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Abstract :

The paper presents a new approach for the
estimation of harmonic components of a power system using
a linear adaptive neuron called Adaline. The learning
parameters in the proposed neural estimation algorithm are
adjusted to force the error between the actual and desired

- outputs to satisfy a stable difference error equation. The

estimator tracks the Fourier coefficients of the signal data

corrupted with noise and decaying dc components very

accurately. Adaptive tracking of harmonic components of a

power system can easily be done using this algorithm. Several

numerical tests have been conducted for the adaptive

estimation of harmonic components of power system signals

mixed with noise and decaying dc components.
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1. Introduction )

Estimation of the harmonic components in a power
systemm is a standard approach for the assessment of the
quality of the delivered power. There is a rapid increase in
harmonic curtents and voltages in the present AC systems
due to large introduction of solid state power switching
devices. Transformer saturation in a power network produces
an increased amount of current harmonics. Consequently, to
provide the quality of the delivered power, it is imperative to
know the harmonic parameters such as magnitude and phase.
This is essential for designing filters for eliminating and
reducing the effects of harmonics in a power system. Many
algorithms are available to evaluate the harmonics of which
the Fast Fourier Transforms (FFT) developed by Cooley and

Tukey[1,2] is widely used. Other algorithms include,

recursive DFT, spectral observer, Hartley transform[3,4] for
selecting the range of harmonics The use of a more robust
algorithm is described by Dash and Sharaf [5] and Girgis
et al[6] which provides a simple linear Kalman filter for
estimating the magnitudes- of sinusoids of known frequencies
embedded in an unknown measurement noise, which can be
a mixture of both stochastic and deterministic signals.

96 WM 181-8 PWRS A paper recommended and approved by the IEEE
Power System Engineering Committee of the IEEE Power Engineering
Society for presentation at the 1996 IEEE/PES Winter Meeting, January 21-
25, 1996, Baltimore, MD. Manuscript submitted July 11, 1995; made;
available for printing January 10, 1996,

Dept. of Electrical Engineering,
National University of Singapore,

Saifur Rahman

Dept. of Electrical Engg,.

Virginia Polytechnic Institute & State
University

U.S.A.

In tracking harmonics for the large power system, where it is
difficult to locate the magnitude of the wunknown
harmonic sources, a new algorithm based on learning
principles is used by Hartana and Richards [7]. This method
uses Neural networks to make initial estimates of harmonic
source in the power system with nonlinear loads. To predict
the voltage harmonics, Mori et.al, [8] have used the artificial
neural network based on the .backpropagation learning
technique. ‘An analog neural method of calculating harmonics
is presented by S. Osowski [9] which basically uses the
optimization technique to minimize error and this is an
interesting  application from the point of view of VLSI
implementation. '

The present paper proposes a new approach for the
adaptive estimation of harmonics using a Fourier linear
combiner. The linear combiner is realised using a linear
adaptive neural network called Adaline[10]. An Adaline has
an input sequence, an output sequence, and a desired
response-signal sequence. It has also a set of adjustable
parameters called the weight vector. The weight vector of the
Adaline generates the Fourier coefficients of the signal using
a nonlinear weight adjustment algorithm based on a stable
difference error equation. This approach [11] is substantially
different from the backpropagation approach and allows one
to better control the stability and speed of convergence by
appropriate choice of parameters of the error difference
equation. Several computer simulation tests are conducted to
estimate the magnitude and phase angle of the harmonic
components from power system signals embedded in noise
very acc'urately.‘ Further, the estimation technique is highly
adaptive and is capable of tracking the wvariations of
amplitude and phase angle of the harmonic components. The
petformance of this algorithm is compared with the well-
known Kalman filtering algorithm showing its superiority
over the later in tracking power system harmonics on-line.

2. Problem formulation

Let us assume the waveform of the voltage or current
of the power system with a fundamental angular frequency,o,
as the sum of harmonics of unknown magnitudes and phases.
The general form of the waveform is

N
y(6) =Y. Aysin(lar + g)+ () M)

I=1 .
where the 4,'s and ¢,'s are the amplitude and phase of the
harmonics, respectively; N is the total number of harmonics,
and e(r) is the noise and 7 is the instant of measurement.
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The discrete-time version of the signal represented
by equation (1) is

N ' N
y(k) = Z 4 sin(-z—ﬂ+ ¢,)+ e(k)= Z Ay cos gy.sin 2k
=1 N = Ny
N
+Y 4, singy.cos 27k +e(k) @)
I=1 NJ’

where N, is the sample rate given by

N, = f.!f,, where f; = nominal power system
frequency and f, = sampling frequency.

To obtain the solution for on-line estimation of the
harmonics, we propose the use of an adaptive neural network
comprising linear adaptive neuron called "Adaline”. The
block diagram of the Adaline is shown in Fig.1. The input to
the Adaline is given by
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Fig.1 Block diagram for harmonic estimation
using an Adaline (6=2/N,)
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T = transpose of a quantity.
If a decaying dc quantity is added to the signal
model given in equation (2), the input vector X becomes

o 7
X(k) =[sin 2;" 2k in 2N os—zNﬂk 1 -&T, } @)

] COSTS, ., S N! i

In this equation the decaying dc component is
represented as A, — A, kT,
where, B=decaying coefficient, I, =27/ @N

The weight vector of the Adaline is updated using
Widrow-Hoff delta rule [13] as
Wk +1) = W (k) + 22X E).
X (k)X (k)
where k= the time index or iteration,
Wy = ) W3 k) WA k) (Y. W () Wy () Wy 1) W g (O]
is the weight vector at time k.
X (k) = input vector at time %,
e(k) = y(k) - p(k) is the error at time k,
a = reduction factor (a learning parameter)
y(k) = estimated signal amplitude at time &, and
y(k) = actual signal amplitude at time .
On the kth iteration, the error is
e(k) = y(k)- (k)

&)

©)
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This error will be brought down to zero, when
perfect learning is attained and the signal y(k) becomes
equal to
y(ky =Wy X (k) @)
where W, is the weight vector after final convergence is -
attained, so that the neural model exactly predicts the
incoming signal. .

To study the convergence of the learning rule, the
following positive definite function in the way of Lyapunov is
used :

V(k) =|w k) -m,|f
®
AV(k) Vik+D)-V(k) '
By using weight adjustment algorlthm (5) and w1th some
manipulations, it can be proved that »
T 7 2

AV(k)s{—2+ oA (D)X (k) H ae (k) }(9)

A+ X ()XY |[A+ X (k)X (k).
ForO<@<2,and >0, AV(k)<0
Therefor, if y(k)# J(k), the adjustment law reduces the
Euclidean distance between (k) and W, and ensures the
weight error vector (W (k) — VVO) going to zero as k —> o0
The practical range of a is between .1 .and 1 for ihaki.ng thé
error between the computed and measured signals to
converge asymptotically to zero at a rate (1-o). Further the
value of A is chosen veiy nearly zero (A =.01) so that
/1+XT(k)X(k)¢O (10)

After the tracking error converges to zero, the
weight vector yields the Fourier coefficients as
Wy=[Acosg A sing, ... Aycosgy Aysingy Ay a8 an
The amplitude and phase of the Nth harmonic is given by

Ay =N -D+IZ2N)

and (12)
gy =tan”{W,(2N 1) /W, (2 N)] |
After discussing the Widrow-Hoff delta rule, another

adaptation algorithm is considered for this application. This
algorithm for the weight adaptation of Adaline produces a
fast convergence and introduces nonlinearity to the learning
technique. The weight vector of the Adaline is adapted as
W(k +1) = W (k) +&")TQLQ(.)_ (13)
A+X16,(X)

where 6 (X') is chosen as a SGN function and is given by

G(X)= [SGN(sin%] SGN( cos%)

(14)
56N sin 22 | sonf cos 211 1
NS NS
where
oy [ FLITE >0 s
()= ~1lifx, <0 as)
i=12 2N

The learning parameter o can be made adaptive by using the
following expression

a=ay/(1+k/k) (16)
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where k is to be chosen suitably for the best performance

This algonthm is much simpler and faster in comparison to
the 3-layer ANN approach using backpropagation technique
as the later takes large training time and suffers from
convergence problem.
4, Numerical Experimentation

-In order to evaluate the performance of the adaptive
perceptron in estimating amplitude and phase of the
harmonic  components, numerical experiments using
"MATLAB software have. been performed The voltage
waveform of known harmonic contents is taken for
estimation.
V(1) =1.0 sin(ax +10°)+0.1sin(3ax +20°)+.08sin(Sax +30")

+.08sin(9ax +40°)+.06sin(11ax +50°)
+.05sin(13ax +60° )+ 03sin(19at +70%)

The sampling frequency is chosen as 1.6kHz based
on a 50 Hz voltage waveform. The estimated amplitude and
phase of 3rd and 11th harmonic are shown in Fig.2.

~ The effect of frequency drift of the fundamental by
1.0 Hz is considered on the magnitudes of the estimates and
Fig. 3 shows these values for the same 3rd and 11th harmonic
components of the voltage waveform.,

The voltage signdl is then corrupted with an
exponentially decaymg dec component represented by 0.1 exp

" (-5t) and a random noise of variance .02. The results of the
. estimation of amplitude and phase of 3rd and Sth harmonic
components (Fig.4) show excellent accuracy in the presence
of noise and decaying dc component. A comparison ‘is made
with the Kalman filtéring (KF) algorithm [7], which is beiter
than the discrete fourier transform (DFT) technique and the
results are presented in Fig.4. Each element of the process
noise covariance matrix Q (diagonal) is chosen as .01 and the
mieasurement noise variance; R is set equal to .001. From the
figure it is observed that the Adaline produces fast and
accurate tracking of harmonic components on-line in the
presence of noise and other spurious signals like decaying dc
components in comparison to the KF technique.
4.1 Tracking of time varying amplltude and
phase of hiarmonics

The proposed neural estlmator is used to track the
time vnrymg harmonic’ currents dunng no-fault and fault
condltxons in & parallel AC-DC power system. The parallcl
AC-DC system is simulated using EMTDC software package,
which provides realistic representation of various subsystem
models of the AC-DC system. The inverter ac system is made
weak and the fault occiirs on the inverter ac<bus. -The
amplitudes of 3rd, 7th, 11th and 13th harmonic components
are shown in Fig.5 without noise and Fig.6 shows the 3rd and
7th harmonic components when a raridom noise of variance
.02 is added to the current waveform of A-phase ac system.
On comparison with Fig.5, it is found that the performance of
the neural estimation algorithm is excellent when the noise
level is lower than the estimated magnitude of the harmonic
component. The performance deteriorates with time, as the
mégnitu‘de of the harmonic component decreases and the
nois¢ predominates.

The Adaline has beer also tested in real-time using
the data from a SCR fed drive system through a PC-based

data acquisition interface and processing system. The test

results will be reported in a future paper.

S.Conclusions

The paper presents a new approach for estimation of
amplitude and phase angles of harmonics in power systems.

The approach is based on the weight vector estimation of an

Adahne using Least Mean squares and a nonlinear welght

adjustment algorithm. ~ Several computer simulation tests

have been conducted to estimate harmonics of power system
signals corrupted - with random noise and decaying dc
components to assess the speed of convergence and tracking
accuracy of the new approach using an adapnve liriear
combiner. The results presented in this paper indicate the
excellent accuracy and convergence speed of the new
algorithm in comparison with the DFT based algo‘rithmw

Further the adaptive nature of the algomhm is suitable for

tracking harmonics with time varying amplitude and phase

angles. An adaptlve learning parameter o is used in this
paper in bringing a faster convergence and noise rejection in
tracking the harmonic components.
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Fig.3 Estimation of harmenic components for a frequency change of 1Hz of the fundamental frequency
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