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A Novel Fuzzy Neural Network Based
Distance Relaying Scheme

P. K. Dash, A. K. Pradhan, and G. Panda

Abstract—This paper presents a new approach to distance re- from membership functions which are formulas used to deter-
laying using fuzzy neural network (FNN). The FNN can be viewed mine the fuzzy set to which a value belongs and the degree of
either as a fuzzy system, a neural network or fuzzy neural network. membership in that set. The variables are then matched with

The structure is seen as a neural network for training and a fuzzy e L
viewpoint is utilized to gain insight into the system and to simplify the specific linguistic IF-THEN rules and the response of each

the model. The number of rules is determined by the data itself rule is obtained through fuzzy implication. To perform compo-
and therefore smaller number of rules is produced. The network sitional rule of inference, the response of each rule is weighted

is trained with back propagation algorithm. A pruning strategy  according to the impedance or degree of membership of its in-
is applied to eliminate the redundant rules and fuzzification neu- puts and the centroid of the response is calculated to generate

rons, consequently a compact structure is achieved. The classifica- .
tion and location tasks are accomplished by using different FNN's. the appropriate output [2]-[4]. Some of the neural network and

Once the fault type is identified by the FNN classifier the selected fuzzy logic applications in power system protection are included
fault locating FNN estimates the location of the fault accurately. in [1], [5]-[11].

Normalized peaks of fundamental voltage and current waveforms Neural network has the shortcoming of implicit knowledge
are considered as inputs to all the networks and an additional input representation, whereas, fuzzy logic systems are subjective and

derived from dc component is fed to fault locating networks. The heuristic. The det inati £t | - t and output
peaks and dc component are extracted from sampled signals by eunstic. The determination o fuzzy rules, input and outpu

the EKF. Test results show that the new approach provides robust Scaling factors and choice of membership functions depend on
and accurate classification/location of faults for a variety of power trial and error that makes the design of fuzzy logic system a time

system operating conditions even with resistance in the fault path. consuming task. These drawbacks of neural network and fuzzy
logic systems are overcome by integrating the learning capabili-
|. INTRODUCTION ties of neural network to the robustness of fuzzy logic systems in

ISTANCE relaying techniques based on the measuremélﬂ? sense that fuzzy logic concepts are embedded in the network
D of impedance at the fundamental frequency between t téucture. It also provides a natural framework for combining
fault location and the relaying point have attracted widespre 8th numerical information in the form of input/output pairs and

attention. The sampled voltage and current data at the relay uistic information in the form of IF-THEN rules in a uni-

point are used to locate and classify the type of fault involvinﬁ i fashlogl. Ong iuch;pplfgtl&n to powei:]gystem faukl1t clas§|-
the line with or without fault resistance present in the fault pat cation problem IS found in [12]. However, this approach needs

The accuracy of the fault classification and location also d equence components 1o solve the classification problem and

pends on the amplitude of the DC offset and harmonics in cole training is carried out using the information from both de-
parison to the fundamental component. Fourier transforms, ppaner’s experiences and sample data sets. The other drawback

ferential equations, Waveform modeling, and Kalman filters apéth's approach is that the number of fuzzy rules increases expo-

some of the techniques used for fault detection and location C%?_ntially with respectto inputs and as a consequence 17 rules are

culations ramed for 3 inputs only [12]. Again, three different neuro-fuzzy

In most of the power system protection techniques the systé‘r%tworks in series are proposed there to classify the type of fault.

states are defined by identifying the pattern of associated volt én this paper a S|mpI§_ neural network is used to |.mplement a
and current waveforms. Therefore, the development of ad zzy-rule-based classifier of a power system from inputfoutput

tive protection can be essentially treated as a pattern reco ta. The FNN model can be viewed either as a fuzzy system, a

tion problem [1]. A neural network which can perform patter! eural network or a fuzzy-neural system. The structure is seen

matching task has a large number of highly interconnected pILB_neuraI viewpoint for training and fuzzy viewpoint is utilized
gain insight into the system and to simplify the model.

cessing elements (nodes) that demonstrate the ability to learn® ) . .
g ( ) y nlike earlier approach [12], in this strategy the number of

and generalize from training patterns. Distributed represen ded is determined by the data itself and "
tion and strong learning capabilities are the major features rijes needed is determined by the data itself and consequently

neural network. Fuzzy logic systems on the other hand base t@eﬁmaltl)er rllumber oftr_ules ?re .‘:LOdu_?_EdH The network 'St traltnec:
decisions on inputs in the form of linguistic variables derivelf>Ny Pack propagation aigorrthm. 10 have a compact outpu
structure, a pruning strategy eliminates the redundant rules and

fuzzification neurons.
The classification and location tasks for distance relaying
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Thus, the output of the fuzzification layer becomes
i (i) = exp(—|wijizs +wijo| ") 1)
Wherep;; is the value of fuzzy membership function of the
ith input variable corresponding to thth rule.
Each nodegj in the inference layer is denoted by which
multiplies the input signals and the output of the node becomes
the result of product. Therefore, the output of the layer becomes

N
pi(wr, @y an) = | | i) )

With v;;, being the output action strength of théh output
associated with thgth rule and utilizing weighted sum defuzzi-
fication, the network output

R
Ok(-Tla T2, 371\) = Zvjkpj(xla T2, 371\)
J

N

R
= E Vjk HeXp(_|wijl-Ti + wijo
J

%

lij)
®)

FUZZIFICATION A. Training

Back propagation (BP) algorithm, which is the most popular
method for neural network design, is being exploited to update
parameters of the Fuzzy Neural network.
inputs. Besides an additional input derived from decaying dcThe error function® of the network be
component is fed to the fault locating FNN's. The extraction of E—=1 Z(tk —op)? (4)
these components is carried out using an extended Kalman filter 2 k
[13] suitably modeled to include decaying dc, third and fifth har- \yheret, is the desired output in thith output node.
monics along with fundamental. The classification scheme istpe parameter updation equations for the weights between
simpler and accurate fault classification is achieved in most @fe inference and output layers are:
the fault types, the data of which are presented to the network.

Fig. 1. The architecture of the fuzzy neural network.

An EMTDC program [14] is used to generate fault data with vir(n) = vjr(n —1) + Avji(n) ®)
different system conditions, source impedance, fault incepti¥ghere
angle and fault resistance values. After the fault is successfull

9 y Avjr(n) = 6y, + aAvji(n — 1) (6)

classified, the fault locator FNN is activated. The fault locator
block comprises four FNN's, one each for the category of fauligd . is the iteration county,, = tz. — ok, ¥ = pj, m is the
LG, LL, LLG and LLL. This approach provides accurate faulfearning rate and is momentum term.

distance from the relaying point. Several test results are giverfor the weights between the input and fuzzification layer
in the paper to highlight the effectiveness of this new approach. wiji(n) = wiji(n — 1) + Awgjy(n) @)

Il. THE Fuzzy NEURAL NETWORK Where

Fig. 1 shows the architecture of the fuzzy neural network, Aw;j1(n) = néiy + alw;ji(n — 1) (8)
comprising by input, fuzzification, inference and defuzzifica-
tion layers. Further the network can be visualized as consisting
of N inputs., withN neurons in the input layer ar}arules,.with S = p; Z 6kvjk/ﬂij
Rneuronsinthe inference layer. There afex i neurons in the .
fuzzification layer andk’ neurons for output layer. The signalgng

propagation and basic function in each layer of the FNN is in- o s -1 9

troduced in the following. o n i i [Wig1 2 + Wijol ©)
The input layer consists af;, i = 1, 2, ---, N, along with Similarly,

unity. Each neuron in the fuzzification layer represents a fuzzy wijo(n) =wjo(n — 1) + Aw;jo(n)

membership function for one of the input variables. The activa-  where Aw;jo(n) =n6ijuo0 + aldwijo(n — 1)
tion function used in this layer ig(net;;) = exp(—|net;;|") = Ui |wisi i+ wijo Y (20)
and the input to these neuronst;; = w; j12; +w;jo, With w; j1 yo. - ”f”” Wig1 i _”0

andw, o being the connecting weights between input layer arid'® fuzzy membership function parameter is updated as
fuzzification layer. Lij(n) =1;(n — 1) + Al (n) (12)
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TABLE |
INCEPTIONANGLE 60° (FAULT AT 15%OF LINE)
FNN 1
Fault R=0Q R=10Q
FNN 2 type | a b c a b c
Fal ag 1.0335 | 0.0635 | 0.0658 | 1.0353 | 0.0587 | 0.0633
v Ll FNN 3 bg 0.0690 [ 1.1212 | 0.000 | 0.0702 | 1.1253 | -0.0028
—i it cg | 0.0450 | 0.0415 | 1.0672 | 0.0405 | 0.0439 | 1.0693
I Detection lcation ab 0.9388 [ 1.0660 | -0.0128 | 0.9043 | 1.0519 | -0.0118
FNN 4 be 0.0202 | 0.988T | 0.9458 | -0.0120 | 0.9941 | 0.9577
ca 0.9146 | 0.0490 | 0.9625 | 0.8904 | 0.0310 | 0.9557
Fault location abc | 0.9740 | 0.9924 | 0.9334 [ 0.9410 | 0.9828 | 0.9241
TABLE I
Control INCEPTIONANGLE 45° (FAULT AT 40% OF LINE)
Unit T
Trip Signal Fault R0Q R=10Q
type a b c a b c
Fig. 2. The proposed distance protection scheme. ag 1.0826 | 03758 | 0.0528 | 10738 | 0.3340 | 0.1518
bg 0.0521 | 1.1055 | 0.0970 | 0.0620 | 1.1039 | 0.0437
cg 20.0153 | 03103 | 1.0824 | -0.0143 | 0.2944 | 1.0708
. ab 11079 | 1.0847 | 0.0818 | 1.0882 | 1.0838 | 0.0875
M( 190miles N bc | -0.0432 | 1.0485 | 1.0371 | -0.0416 | 1.0500 | 1.0407
— F | ca 0.9975 | 0.3706 | 1.0047 | 1.0146 | 0.0540 | 1.0240
O | @ abc 1.0640 | 0.5978 | 0.9590 | 1.123T | 0.9774 | 0.9609
Source 1 iRF Source2
TABLE I

) . INCEPTIONANGLE 30° (FAULT AT 65% OF LINE)
Fig. 3. 230 kV-transmission system.

Fault R=0Q R=10Q
Where L (i
type |a b c a b c

0.9932" | 0.0437 [ 0.0386 | 0.9492 | 0.0465 | 0.0403
Al — 08 AL:(n—1 ag

is(n) = nbijyi + aAlij(n —1) bg | 00133 | 09845 [ 00336 | 00132 | 0.9607 | 0.0348

and cg 0.0582 | 0.0187 | 0.9734 | 0.0687 | 0.0192 | 0.9453

. ab 1.0503 | 1.0435 | -0.0360 | 1.0334 | 1.0023 | -0.0344

yi = — iz log (|wiji i + wijol)|wijizi + wijo|™  (12)  be | -0.0587 | 1.0421 | 1.0426 | -0.0641 | 1.0254 | 1.0338

During training, the number of rules is increased from 1 till cg (‘)‘ggjg (')0'9%?‘0 é‘ggz (I)'S;Zg ;)0(‘)%33761 (l)‘ggg
satisfactory performance of the network is found. The learnir ¢

rate “n” which controls the rate of convergence initially set to

0.2 and isreduced gradually to 0.01 and the momentum constant TABLE IV

“«,” added to speed up the training and avoid local minima, is INCEPTIONANGLE 90° (FAULT AT 80% OF LINE)
kept at 0.6 throughout. The initial weights are randomly selected

inthe interval -1, +1] and;; is initialized to 2. The number of  Fauit R=0Q R=10Q
iteration is set to 5000 in all cases. The training is continued till type |3 b C a b C

E(n) < e atall points for a window length of 100 or the number  ag 1.0371 | 0.1903 [ 0.4024 | 1.0207 | 0.1883 | 0.3157
of iteration reaches its maximum. The value=a§ taken to be bg 0.3504 | 0.9428 | 0.0333 [ 0.03136 | 0.9300 | 0.0458

1 % e—* during training. cg | 01502 | 0.1997 | 0.9358 | 0.1572 | 0.1836 | 09142
ab 1.0834 | 0.8597 | 0.1113 | 1.0861 0.7838 0.0893

v : . ca 1.0341 | 0.1654 | 1.0337 | 0.9812 [ 0.1105 | 1.0362
Even if a single fuzzy membership function is near zero ovel S5z TT1.0234 [ 09516 [0.9431 | 1.0256 | 0.9730 | 0.9404

its input range, the output of the corresponding rule become abg | 1.0827 | 0.9240 | 0.1026 | 1.0817 | 0.8895 | 0.1035
close to zero. As this rule does not contribute to the networl bcg | 0.2398 | 1.0381 | 0.7687 | 0.2310 | 1.0465 | 0.7273
performance, the rule should be pruned. Further, with multiple cag | 1.0264 | 0.1686 | 1.0317 | 1.0222 | 0.1637 | 1.0320
inference a fuzzy membership function having close to unity
over its input range contributes negligibly to the network
output. This neuron can be also eliminated without hamperitige same training sets once and see the outputs in inference
the network performance. By removing these redundant rulesd fuzzification layers. In the event of such situations as
and neurons form the structure a compact form is achievetscribed above exist, corresponding neurons are pruned and
To implement this technique, we run the trained network witthen network performance is studied.
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TABLE V
PHASE “a” TO GROUND FAULT AT DIFFERENTLOCATIONS WITH HIGH FAULT RESISTANCE(R; = 100 Q)

g:ft‘gft’);' 10 20 30 40 50 60 70 80
a 0.7358 0.7670 0.7692 0.7260 0.6704 0.5927 0.5101 0.5092
b 0.1477 0.1550 0.1551 0.1652 0.1910 0.2107 0.1826 0.1429
c 0.1554 0.1453 0.1449 0.1432 0.1394 0.1383 0.1624 0.2048
I1l. THE DISTANCE PROTECTION SCHEME TABLE VI

Indeaxl VALUES FORFAULT AT 10%OF THELINE
The proposed transmission system protection scheme

utilizing Fuzzy Neural Network is shown in Fig. 2. On the Fault Type Index!
occurrence of a fault, the fault detection unit activates the fault ab 0.0036
classification unit. The classification block consists of an FNN
to select the phases involved with the fault accurately and a abg(R=00) 04771
ground detection unit [15] running in parallel with the FNN abg(R=10Q2) 0.4592
completes thg classification ta.sk. of the distance relay. ane abg(R=1000) 03104
fault is classified, the control unit fires the proper fault location
FNN. The fault location unit comprises of four FNN'’s, one
network each for the four categories of fault (LG, LL, LLG and
LLL). Thereafter, the control block derives the decision of triS

or no-trip from the output signals of classifier and locator unit§ Th ; fthe ab work is tested usi it
For the application of the proposed distance protection € performance ofthe above network is tested using voltage

strategy based on FNN's, a 230 kV, 190 miles transmissi&qd current data of the power system during various types of
system as shown in Fig. 3 is considered. The EMTDC softwasBunt faults at different locations, inception angles and prefault
package is used to simulate the sample power system and infgfditions of the system. Table -1V present some of the clas-
output pair of training and testing the different networks graification test results for the faulted transmission line. Table |
generated. For the purpose, an extended Kalman filter [13]S80Ws the performance of FNN for different fault types at 15%
used in this work to extract the fundamental and dc componeflis/ine for 60 inception angle and at a different voltage level
from the sampled current and voltage signals. A sampling rftgthe sources foiz; = 0 © and Ry = 10 €. The respec-

of 1 kHz in a 50 Hz power system is considered for the purpod®€ Values ina, b, ¢ columns for bc” case withi; = 0 €;
“o" = 0.0202, “b" = 0.9881 and “¢” = 0.9458 depict that

the phases associated with the fault afednd “c” only. This
IV. TRAINING AND TESTING OFFNN CLASSIFIER classification approach takes a particular phase to be involved
with fault if its corresponding value is greater than a threshold
Distance relaying algorithms use the fundamental compealue of 0.5 else it categorizes the phase to be “undisturbed.”
nents of voltage and current signals available at the relayiRgr a similar condition as used in Table I, except the source
point to derive the trip decision during faulty conditions of thémpedance ratio changed to 90 from 1, Table I, provides the
power network. The idea of phasors is being integrated withult classification results for different faults at 40% of the line.
fuzzy neural network to derive a robust fault classifier for th€able 11l shows fault classification for a different condition of
protection of a transmission system. Normalized values of pdgad angle(=20°) at 30° inception angle and at 60% of the
fault peaks of fundamental components of voltages and currelime whereas Table 1V presents for9@° inception angle and
of the three phases are considered as input vector for the reefault at 80% of the line. These results demonstrate the suit-
work. These peaks are estimated from sampled values of #islity of the network even for the untrained categories of fault;
current/voltage signal with EKF within half a cycle after fault abg,” “bcg” and “cag” etc. which are included in Table IV
inception. The FNN network consists of three outputs reprgows 8-10). To study the performance of the network a high
senting ‘a,” “b,” “ ¢" phases. During training these outputs aréult path resistance (10Q) is considered. Table V shows the
assigned “1” or “0” considering whether the fault is involvedest results for single line to ground fault at different location
with that phase or not (for examplé;phase to ground fault with B; = 10 €. The FNN also classifies correctly for other
casebg’ the output will be assigned 0 1 0). The training setypes of fault with such a high fault resistance. Observation of
are 49 in numbers which include data for 10%, 40%, 60% amdl test results ascertains that the FNN performs excellent even
80% fault location for different fault inception angles and at difat different inception angle, fault resistance, fault location and
ferent conditions of the system and seven types of shunt faydtefault loading conditions.
(ag, by, cg, ab, be, ca, abe). The number of rules is increased )
from 1 during the training process till satisfactory response 6 Ground Detection
the network is derived. With BP algorithm the network is trained Usually it is not possible to identify ground only from peaks
and finally pruning strategy is applied. The ultimate networ&f fundamental components of voltages and currents (the input

tructure becomes, 6 inputs, 4 rules, 23 fuzzification neurons
nd 3 outputs.
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TABLE VI
FAULT LOCATION DISTANCE ESTIMATED BY FNNL1 (LG)

Dist.(%)> 15 25 35 45 55 65 75
Re(2) =10 100 | O 100 | O 100 (O 100 | O 100 | O 100 | 0 100
Error(%)> 5.12 294 [ 6.51 323|292 547 | 445 3.07 | 3.775.46 198 054 (771 7.63
TABLE VIII
FAULT LOCATION DISTANCE ESTIMATED BY FNN2 (LL)
Dist.(%)—> 15 25 35 45 55 65 75
Re(Q) —| 0 100 | O 100 {0 100 | O 100 | 0 100 | O 100 0 100
Error(%)= 4.25 3.69 | 7.68 624 | 521 296 | 1.16 1.18 | 226 0.03 | 3.55 296 | 746 7.75
TABLE IX
FAULT LOCATION DISTANCE ESTIMATED BY FNN3 (LLG)
Dist.(%)>] 15 25 35 45 55 65 75
Re(QQ) —| 0 100 (O 100 [ O 100 | O 100 | O 100 [ O 100 | O 100
Error(%)—=f 3.55 2.61 | 7.66 5.11 | 2.68 2.74 | 144 0.71 | 0.34 1.25 | 0.87 3.59 | 5.58 791
TABLE X
FAULT LOCATION DISTANCE ESTIMATED BY FNN4 (LLL)
Dist.(%)> 15 25 35 45 55 65 75
Ri(Q) —| 0 100 | O 100 | 0 100 | O 100 | O 100 | O 100 0 100
Error(%y>| 3.37 322 | 7.55 7.50 | 6.96 6.63 | 3.59 229 | 2.74 067 | 1.58 039 | 336 3.32

vector to FNN classifier). Therefore, the ground detection ta8l#KF’s within half a cycle of fault inception. In the case of
is not included in the FNN classifier. In reference [15] for dekG fault locator, the first and second elements of input vector
tecting the involvement of ground during a fault, a zero sequensigould be the corresponding values of faulty phase current
current based indicator of the type and voltage, respectively, whereas for LL and LLG locators
the first four input elements are the corresponding values of

_|Ia+]b+]c| faulty phases. The training sets of the FNN's include fault

median(|/al, |10], [Ic|) data for different fault inception angles, prefault conditions,

is proposed. Heréa, Ib andIc are the current phasors of thefault path resistances @, 50 2 and 100¢2) and at different
three phases at the relaying end. The phasors are estimateéf{f distances (10-80% at a step of 10%). The total number
the EKF and the correspondinfndezl value is calculated. of such sets is 56 for all four FNN’s. The networks are trained
When thelndex1 value exceeds the threshold value of 0.05, Ry BP algorithm and pruning strategy. The final structure of
indicates the involvement of fault with ground. The ground dé=NN1 (LG) locator becomes, 7 inputs, 6 rules, 39 fuzzification
tection is carried out in conjunction with the FNN calculationd!eurons and 1 output. Similarly for FNN2 (LL) the number of
Test results showing the valuesbfdex1 for “a” phase to b” rules and fuzzification neurons are 7 and 47, respectively [for

faults at a distance of 10% of the line are presented in Table WINN3 (LLG) 7, 47 and FNN4 (LLL) 7, 48, respectively].
Table VI shows some of the test results for FNN1 locator (LG)

, at a different condition of the power system, at @ inception

V. TRAINING AND TESTING OFFNN'S FOR FAULT LOCATION angle, for both without and with 10Q of fault resistance cases

Once the fault is classified, the control unit activates thend at different locations of the fault. Similar results for LL,
correct fault locating FNN. For fault location task, an FNN.LG and LLL FNN fault locators are shown in Table VII-IX.
is proposed for each category of fault. The FNN fault locatdn all the test cases for the networks which include different fault
calculates the normalized distance of the fault point from theception angles, different locations of fault, various prefault
relaying point. In all the four FNN locators the input vectoronditions (including the source capacity) and different fault
consists of normalized peaks of fundamental componentsresistance values, the maximum error found is less than 8%. The
current and voltage and the normalized valuglgf/7|. Where percentage error is computed as
I, is the dc component of a faulty phase current waveform o |actual distance — calculated distance
at fault inception and- is its decay rate as estimated by thee" o7 (%) =

Indexl =

* 100

protected line length
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