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Classification of Power System Disturbances Using a
Fuzzy Expert System and a Fourier Linear Combiner

P. K. Dash, S. Mishra, M. M. A. Salama, and A. C. Liew

Abstract—This paper presents a hybrid scheme using a Fourier  Iape

Linear Combiner and a fuzzy expert system for the classification —> WAVEFORM
of transient disturbance waveforms in a power system. The cap- ™ FOURIER FUZZY-EXPERT | CLASS
tured voltage or current waveforms are passed through a Fourier LINEAR DIAGNOSTIC [—*
Linear Combiner block to provide normalized peak amplitude and —»| COMBINER > MODULE (Normal Sag
phase at every sampling instant. The normalized peak amplitude —> Swell, etc.)
and computed slope of the waveforms are then passed on to a diag- y——" ?

nostic module that computes the truth value of the signal combina- abe T l

tion and determines the class to which the waveform belongs. Sev- RULE-BASE

eral numerical tests have been conducted using EMTP programs

to validate the disturbance waveform classification with the help of
the new hybrid approach which is much simpler than the recently Fig. 1. Block diagram representation of waveform classifier.
postulated ANN or wavelet based approaches.

[1], [2], magnetizing inrush [3], and power quality issues [4]. In

a recent paper [5], the authors have studied both multilayered

T HE PROLIFICATION power electronics devices thaeed-forward and time-delay ANN architectures for power
cause harmonic voltages and currents and the widgsiem disturbance waveform classification with a success rate

spread use of harmomcs-sensmve_electronlc e_quments #fying from 72% to 93%. The neural network architectures

addressed by both users an_d suppliers of electric energy. ASufter from large number of training cycles and computational

result numerous power quality assessment methodologies %mjden. Though Wavelet transform[6] has been used as a pow-

d|agno_st|c equmer_lts for the detectlo_n, measuremgnts, Al technique for disturbance waveform classification with
analysis are becoming commonplace in the power mdust%‘
e

|. INTRODUCTION

. . ) ‘eat success recently, the computational burden is very high.
Many of the power quality concerns are associated with t y b y g

. ; - e present paper, therefore, presents a computationally simple
operation and design of customer facilities, concerns associal . . L :
and fairly accurate approach using a Fourier linear combiner

ith wiri d di bl itching t ient - ;
WIEh WIring and. grounding problems, SWitching fransien S'[Pd a fuzzy expert system. The Fourier linear combiner [7]

load variations and harmonic distortions of voltage and currey h litud d oh f the fund | sianal
waveforms, etc. extracts the amplitude and phase of the fundamental signa

The power quality study involves an important step, i.e., motzi‘-_nOl the fuzzy expert system identifies the ch;s to \_NhiCh 'the
itoring the actual voltage and current waveforms and classfiSturbance waveform belongs. Several digital simulation
these waveforms and display them when certain thresholds gsults are presented to validate the procedure outlined in the
exceeded. An useftd breakdown of disturbance waveforms Rper for successful classification of power system disturbance

cludes voltage sags, impulses, swells, outages,etc. These wii@eforms.

forms exhibit certain distinguishing characteristics and can be

identified to belong to a certain waveform class. The classifich- A PPLICATION OFARTIFICIAL INTELLIGENCE TECHNOLOGIES

tion scheme has to be robust a.nd. accura’Fe tp hgndle the NO1S¥is section describes the development of a hybrid expert
data collected from the transmission or distribution networks. . .

o ystem designed to improve the knowledge of the power sys-
Artificial Neural Networks (ANN) have attracted a great deal of . ; : : )

: . - L tems engineer in the pursuit of an accurate diagnosis of power
attention because of their pattern recognition capabilities, and :

. . . ) " . system operating problems such as voltage sag, voltage swell,
their ability to handle noisy data: However, it's ability to pers :
form well is greatly influenced by the weight adaptation al Ofgults, harmonics, etc.,

9 y y 9 P 9 Having chosen the classes of disturbance waveforms, the next

fithm and the amount of noise in the data. tep in developing a classifier is the selection and extraction of
Past research has considered the applications of ANN’SZ[O P hing

e L esired features. Any successful classification scheme would
classification of waveforms for low and high impedance faultgepend on its ability in the presence of significant noise and

harmonics to pick out these relevant features of a waveform.
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both the amplitude and slope are obtained from the following
Powow e w relationships (using a bell shaped function shown in Fig. 2(a)).
Amplitude (p.u.}
SN sz sp by
r—a
o y(aj):l/[l—i— - 1] , for x<ay,
o =1, for mi<z<a

Membership Grade

ba
:1/[1‘—6@] , for x>ay 1)

As an example, for the amplitude set ALN, the values of the

> 02 o L) 02 ' 2 u 15

Slape(p.u.) constantst, as, b1, b2 andc are 0, 0.1, 2, 3, and 0.3, respec-
(b) tively. Similarly for the fuzzy set SN, the valuesaf, a,, b1, b5

andc are 0.25, 0.9, 4, 8, and 0.1, respectively. Fig. 2(b) shows
%he membership functions of the above fuzzy sets.
The slopeS' of a waveform is obtained from the relationship

Fig. 2. Membership function for (a) amplitude and (b) slope of the volta
waveform.

installed in a PC. This data comprises voltage and current wave-
forms of a disturbed power system. A Fourier Linear Combiner S(k) = [A(k) — A(k — 1)]/AT (2)
(Appendix) module is then used to estimate the amplitude, phasé' = sampling interval
and THD of the captured waveforms [7]. Unlike in reference[7],
a least mean p-power error criterion is used to produce a robyst jteration count
and accurate estimate of the amplitude of the time varying power
system signal. A(k), A(k—1) = normalized peak amplitudes of the waveform
at the instant¢ and(k — 1), respectively.
The rule base for the fuzzy decision support system is listed

lll. APPLICATION OF FUZZY EXPERT SYSTEM TOWAVEFORM ~ D€lOW ast
CLASSIFICATION Rulel: IF Ais ASP AND S is SP THEN the waveform is
Swell;
The particular application of artificial intelligence (Al) used Rule2: IF A is ALP AND S is SP THEN the waveform is
in the diagnostic module is called an expert system. As the Surge;
power system data is highly uncertain and the power disturbancékule 3: IF A is ASN AND S is SN THEN the waveform is
monitoring is a pattern classification problem, the fuzzy expert Sag;
system approach is adopted for this problem. Rule4: IF Ais AZ AND S is SZ THEN the waveform is
For classifying the disturbance waveforms, 3 fuzzy sets Normal;
are chosen for the slope designated as SN(slope negativeRule5: IF Ais ALN AND S is SN THEN the waveform is
SZ(slope zero), SP(slope positive). In a similar way 5 fuzzy Surge;
sets are chosen for the amplitude A which are designatedRule 6: IF A is ASP AND S is SZ TBEN the waveform is
as ALN(amplitude large negative), ASN(amplitude small Swell;

negative), AZ(amplitude zero), ASP(amplitude small positive) Rule 7: IF Ais ALN AND S is SN THEN the waveform is
and ALP(amplitude large positive). The membership grades for Surge;
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Fig. 4. Training results of the Classifier for differen waveform types.

Rule8: IF Ais ALP AND S is SZ THEN the waveform is An uncertainty index\ is incorporated to the computation
Sag; process to yield the final value of the output from the fuzzy
Rule9: IF Ais ALN AND S is SZ THEN the waveform is decision block as
Outage;
Rule10: IF Ais ALN AND S is SP THEN the waveform is prog (k) = Apo(k) + (1= A) - pro(k — 1). 4)

O“t"?‘ge- o . ) This index A is used to take into account the time lag
The fuzzy inferencing is done using the maximum produgfeyeen the measured value and actual value. The severity of
compositional rule of inference. W, as,...... as are the s problem arises when the magnitude of the voltage phasor
firing strength of t_he rule base for each category of the transmtgpr'anges is accompanied by a change in the phase angle as is
power system disturbance (Swell, Surge, Sag, Outage jherved in the case of transformer switching and starting of

Normal), the output is obtained as induction motors. The value of is chosen to lie between 0.7
and 0.9.
po=a; OR a3 OR a3 OR as 3) Although the power system disturbance waveform belongs to

= max(ay, a9, a3, aq, a5) five categories like the Sag, Swell, Surge, Outage and Normal,
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Fig. 5. System configuration of the model used for testing.
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the harmonic distortion can be presentin each of them. The clas-
sification of a distorted waveform can be carried out by defininigjg. 6. Converter bus voltage (Ph. A).
a membership grade for the THD as
is simulated using EMTP software package and Fig. 6 presents
/ THD— 5\ %2 the instantaneous converter bus voltage waveform (one phase
p(IT'HD) =1 (1 + 7) (5) only). The classification results are presented in Fig. 7. From the
50 ' : L .
figure it can be seen that the classification of the transient power
Iuality disturbance waveform is done very successfully. For the
ggrticular type of disturbance, membership grade will become

for assessing THD is obtained as: . . . .
If THD is <5% then the waveform is normal and if 5% Eglye?;(ir?;?ther nonoccuring types, membership grades wil

0, I i 0 -
THD < 50%, the waveform is distorted. At 50%, the member The above results reveal that the proposed approach is com-

ifw?wr?:iiz)rs:m[) is 1.The membership function for THD ISputationally simple in comparison to the ANN based approaches

[7] and yeilds classification in less than a cycle (.02 sec) based

on a 50 Hz fundamental waveform. However, if the signal is
V. SIMULATION RESULTS highly distorted or there is frequency variation at the time of
disturbance, the time required for the calculation of peak am-

Computer simulated waveforms for various transient distur-. . s
P litude and slope will be completed within 2 cycles (.04 secs).

bances of a power system are generated using MATLAB. T %us the total classification time for the computation and fuzzy

sampling rate of 16 based on a 50Hz waveform is used flor : o : : .
) . . . e Jogic based classification will be slightly higher than 1 or 2 cy-

testing the effectiveness of the new algorithm in classifying dlgl-es 02 or .04 sec) depending on the level of distortion of the

turbance waveforms. A SGN function is used for updating the ( ' ) dep 9

X . o ._power system signal.
weight vector of the neural estimator which is initialized usin . :

9 : B The ANN based approach uses Discrete Fourier Transform
a set of random weights.

The value of initial step sizg; is chosen as 0.8 and the Iimittechnlque for peak or rms value extraction which produces large

Jtmax AN 110 are kept between 1.2 and 0.6, respectively. error in the presence harmonics, decaying dc and noise. This

X . .results in an incorrect classification of transient disturbances

Fig. 4 shows the category of the simulated waveforms like e

) In nearly 25% of the cases taken for study and larger classifi-

Sag or Swell and the corresponding output from the Fourier,. - :

. . ; : ation time. The wavelet transform, on the other hand, yields
Linear Combiner and the integrated neural fuzzy diagnostic

system. The training of the hybrid monitoring system for difore acc.urate rgsults 'than the AN.N approach, although it is
computationally intensive and requires nearly 3 cycles of the

ferent class of waveforms is essential for tuning the parameters

; ! o lhndamental waveform to yield a disturbance classification. An
of the various modules. From the figure it is observed that each . . . L .
on-line simulation study for voltage sag and harmonic distortion

](c:ategory of ngeform is successfully classified as the .OUtszEls been carried out to confirm the simplicity and validity of the
rom the hybrid model shows a truth value of the particular

class that suddenly rises from zero to 100% in most casesaﬁ)'nproaCh'
comparison to the normal waveform.

The example taken for study is a generator supplying a power
network which comprises short transmission line section andThe paper presents a new approach for the classification of
resistive and constant impedance loads. The system configyrawer system disturbance waveforms using a Fourier linear
tion is shown in Fig. 5. The resistive load (3.3 MW) is suppliedombiner and a fuzzy expert system. A Fourier linear combiner
through a power converter (rectifier) and the initial current is used to estimate the normalized peak amplitude of the voltage
18 amps when the converter is started. Variable static capacitsignal and its rate of change which become the inputs to the
are installed at the load bus and the converter bus to imprdugzy expert system for classification of the waveforms. The
the load power factor and provide VAR support to the busesizzy expert system yields a robust and accurate classification
The power converter is started/at 0.043 s and an outage atscheme for a variety of simulated waveforms containing
the generator end is initiated at= 0.49 s. The outage persistsharmonic distortions and noise. The approach is found to be
for 0.04 s (2 cycles based on 50Hz; supply). The power netwat&mputationally much simpler than the ANN and Wavelet

where THD is expressed in percentage. From the figure, the r

V. CONCLUSIONS
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Fig. 7. Output of fuzzy expert module for the test waveform.

approaches which are currently used for transient disturbargghest harmonic in the signal and?" = sampling interval. In

classification.

APPENDIX
FOURIER LINEAR COMBINER

The voltage or current signal of a power network is express
in the discrete form at theth sampling instant as

y(k) = s(k) + (k) (A1)

where
N
s(k) = Z(ai cos {w kAT + b; sin iw kAT) (A2)

i=1

the above formulation(k) is the additive white Gaussian noise
with zero mean and variane€ which has no correlation with
the signalks(k). A decaying dc component can also be added to
the signal model given in (A2).

edTO obtain the Fourier coefficients;; and b; of the
signal, we propose the use of an adaptive estimator
in the form of a linear combiner shown in Fig. 8.
The input to the Ilinear combiner is the vector
[cos kwAT, sin kwAT, - cos kw NAT, sin kw NAT]? and

the weight vectori¥; comprises the parameterg and b;,
which are the Fourier coefficients of the signal. A performance
index of the formJ (k) = E[|e(k)|P] is minimized to obtain
the parameters; and b;. Here £ is the expectation of the

wherew is the frequency of the fundamental component of thguantity ande(k) is the error between the desired sigpét)

power system signal and is known aprioi¥ ;is the order of the

and estimated signal(k); p is an index varying between 1
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Fig. 8. Fourier Linear Combiner.

4
and 5. Using the steepest descent algorithm, the weight vecto[r]

W is updated as

Wik +1) = Wi + pel =" (k)ai(k) (A1)
t=1,2,------ , IV for evenp ; and
Wik +1) = Wi + - sgr(e(k))er ™ (k)as(k)  (A2)
=12 , N for odd p; where
zi(k) = [cos iwk AT siniwkAT]" (A3)

Wi = [ag(k)bi (k)"
the sign function. Thus fgr = 3, the parametelV is updated
as

Wik + 1) = W;(k) 4 pe?(k)sgnle(k)z;(k)} (A4)

477

of i lies between 0.2 and 2. The peak amplitude and phase of
the fundamental component are obtained as

A=yJai+b],  ¢7'(bi/a).

The normalized peak amplitude is computed in per unit.

REFERENCES

[1] S. Ebron, D. Lubkeman, and M. White, “A Neural Network Power Dis-

tribution Feeders,TEEE Transactions on Power Deliveryol. 5, no. 2,

pp. 905-914, April 1990.
[2] A. F. Sultan, G. W. Swift, and D. J. Fedirchu, “Detection of High
Impedance Arcing Faults Using A Multi-Layer PerceptronEEE
Transactions on Power Deliveryol. 7, no. 4, pp. 1871-1877, Oct.
1992.
L. G. Perez, A. J. Flechsig, J. L. Meador, and Z. Obradovic, “Training
An Artificial Neural Network To Discriminate Between Magnetizing
Inrush And Internal Faults,” ifEEE Winter Power Meetind 993, paper
no.WM037-2, PWRD.
R. Daniels, “Power Quality Monitoring Using Neural Networks,” in
Proceedings of the First International Forum on Application of Neural
Networks to Power Systenpp. 195-197.
[5] A.K.Ghoshand D. L. Lubkeman, “The classification of Power System
Disturbance Waveforms Using A Neural ApproadiEEE Transactions
on Power Deliveryvol. 10, no. 1, pp. 109-115, January 1995.
S. Santoso, E. J. Power, W. M. Grady, and P. Hofmann, “Tower quality
assessment via wavelet transform analy$EEE Trans. on Power De-
livery, vol. 11, no. 2, pp. 924-930, 1996.
P. K. Dash, D. P. Swain, A. C. Liew, and S. Rahman, “An adaptive Linear
Combiner For On-line Tracking of Power System HarmonidEEE
Trans. on Power Systemsl. 11, no. 4, pp. 1730-1736, 1996.

(3]

(6]

(71

P.K. Dashis a professor of electrical Engineering and chairman, centre for In-

telligent systems, Regional Engineering College, Rourkela. His interests are in
Fuzzy Logic and ANN applications to power system control.

1 is the step size parameter and sgn(.) is

S. Mishra is a lecturer in electrical engineering at the University College of
Engineering, Burla. He is currently a Ph.D. Student at R.E.C. Rourkela.

A. C. Liew is presently with the National University of Singapore where he is
Professor of Electrical Engineering. His main areas of interest are lighting and
lighting protection, high voltage and power systems engineering. He has over
230 publications in international and regional journals and has acted as specialist

For the value of greater than 5, the simulations exhibit perforeonsultant to many lighting related and other electrical projects, both in IEEE
mance deterioration of the algorithm for tracking power systefggion 10 in 1987-88.

sinusoids corrupted with noise. Also fpr= 1, and 2, the per-
formance of the standard LMS algorithm is obtained. For o

M. M. A. Salama is a Professor of Electrical & Computer Engineering at the
pJ'niversity of Waterloo, Canada. Currently he is a Visiting Professor at the Na-

timum results, the step sizecan also be varied. A suitable valueional University of Singapore.



