presented in a normalizZed 2-
Fig. 2. Wavelet multi-resolution analysis space as shown in Fig. 4 (a). The objective of neural network

Detail 2 (D2)
Detail 3 (D3)

Approximation 3
(A3)
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(a) Original input data set
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(b) Clusters obtained by unsupervised/supervised
learning

An example of training mechanism of adopted neuraivork
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Fig. 5. The architecture of neural network training
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and the process is similar to that in initialization phaske T
iterations will not end until the initial unstable clusténsture
becomes stable and no patterns change clusters after a singl
iteration.

During supervised learning, class label is assigned to each
input pattern allowing separation of homogenous (all patte
belong to same class) and non-homogenous clusters produced
in unsupervised learning. For homogeneous clusters, their
position, size, and category are stored into the memory and
the patterns from those clusters are removed from current
training pattern set. The remaining patterns, presenteim
homogenous clusters, are left for new learning iterations.
When all clusters are examined, the new data set is sent to
next unsupervised/supervised learning iteration withuced
threshold, as shown in Fig. 5. The entire learning process is
completed when all the patterns are grouped into homogeneou
clusters with predefined class labels.

The advantage of this kind of neural network is that the
number of clusters is increased and their positions aretagda
automatically during the learning, and there is no need to
define them in advance. This is the reason why the selection of
the number of hidden neurons is not an issue in this method.
Regarding large data set and convergence issue, the data set
can be separable no matter how many input data are presented
since the size of the clusters can be reduced infinitely durin
training.

The prototypes of trained clusters are used for on-line
detection of unknown patterns. If the new pattern falls ia th
sphere of a cluster, the pattern is assigned to the catelgatry t

training is to allocate the input data into several protetyg-luster belongs to. If the new pattern falls in an unclaimed

clusters that belong to same categories or classes acgdadin@rea, fuzzy K-nearest neighbor (K-NN) algorithm [19] is dise

their mutual similarity, as shown in Fig. 4 (b). ¢
The neural network training uses a mechanism of clusterif surrounding clusters.

technique with combined unsupervised and supervised-learn

ing. The architecture is shown in Fig. 5.

Unsupervised learning is the first stage aimed at processing
the raw data set. During this stage, the category of eacbrpattA'

for assigning its category by taking into account the infesn

V. DESIGN OF THE NEW PROTECTION SCHEME

Overview of the Scheme

is not presented in advance. The input patterns are groupedhe framework of the entire protection scheme is shown in
by themselves according to their mutual similarity. Neithe=ig. 6. We assume that standard design of an intelligent elec
the initial guess of the number of cluster nor their positi®n tronic device (IED) can be adjusted to meet the requirement
specified in advance. Unsupervised learning consists of twbthe proposed scheme.

steps: initialization and stabilization. In initializati phase, = The three-phase secondary voltage and current signals
the entire pattern set is presented only once to establgtown in Fig. 6 are obtained at the sampling rat@@fk H .
initial cluster structure based on similarity between grats. The zero-sequence voltage and current are obtained bygddin
The Euclidean distances between patterns are measured @mdhe phase values. Through the signal preprocessing, stage
compared to the current threshold (radius of the cluster) tioe pre-fault steady state component is removed from each
decide whether they belong to same clusters. In stabihizatisignal. Then the wavelet multi-resolution analysis is ufed
phase, the entire pattern set is being presented numenoess tidecomposing each signal into low frequency approximation



| | | & | | | ’CI? every time step after preprocessing stage, the eight-eéhann
signals are sent to the wavelet transform stage. Using the
| Va [ Vb | Ve [3Vo] Ia | Ib | Ic | 3lo | scheme shown in Fig. 2, the signals are decomposed ting
l l l l l l l l wavelet to level 5. Since the sampling rat{®k H z, the ob-
tained coefficientsls, D5, D4, D3, D2 and D1 correspond to
the frequency band df—3.125kH z,3.125—6.25k H 2, 6.25 —

Signal Preprocessing

l l l l l l l l 12.5kHz,12.5 — 25kH 2,25 — 50k H z, 50 — 100k H =z respec-
Signal Decomposing by Wavelet Tranform tively. _Those. values are used for feature extraction in ibk-p
up unit and in the neural networks.
4& 4} For the pick-up unit, the purpose is to avoid the non-fault
| Feature Extraction 1 | | Feature Extraction 2 | disturbances. The method is flexible and easy to realize. For

instance, we can compare the energy spectra of the approxi-
mation A5 and the detailD3 of three-phase currents with the
pre-defined thresholds, as shown in (4). If the conditionét m

in any phase, the boundary detection and fault classificatio

Pick-up Unit

Y A4 are activated.
Neural Network #1 Neural Network #2
(Boundary Protection) (Fault Classification) [E (As) > Thresholdi] & [E (D3) > Thresholds]  (4)
v v where

Final Decision

I

Fig. 6. Overview of proposed protection scheme

—app— A5 (k)Ata b =a, bv c
k)

2
p
Ip2—det—D3( Atv b =a, ba &

and high frequency details. The information is used foramottr

ing the features and forming the patterns for neural network
algorithm. Two neural networks are trained to handle the I,_qpp— a5 and I, _g4.;— p3 represent the wavelet signals at
boundary protection and fault classification respectivelye A5 and D3 respectively, as shown in Fig. 3.

final conclusion can be made by simultaneously combining theAt is the time step for the samples:. is the humber of
conclusions of the two neural networks and then appropridtdéal samples in a data window.

actions should be issued by the relay. A pick-up unit is The pattern arranged for boundary protection is shown in
introduced before the neural network algorithms as a tlmldsh Fig. 7 (a). For that pattern, there are four features obitbioe

to screen the non-fault disturbances in low frequency baode of the phase voltages and currents. Therefore the patter
(such as overload, power swing, etc.) and in high frequendimension i24 x 1. The four features in each phase are defined

E(45) = zm:
k=1
E(D3)=>_
k=1

band (such as noise, switching, lightning, etc.). as follows:
B. Signal Preprocessin
e TTEpTocEsng 21 = 10g[E (D1) /E (Ds)]

To reduce the impact from the pre-fault load and only oo [E (D) JE (D
consider the post-fault abrupt variation of voltage andenir w2 =log[E (D1) /E (Dy)] (5)
waveforms, a simple signal preprocessing method is used as z3 = log [E (D2) /E (Ds)]
follows [20]: x4 = log[E (D2) /E (Dy)]

i(k) =i(k) —i(k — n); 3)
v(k) =v(k) —v(k —n)

wherek represents the sample number at the current mea- st
suring point andn represents the number of samples in one
cycle. |1 X1 X2 X3 X4 | | | | X24)

By this approach, the pre-fault steady state components are Va Voo Ve la Ib e

removed from the observed measurements. When there is no

. (a) Pattern for neural network #1
fault, the obtained voltage and current samples from (3) are

close to zero (normal state), or small values (under power J ________ I e e e e e e e e e I
swing). When there is a fault, the fault-generated transien
values are observed clearly. L Vis| ' ' ' ' ' L Vizs)

Va Vo Ve 3Vo Ia Ib Ic 3o

(b) Pattern for neural network #2

C. Feature Extraction

The features used as inputs of the neural network are
extracted from half cycle of samples in a sliding window. AFig. 7. Pattern arrangement for two neural networks



where E(D,,) is the energy spectrum at detailand the before the training and testing process. A general equdtion

definition is the same as in (4). defined as:
The reason for this arrangement is explained next. As , ,
mentioned in Section I, the main feature differences betwe p=2x [p—min(p)]/[maz(p) —min(p)] =1 (7)

the external faults and internal faults are preserved im tigh wheremin(p) andmaz(p) are the minimum and maximum
frequency components. The higher the frequency, the Mg, es of the entire input space of featyre
prominent the feature difference. Therefore, the energgtsa  Eor neural network#1, the min(p) and maz(p) must be

of higher frequency details are taken as the main featurgs,ng individually for each feature, and they are defined as:
The absolute values of the energy spectra of higher frequenc

details are strongly dependent on different fault typeltfau , ,

resistance and fault angles, etc. To reduce that influehee, t min(x;) = min[zyi, . .., Til; ®)
energy spectra of the lower frequency details are taken as maz(x;) = max[rii, ..., Tk

the reference. If only one high frequency detail and one low -
frequency detail are used, it is easy to lose the robustmess a wherel: represents the number of the training patters,

the redundant information obtained by wavelet transform is For neural networki:2, only fourmin(p) andmazx(p) are
needed. Equation (9) gives the pairs for features of phase

wasted. As shown in (5), we take the two highest frequenc } . }
details as main features and the two lowest frequency detali ltagesy; (Va, Vi, Ve). The values fo;(3Vo), yi(la, Iy, L)

as references. andy;(31p) are calculated in a similar way.

The pattern arranged for fault classification is shown in

i Y1, (Va)a ey Yk, )(Va)
Fig. _7 (b)_. For that pattern, there até featu_res per phase minlyi (Va, Vs, Vo)] = min yi,]l(VbL yz,llis(Vb)
obtained in half cycle of voltage or current signals. Theozer via(Ve), ooy wykae(Ve)
sequence voltage and current are also taken into account for ©)

indicating whether the ground is involved during the falite y1,1(Va), ooy yr16(Va)
entire input pattern dimension 128 x 1. The features are the " e“lvi(Va Voo Vol = maz | wnafid)s oo wiofh)

samples decimated through the approximation coefficients:
VI. PERFORMANCE STUDIES
A. Power System Model

The neural network based fault classification using raw The performance studies in this paper are based on the
voltage and current samples was studied in [7]. The perfg30kV power system model shown in Fig. 8. The system is
mance is very good but the following problems still existnodeled using alternative transient program (ATP) [21]ereh
a) the algorithm may be influenced by the system operatifige three transmission lines are J. Marti frequency-depend
conditions and power swing; b) by combining fault zonenodels created in ATP-LCC subroutine in order to observe
detection, the performance will be degraded. The first @bl the frequency effects more accurately. The lengths of theeth
is solved here by introducing the signal preprocessingestagines are set identically t@00 miles for simplicity. The bus

For the second problem, since the neural netwpikhandles capacitances are set identically®td .. F', which is the typical
the task to differentiate the internal faults from exterma&lural value from the literature.

network #2 can focus on the fault events on the line of

interest only. The number of both inputs and outputs for _

neural network training is reduced. Hence the accuracyuf faB- Feature Comparison

classification will be improved significantly. This section will give some examples of feature comparison

from different fault scenarios.

- . For the boundary protection, six fault points are selected

D. Neural Network Training and Testing for comparison, asysrt)wown in Fig. 8. Thopse fault points are
The final stage of this scheme is to train and test the ticated5 miles away from the nearest bus. For illustration,

neural networks using simulated fault scenarios. The fielge randomly selected an ABG fault, with fault resistance of

recordings could be used as additional scenarios to ctdibra0) and fault angle of70° identical for all six fault points.

the neural network training. Thousands of fault scenaridiSthe six fault scenarios form the entire input space, we can

could be generated taking into account the different fault

types, locations, resistances and inception angles. Fog&es

(y1,--.,y16) = Decimated[Coef(As)] (6)

scenario, two corresponding patterns as shown in Fig. 7 are

formed for the two neural networks respectively. Both of the500 |y | Backward Primary Forward 500 KV
networks form their pattern prototypes (clusters) durihg t 1 Line 2 l Line 3 Line 4
training. The neural networks are then tested by another d{"u l l l l Qv
set. If the performance is acceptable, the solution can bd us lf fif l f i

It should be noted that the patterns shown in Fig. 7 (a) and
Fig. 7 (b) need to be normalized into the range[efl,1] Fig. 8. The studied multi-line system



obtain the patterns for boundary protection (neural nétwo
#1) as shown in Fig. 9.

The arrangement for each pattern is the same as the «
shown in Fig. 7 (a). The first half represents the voltac
features and the second half represents the current featu
Comparatively, the internal faults &1 and F'2 have higher
values for both voltage and current features. The forwa
faults atF'3 and F'4 have smaller value for both voltage anc
current features. The backward line faultsFt and F'6 have
higher value for voltage features and smaller value foremirr
features. The effect is much clearer for the fault point gail
(F1 and F6, F2 and F'3) located on opposite side of the
same bus. Those results confirm the conclusions in section
which means the faults on different line sections are cfear
differentiable.

At F'1, a set of scenarios including all fault types is gen
erated to demonstrate the features for fault type classdita
The fault resistance and fault angle are also selectef)@s
and70° respectively. The patterns of all fault types for neure
network #2 are shown in Fig. 10. The arrangement for eac
pattern is the same as the one shown in Fig. 7 (b). As can
seen, the waveform is clearly presented only for the phas
involving the fault. In that case, all the fault types areoals
easily differentiable by this pattern arrangement apgroac

C. Neural Network Training

We generated a set D60 fault scenarios for the system
shown in Fig. 8 using interactively ATP and MALTAB [22] as
simulation tools for training the neural networks. On edob |
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Fig. 10. Pattern comparison for fault classification (nkaetwork #2)

the range of0 — 100€2, and several fault angles in the range

section, there aré&320 fault cases taking into account all theof 0 — 180°.

fault types, five fault locations &5, 50, 100, 150, 197.5 miles
from the bus at the left-hand side, several fault resistwimte
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Fig. 9. Pattern comparison for boundary protection (nenedvork #1)

For neural network #1, al3960 cases are used as inputs
for training. The outputs of the neural network are “Normal”
“Primary line fault”, “Forward line fault” and “Backward tie
fault”. For a comparison, we select two features from the
input pattern of the entir8960 cases to compare the feature
differences, as shown in Fig. 11. The meaning of those two
features for each pattern can be found using Fig. 7 (a) and
equation (5). We can see that in general, the features from
different line sections can easily be differentiated sittoey
are generally distributed in different ranges. We can a&® s
that there are also some spikes observed for voltage anehturr
features. Those spikes are primarily due to some abnormal
ratios of high/low frequency component of fault signals in
the un-faulted phase. For example, for a B-C fault, the""
feature in Phase A could be an abnormal spike since there is
nearly no high frequency component in each frequency band.
The neural network training can tolerate the abnormal featu
since all of the features in three phases will be taken into
account by the training process. That is where we can benefit
from the neural network algorithm to deal with the problem.
If those exceptions do not exist, we can use “hard” threshold
directly for the boundary protection.

For neural network#2, only 1320 fault cases on the primary
line are used as the inputs for training since only the events
on the primary line are of concern in this case. The outputs
of neural network#2 indicate the fault type directly.
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Fig. 12. Feature comparison faults close to the buses

Fig. 11. Selected two features for generated 3960 cases

last section. In order to give an overlook of the generality o
D. Performance Testing the proposed scheme, this section will provide a discussion

We generated anoth@000 fault scenarios for testing thefor other relevant issues based on more simulation results.
protection schemes. There at600 fault cases on primary Only boundary protection is considered since once thedeult
line and500 for each of the other two lines. Those cases afgction is located, fault classification using low frequenc
selected froml5 fault points, including the six points shownapproximation of the fault signal is not difficult.
in Fig. 8 and nine at other locations distributed along the
three lines. The fault points are different from those in tha, Fault and System Operating Conditions
training scenarios. For each fault point, other fault patETs 1) Faults close to the Bus Different fault parameters,
are generated randomly for all fault types, fault resistanc, it types, fault locations, fault resistance and fautieiption
in the range of0 — 10012, and fault angles in the rangeyngles, have been included in the performance studiestin las
of 0 —180°. The randomly generated scenarios may consi§iction. The test results using random scenarios showhéat t
of some extreme cases and thus can demonstrate an ovef@lformance of the proposed scheme is less affected by those
statistical performance of the proposed scheme. _parameters. In an addition, it is interesting to examine the
~ For boundary protection, the accuracy of fault detectiqfyytection scheme performance for the faults occurringat t
is 99.7%. Among the six incorrect cases, only one involveg, , siges close to the buses. Fig. 12 gives a feature coroparis
the fault event on the primary line. For other five cases, g, yhose kinds of faults. Referring to the system shown in
algorithm confuses the forward faults with the backwardtu Fig. 8, four ABC faults at”'1, F'6, F2, and F'3 with identical
Regarding fault type classification, onlyof the 1000 cases ¢, it resistances and fault angles are simulated. This tirae
is incorrect. The accuracy i89.9%. The overall accuracy ¢, it |ocations are placed directly behind the related buse
combining the boundary protection and fault CIaSS|f|_cauan Fig. 12, we can see the two pairs of faults directly at each
be calculated agl — 7/2000) x 100% = 99.65%. Obviously, gjqe of the busesFl/F6 and F2/F3, still have significant
the overall performance of the proposed scheme is very go@gterences in the extracted features. Therefore, the qmeq

scheme will not have troubles in differentiating the intdrn
VIl. DISCUSSION OF APPLICATION ISSUES faults close to the bus from the external ones.

The previous section has evaluated the proposed protectio) System Operating Conditions: The simulations in Sec-
scheme based on a typical system configuration. The ré&ah VI are based on the normal system operating conditions.
system may have different operating conditions and differelt is interesting to examine the proposed protection scheme
system configurations from those of the test system usecin tturing different loading conditions, topology changes tue



the line outages, etc. To simulate this effect, we geneffated
sets of scenarios. The loading conditions and line outages i
other parts of the system can be emulated by adjusting t
phase angle difference between the two sources. The drigi
neural networked is trained when the phase angle differer
is 5°. Two sets of test scenarios are generated when t
phase angle difference aB®° and60° respectively. Another
two sets of test scenarios correspond to the situationsigluri
the forward and reverse line outages respectively. For ez
test set, each line section h&80 fault scenarios which are
randomly generated with different fault parameters. Nbt t
the neural network is not retrained and it is exactly the one
used in Section VI. The test results shown in Table | indica*~
that without retraining the neural network, the protectio
scheme still has good performance during different loadir
conditions and possible line outages in the system. When 1
line outage causes significant change of power flow patteri
the performance of the protection scheme will be somewh
influenced. For our studied system, the forward and rever
line outages are the most severe topological changes for
protection area. It would be better to store more than one ¢
of trained neural networks to be able to respond to this kir
of variance.

B. System Parameters

1) Bus Capacitance: The existence of bus capacitance ifig. 13,

the high frequency band is the basic assumption for the

proposed protection scheme. The value of the bus capaeitanc

is the sum of the total capacitances of the equipment coadect
to the bus. The value selected in this paper is a typical one fo
EHV transmission system according to [2]. The real syste
may not have an exact bus capacitance as used in this pz
since the size and design of different substations will k
different. It is interesting to see how the proposed scher
responds or can be adjusted to different bus capacitanc
Fig. 13 shows a feature comparison of two faultsF&t and
F'3 with other fault parameters identical in the system show
in Fig. 8. In Fig. 13 (a) the features are extracted when tt
bus capacitance is set @sluyF while Fig. 13 (b) are the
features for bus capacitance @O5u.F'. It is obvious that the
latter case has worse feature difference than the formere If
increase the sampling rate 500k H z, the results are shown
in Fig. 14. As shown in Fig. 14 (a), the feature differenc
for those faults with bus capacitance @5, F is improved

F2

F3

F2

F3

F2

F3

F2

l:l

LN I

2 4 8 8 1D 12 1t1 18 18 2D 22

T T T T T T T T T T

-
Lo Ll UL T |
QI 1‘1 llﬁ : 1ID 1I2 1Ix'1 1;3 18 QID 22

g

24

i]

-1

24

(a) Bus Capacitance =0.1uF, Sampling Rate = 200kHz

Wl |4

R - ! I I I I I I I I I

1EI|_I|I|

2 4 B 8 10
(b) Bus Capacitance =0.05uF, Sampling Rate = 200kHz

"Il"ll"lﬁ

14

12 16 18 20 22

Horizontal Axes for all figures: Position of the features
Vertical Axes for all figures: Normalized values of the features

Feature comparison for different bus capacitarftes

Inlinalinaliilacllaslls;

0

L 1 1 1 1
2 4 E ] 1D 12 M 16

B

1 8 2D 22

(a) Bus Capacitance =0.05uF, Sampling Rate = 500kHz
ﬁIIIIIIIIIIIIII-III-IIIJ

R L L L L L L L L L

1
22
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TEST RESULTS FOR DIFFERENT SYSTEM OPERATING CONDITIONS
F3
"IN
DE(PL) | DE(FL) | DE(RL) OA .I II
PA-30° 0/100 1/100 1/100 | 99.3% T4 5 e 0 12 14 & e ;o2 2
_AN°
PA-GO 0/100 1/100 0/100 | 99.6% (b) Bus Capacitance =0.1uF, Sampling Rate = 500kHz
FL-outage 0/100 - 6/100 | 97.0%
RL-outage 0/100 10/100 — 95.0% Horizontal Axes for all figures: Position of the features
Vertical Axes for all figures: Normalized values of the features
DE: Detection Error (incorrect cases/total test cases) Fig. 14. Feature comparison for different bus capacitaieps

OA: Overall Accuracy
PL: Primary Line; FL: Forward Line; RL: Reverse Line;
PA: Phase Angle Difference of Two Sources



significantly compared to Fig. 13 (b). The feature diffenc
for bus capacitance df.1xF shown Fig. 14 (b) is also much
better when compared to Fig. 13 (a).

The results lead to a conclusion that the higher bus caps
tance affects less the proposed protection scheme. A mmim
sampling frequency should be carefully selected to copk w
the lowest bus capacitance in the protected area. If the t
capacitance is too low, line traps should be installed at tl
ends of the transmission lines to help refine the fault g¢edra
high frequency signals.

2) Transmission Line Parameters. The studied system in
Section VI is a homogenous system. The three lines ha
identical length and parameters. They are all transpoged
is interesting to see the performance of the protectionraehe
in a less homogenous system. The original system shown
Fig. 8 is revised and shown in Fig. 15. In this system, tF
three lines are of different length. A section of a line of th
length of 20 miles with different line parameters from the
original lines is placed at the primary line and backware lin
as shown in Fig. 15. Backward line and forward line are u
transposed in this case. Using the same training and test

10
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mechanism as introduced in Section VI, the test results are () Ia(xI)
shown in Table Il, where we can see that the variation of line Fault scenarios Fault scenarios  Fault scenarios
parameters will not affect the performance of the proposed | on primary line | on forward line | on backward line|

protection scheme. Similarly as in Fig. 11, we select two

Horizontal Axes for all figures: Case number of the scenarios

features from the training scenarios to compare the feature Vertical Axes for all figures: Normalized values of the features

differences, as shown in Fig. 16. The features from differe
line sections are still generally distributed in differeanges.
Although it is not as good as the cases in Fig. 11, the neu
network based mechanism is still able to detect the fawdis fr
different line sections precisely.

C. System Structures
1) Parallel Transmission Lines: Parallel transmission lines

n
Fig. 16. Selected two features for training scenarios in-m@mogeneous

Fé?te m

protection scheme when applied to the parallel lines. A test
system with parallel lines is generated as shown in Fig. 17.
This system has a strong source to the left with a source-to-
line impedance ratio (SIR) of 0.5, and a weak source to the

are used in the transmission system due to their economight with SIR=10. Generating fault scenarios and using the

and environmental benefits. However, the protection oflfera

same training and testing mechanism as introduced in $ectio

lines are always challenging due to the mutual couplingceffevl, the test results are shown in Table Ill. The performarsce i
of the two lines. This section will briefly study the proposedot as good as for the single lines. Select two features fham t

Backward Primary Forward
500 kV Line 2 Line Line 500 kV
30 miles | 150 miles 100 miles

| I i
S AR 1 <
10 miles L 10 miles
Fig. 15. The revised multi-line system

TABLE Il
TEST RESULTS FOR NONHOMOGENEOUS SYSTEM

DE(PL) | DE(FL) | DE(RL) OA
0/100 | 17100 | 0/100 | 99.7%

DE: Detection Error (incorrect cases/total test cases)
OA: Overall Accuracy
PL: Primary Line; FL: Forward Line; RL: Reverse Line;

training scenarios to compare the feature difference)@srs
in Fig. 18. It can be seen that the voltage features on bo#is lin
basically have same profiles. That means the detection depen

Line 2 (200 miles)

500 kV / 500 kV
( ) F6 F7 F$8 TF9 F10 ( >
SIR=0.5 Line 1 (200 miles) SIR=10

FI F2 F3 F4 FS_I_

Relay

Fig. 17. The test system with parallel lines
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TABLE Il

be further studied and adjusted to cope with different syste
TEST RESULTS FOR PARALLEL LINE SYSTEM

structures such as parallel lines and multi-terminal lines

DE(L1) | DE(L2) OA
3/100 | 13/100 | 92.0%

VIII. CONCLUSION

This paper is aimed at solving the problem of differentigtin
, , the internal faults from external ones using local-end daié

DE: Detection Error (incorrect cases/total test cases) .- .

OA: Overall Accuracy providing the exact fault type at the same time. The paper

L1: Line 1;L2: Line 2; applies advanced signal processing and artificial intetip

techniques to achieve that objective.
1 e\ A comprehensive protection scheme is designed and the
properties of the proposed scheme are:

05 \ . « The signal preprocessing stage eliminates most of the
' influences from pre-fault loads, system conditions and
power swings.

« The wavelet transform provides an efficient way to extract
signal components at different frequency bands.

« The neural network provides an intelligent method and a
“soft” criterion for feature comparison.

« Both high frequency details and low frequency approxi-

(@ Va(xI) mations are being used in the proposed method and that

L — —y — can avoid confusing faults with other kinds of non-fault

disturbances.

05 1 « The protection tasks are distributed into two neural net-

| IW works so that each neural network has different task.
‘N \I

al

05

-1
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[=]

« Both neural networks take half cycle data window, there-
fore the protection speed is satisfied.

05 « To be able to cope with specific system structures such as
parallel lines and multi-terminal lines, more adjustments
-WEI 1ElID 200 300 400 500 600 700 800 BDlD 1E|‘EIEI 1100 are needed'
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