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Abstract — The accurate measurement of harmonics level is essential for designing harmonic filters, monitoring the
stress to which the power system devices are subjected due to harmonics and specifying digital filtering techniques for
phase measurements for relaying. This paper presents an integrated approach to design harmonic estimator of a PWM
converter in the presence of harmonic parameters variation with low signal-to noise ratio. This has led to study the
Extended Kalman filter characteristics and estimation technique to design the optimal filter. We have employed the
Extended Kalman filter algorithm to estimate magnitudes and frequencies of harmonic components presents in non-
sinusoidal voltage and current of three phase PWM converter with presence of random noise in power system and
distortions again taking into account the measurement noise and compare with inbuilt function ‘FFT analysis’ in Mat
lab. Parameters will be estimated up to the m" significant harmonic component. It also gives an approach for the case of
less than m'" significant harmonic components. Extended Kalman filter being an optimal estimator which accurately
estimates the magnitudes and frequencies of harmonic components presents in non-linear voltage and current of PWM
converter.

Keywords- Extended Kalman filter, PWM three phase converter, Harmonic analysis, Amplitude and frequency estimation, FFT analysis,
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1. INTRODUCTION:

The problem of estimating frequency and other parameters of non-sinusoidal signal in white noise in radar,
nuclear magnetic resonance, power network etc., have been extensively studied. Among the several methods, Discrete
Fourier Transform (DFT) and Fast Fourier Transform (FFT) are widely used for amplitude and frequency estimation
and/or harmonic analysis of distorted signals. However both the above methods suffer from aliasing and leakage effects
and hence need error compensation and adaptive window width. Some other techniques like artificial neural networks,
linear prediction technique adaptive filter, Gauss-Newton algorithm, least-error square and its variants, Extended Kalman
filters etc., are used for distorted signal parameter estimation. Most of these algorithms require heavy computational
outlay and suffer from inaccuracies in the presence of noise with low signal to noise ratio (SNR).

The detection, estimation and tracking of signals play a significant role in many aspects of military and civilian
operations. The Kalman filter has been used in tracking problems for many years. Its power comes from the
mathematical foundation of statistical optimality. We investigate the behavior of the Extended Kalman filter instead of
using a linear Kalman filter because most of the real world problems are non-linear. This paper studies the estimation of
voltage and current harmonics present in waveforms of three phase PWM converter which are corrupted by zero mean
white Gaussian noise using an Extended Kalman filter algorithm. The parameters of voltage and current waveform such
as fundamental amplitude and frequency, amplitudes and frequencies of voltage and current harmonics are considered
unknown and are estimated by the Extended Kalman filter algorithm.

Other applications include the detection of harmonic signal parameters in the presence of noise to determine
radar's modulated pulse repetition frequency or to investigate noisy biological signals such as heart wave forms.
Kalman filtering is a digital signal processing tool that has been extensively used in many electric power system
applications. Voltage and current phasors, power system frequency, voltage flicker, high-impedance faults, harmonic
distortion, voltage dips, voltage unbalance, high-frequency transients and other power system magnitudes can be
successfully computed using Kalman filters. This paper is organized into five chapters. Chapters 2 explain the
development of the Extended Kalman filter and show the mathematical derivation of the extended Kalman filter
algorithm. Chapters 3 model the physical distorted non-sinusoidal signal. Chapter 4 shows the simulation of three phase
PWM converter and harmonic analysis of distorted Voltage and Current waveforms and chapter 5 gives the conclusion.

2. EXTENDED KALMAN FILTER:

This non-linear filter linearizes the nonlinear system around the Kalman filter estimate, and the Kalman filter
estimate is based on the linearized system. This is the idea of the Extended Kalman filter.
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2.1. Linearize Process:
Systemis modeled as below:

X = froa (B g Uy, Wiy
Ve = by L)

wy~ (0,0,

v~ (0,Ry)

Now perform a Taylor series expansion of the state equation around x,_, = x, 7, and w,_, = 0 to obtain the following:

a5, t ar_.
X = fk—l(‘xkjl ’uk—l’o) + # |,—;';(j,_[xk—1 _xk—l) + B':____ |
= fk—l[x;il ’uk—l’o) + Fk—l(xk—l - xkil) t Ly Wiy
= Feoi¥p_a + [fk—l[x;il Juk—l’o) - Fk—lxizil] il P
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F,_, and L,_, are defined by the above equation. The known signal =} and the noise signal w;: are defined as follows:

at st
~ n B
uy = fi [:xk !ukro) — Fpxy

wy [OrLkaLkr)
Now linearize the measurement equation around x, = x,~ and v, = 0 to obtain

L

we = hy(i,0) + B - (e —xi )+ 52|

= (23 7.0) + Hﬁ(x;c—x';:_) + Mpvy
= Ho+ [he(x 0) — Heoxy |+ Movy
= H;‘.x;c-I- &+ 'E?; ............................................................................................. (2)

H, and M, are defined by the above equation. The known signal z, and the noise signal w; are defined as

z = hy (% .0) — Hixp,
v~ (0, M R M, )

We have a linear state space system in equation 1 and a linear measurement in equation 2. That means we can use the
standard Kalman filter equations to estimate the state. This results in the following equations for the discrete time
extended Kalman filter.

'Pk_: Fk—lpi:—ler—l + Lk—le—lLIP—(—l
K, = Py H{ (H.Py H{ + MR, M) ™!
= frioa(Eisy, U1, 0)
Rp= i + K (v — Ho B — Z)
=& + K [y — e (8,0)]

2.2. Algorithm for EKF:

The discrete time EKF can be summarized by an algorithm as follows.
i. The systemand measurement equations are given as follows:

X = frma(Cpempo Uy Wiy )
Vie = Ry (. v3)

wy ™~ (0,Qy)

v~ (0.Ry)
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ii. Initialize the filter as follows:

%" = E(x)
pt;r =E[(x— ch(xo_ xgjr]

ili. Fork =1,2,...,performthe following.
(@) Compute the following partial derivative matrices:

) N
Fk_l - 3’; |xr{:_
— Bk
Lk_l T Aw |x'-‘+

R=1

(b) Perform the time update of the state estimate and estimation error covariance as fo llows:
-_ + T T
P = By Py Py + Ly Qi Ly

X = fk—1(£:—1v Up—11 O)
(c) Compute the following partial derivative matrices:

Bhy,
H, = "%
4 e |x;{_

iy

M, = =k
4 TS |x-:_
L4

(d) Perform the measurement update of the state estimate and estimation error covariance as follows:

K, = Py H{ (H,Pg Hi, + M, R, M )™*
f:: e + Koy — Hp &y — Z3)
=%, + K[y, — h(%,0)]
Py = (I— K Hy)Py

3. MODELING OF THESYSTEM:

Consider an approximately periodic, non-sinusoidal signal, in additive white Gaussian noise. A non-sinusoidal
signal may be considered to consist of an infinite number of sinusoidal components. Two sets of parameters can
characterize the signal: the fundamental frequency and the amplitude of each harmonic component. The signal is
not exactly periodic since frequencies, amplitudes and phases change slowly over time. A Fourier series representation of
this signal can be written as:

¥(£) = LZ=ymsin (kwet + 2)

In this paper a discrete time domain (i.e. t = 0,1,2, ...) rather than a continuous domain will be used. As our
signal () is not exactly periodic, but has a slowly time varying frequency w;,, amplitudes r, and phases #,., we can state

we = wf(tj
= 1.(t)
P = Pp(l)

We assume that the signal v(t) is corrupted by noise. The measurements are given by,
z(t) = y(t) +v(t)

The task is to estimate the values 71 (t) ..., %, (1), wey(2)..wp,,, (1) from the measurements, where m denotes the
number of the significant harmonics. Parameters are only estimated up to =** harmonics. The higher harmonics are
assumed to be negligible. A total of 2m parameters must be estimated.
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We are estimating amplitudes as well as the frequency. Estimation of the harmonic amplitude also assists in
estimating the frequency. The estimator determines the frequency by first estimating the harmonic amplitudes.
Knowledge of the frequency, model also assists in the calculation of the harmonic amplitudes.

State space representation of the signal is represented as,

x(t+1) = 2x(t) +w(t)
z(t) = h(x(t)) + v(t)

=y + v(t)
Where,
x(t) = [y (B), 72 () ----- T (E) . Wfl(tj’ Wiea () - me(t) ]r
And
p=[m O O©
(8] 1 (0]
[$ 2 2]

et

Where, I,,, is a m™ order identity matrix,
h(x(t)) = ZizymisSin (kw it + #,)
Andw(t) is white Gaussian noise, with a zero mean and a variance
Elw(t)w(t)']=0
The observation noise »(t) is also white Gaussian noise, with zero mean and has a variance
Elv(t)v(t)"] =R
and is uncorrelated with wi{t).
Elw(t)v()] =0

We will have a ¢ matrix which is diagonal. From equation of x(t 4+ 1) in state space representation, it can be
concluded that the harmonic amplitudes evolve randomly over time. Also, the same argument is true for w(t) and the

fundamental frequency of the signal. The rate of the random walk will be determined by the diagonal @ matrix. A zero @
matrix will correspond to constant amplitude, frequency and phase. In order to estimate x"(t/t) orx"(t/t — 1) of x(t) from
the measurement z(t), the extended Kalman filter will be applied. Here x"(t/t) denotes the estimation of x(t) with given

measurements including time t. The value x"(t/t — 1) is an estimate of x(t) with given measurements including time
t-1.

2" (/) = =" (t/t— 1) + G(O)[z(t) — h(x"(t/t —1))]]
(t+ 1/0) = ex"(t/t)
G(t) = P(HT ()(H()P()HT (t) + R)™*
P(t+1) =2[P(t) — G(t)H(e)P(t)]2T + @
where H(t) is the Jacobian of k(t). That is:
_ Bnix (t/c—1))
H(t) = Ba (t/t—1)
H(t) = [sin[wft+ &) sin[kwft—F @) 7 cos(wft—F Ey ) Ty cos[wftqbk)]

And the initial values are

x"(0) = E[x(0)] = «(0) ]
P(0) = E[(x(0)— x(0)) (x(0)— % (0)) ]
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4, MATLAB SIMULATION OF THREEPHASE PWM CONVERTER:
In this section, first we simu late three phase PWM inverter and then estimate the magnitudes and frequencies of
harmonic components present in voltage (represented by Vap.0as) and current (represented by Iy ) Waveforms of

converter using Extended Kalman filter. In this we estimate magnitudes and frequencies of voltage and current upto 20t
order and then compare with “FFT analysis” function in powergui.

4.1. Simulation of three phase PWM Converter:
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Figure2. Waveform of phase-to-phase load voltage (Vap-ioad) Figure3. Waveform of Ioad current of phase a (l5.10ad)
4.2. FFT analysis of load Voltage and Current of PWM Converter:
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Figure4. FFT analysis of phase-to-phase load voltage (Vap-10ad) Figure5. FFT analysis of load current of phase a (l5.10a0)
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4.3. Estimation of magnitudes and frequencies of harmonic components presents in load Voltage and Current
using EKF:
Al
|

1

P =

L

_
b
e
—_—

| i 'I% oy i

n ] L] L) 4

= « = 5 58§

ST
b L]

=
=

N 0 0 T == 1
. | a1
E BT bttt 3 S0
| !
el | i 1l V |
LRLRE S SULN I URR L Ll B LR s L
4 | | ] ] ] ] i | mn alu uln 1& SJl

m T Mwl kb bl L
§ oo 3| I/ IM! m ‘ |
Ejlwl | * il W

J i|'[ 1|“|l w ,.ll Jm|||y"'!.n | L
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Figure26. Magnitude of fundamental comp. of load Current Figure27. Frequency of fundamental comp. of load Current
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4.3. Comparison of EKF and FFT:

Harmonic Voltage Current
components
Magnitude Frequency Magnitude Frequency
FFT EKF FFT EKF FFT EKF FFT EKF
1 583.70 | 583.70-583.71 50 50-50.0001 116.40 | 116.40-116.41 50 50-50.0001
3 1.40 1.40-141 150 | 150-150.0001 0.49 0.49-0.50 150 150-150.0001
5 114.99 | 114.19-115.00 | 250 | 250-250.0001 23.27 23.27-23.28 250 250-250.0001
7 85.16 85.16-85.17 350 [ 350-350.0001 16.74 16.74-16.75 350 350-350.0001
9 1.40 1.40-1.41 450 | 450-450.0001 0.49 0.49-0.50 450 450-450.0001
11 52.65 52.65-52.66 550 | 550-550.0001 10.81 10.81-10.82 550 550-550.0001
13 45.70 | 45.705-45.715 | 650 | 650-650.0001 8.85 8.85-8.86 650 650-650.0001
15 1.40 1.40-1.41 750 [ 750-750.0001 0.49 0.49-0.50 750 750-750.0001
17 33.74 33.74-33.75 850 [ 850-850.0001 7.02 7.02-7.03 850 850-850.0001
19 31.58 31.58-31.59 950 [ 950-950.0001 6.02 6.02-6.03 950 950-950.0001
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5.CONCLUSION:

The problem of estimating frequency and magnitude of non-inusoidal signal with white noise in radar,
nuclear magnetic resonance, power networks etc., has been extensively studied. This paper represents the estimation of
frequency and amplitude of harmonic components presents in distorted voltage and current waveforms of three phase
PWM converter using an Extended Kalman filter algorithm and compare with matlab inbuilt function “FFT analysis”. In
EKF model, the voltage and current waveforms are contaminated by noise.

The simulations and comparison with FFT show that the performance of Extended Kalman filter is superior.
Extended Kalman filter accurately estimate the magnitudes and frequencies of harmonic components presents in distorted
voltage and current waveforms with presence of noise. In three phase PWM converter, voltage and current waveforms
are symmetry to x-axis (Time) so even order harmonics are not present in waveforms.

In the simulation, an 18 dB signal-to-noise ratio was used. The performance of the filter becomes poor when
lower signal-to-noise ratios were used. Extended Kalman filter utilize linearization for computing the state and error
covariance matrices for resulting a more accurate estimation of the parameters of a non-sinusoidal signal. So if more
number of harmonics components is considered for harmonic analysis, state and error covariance matrices become bulky
and linearization process become complicated.
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