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Dynamic Frequency and Amplitude Estimation for
Three-Phase Unbalanced Power Systems

Using the Unscented Kalman Filter
Chenchen Wu, Mario E. Magaña , Senior Member, IEEE, and Eduardo Cotilla-Sánchez , Member, IEEE

Abstract— We present a dynamic frequency and amplitude
estimation algorithm for unbalanced three-phase power systems
with harmonics. To develop the algorithm, we first construct a
nonlinear dynamic model of the complex representation of the
three-phase voltage with harmonic content and then apply an
unscented Kalman filter to estimate magnitudes and frequencies
of the fundamental component and its harmonics. Performance
evaluation of the algorithm via Monte Carlo simulation shows the
accurate tracking and fast convergence time when the frequency
and amplitude of the grid voltage waveform change continuously
or abruptly. Specifically, we benchmark the proposed algorithm
with two types of input amplitudes and two types of frequency
changes.

Index Terms— Amplitude estimation, frequency estimation,
harmonics, nonlinear estimation, recursive estimation, unbal-
anced three-phase voltage, unscented Kalman filter (UKF).

I. INTRODUCTION

W ITH the broader integration of power electronic equip-
ment between renewable energy sources and the power

grid, many nonlinear loads with high-harmonic content are
brought into power networks. The frequency of a power
system is a very important power quality parameter and is
only allowed to vary around its nominal value within a small
predefined range [1]. The amplitude of the voltage is another
important power quality parameter which can be adversely
affected by harmonic and interharmonic components [2].
Frequency and amplitude variations of a power system are
mainly caused by dynamic changes between generation and
load, as well as other discrete changes caused by endogenous
or exogenous events. Unexpected frequency, magnitude, and
phase variations are harmful to the system and may further
cause other problems such as relay disoperation. In order
to maintain the stability of the power grid and the electri-
cal devices during normal operation, accurate frequency and
amplitude tracking and estimation are necessary. Furthermore,
accurate and real-time frequency estimation in a power system
is a key requirement for the implementation of the future
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smart grid, since it is envisioned that generation, loading, and
topology will change dynamically [3].

In the past few decades, various algorithms have been
proposed for frequency and amplitude estimations of a power
system. Traditionally, the frequency is either defined as the
inverse of the time period between two zero crossing or by the
number of cycles in the brief period of time [4], [5]. However,
these definitions are not well suited when the signal undergoes
transient or abrupt changes, or the signal is distorted with
harmonics and noise pollution [3]. In order to address these
issues, a number of alternative techniques have been proposed
in recent years. Based on the analysis of the voltage fre-
quency spectrum, several methods have been suggested, such
as discrete Fourier transform (DFT). Ren and Kezunovic [6]
proposed a hybrid method for power system frequency estima-
tion which uses a second-order Taylor series expansion and a
DFT algorithm; however, it assumes a noise-free environment.
To compensate for the spectral leakage, advanced windowed
functions and interpolation schemes are applied in [7].

Phase-locked loop (PLL) techniques and adaptive notch
filters (ANFs) are other effective frequency and amplitude
estimation methods. The key idea behind the PLL is to
generate a signal whose phase angle adaptively tracks vari-
ations of a given signal via a control loop. In [8], an ANF
passively derives the phase angle output from a given signal.
However, it produces an estimation error in steady state
and has a slow dynamic response in the filtering process.
Several other PLL-based techniques have been developed and
presented in [9] and [10]. All the aforementioned PLLs need
to compromise between the desired transient response and the
acceptable steady-state estimation error.

In [11], a new sequence is constructed using the summation
of the samples in the original sampling sequence. The ampli-
tude ratio of the new sequence and the original sequence is
used to calculate the fundamental frequency deviation. In [12],
frequency and amplitude of an unbalanced power system
are estimated using a parameterized dynamic model and an
adaptive observer. Both of these approaches work relatively
well only in the absence of measurement noise.

In [13], a maximum likelihood estimate (MLE) is
applied to an unbalanced power system to obtain frequency.
Xia et al. [13] show that the MLE of phases and amplitudes
of both the positive and negative phase-sequence components
within the αβ-transformed voltage can be generically derived
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based on the ML frequency estimates. Their approach works
well only when the parameter variations are smooth.

The least-squares (LS) algorithm and its variants have
been widely used to estimate the frequency, magnitude, and
phase as well. Kušljević [14] presents a hybrid LS algorithm
to estimate the fundamental frequency of a noisy sinusoid
which may contain some harmonics. The algorithm is not
applied to cases where the frequency undergoes rapid changes.
Pradhan et al. [15] presented a least-means squares (LMS)
technique to compute the frequency of three-phase volt-
ages in a complex domain. They used an adaptive step
size approach that showed good performance when smooth
changes in frequency occurred; however, the algorithm had
difficulties tracking a frequency step change. The weakness
of LS-based algorithms is the tradeoff between accuracy
and response speed when the signal is very noisy and has
high-harmonics pollution content [16], [17]. A widely linear
adaptive frequency estimation algorithm for unbalanced three-
phase power systems was proposed in [18]. The approach is
the complex-valued extension of the iterative version of the
complex LMS algorithm. Although this method tracks changes
in frequency due to voltage sags, it does not achieve the
steady-state convergence.

Another widely used real-time dynamic estimation algo-
rithm is the Kalman filter (KF) and its variants. The linear
KF and nonlinear extended KF (EKF) approaches have been
used to estimate the frequency, amplitude, and phase of the
fundamental and harmonic components of a noisy signal.
Wiltshire et al. [19] combined a robust extended complex KF
and a sliding-surface-enhanced fuzzy adaptive controller to
estimate the frequency and amplitude of the distorted sig-
nals of a power system. Although the approach shows good
performance on the steady-state tracking, it does not con-
verge fast enough after an abrupt frequency change. Another
shortcoming of the EKF is that it requires the computation
of power flow Jacobian matrices, which increases execution
time, thus affecting the real-time response. The unscented
KF (UKF) was successfully used in [20] to estimate linear
and abrupt frequency changes of a balanced power system
without harmonic content.

In this paper, we use a UKF to estimate both the fre-
quency and amplitude of unbalanced power systems in the
presence of harmonics and measurement noise. The UKF
was originally proposed to overcome the disadvantages of the
EKF [21]. Instead of linearizing the nonlinear system dynam-
ics of a process for the EKF, the UKF attempts to propagate
the statistical distribution of the state using the unscented
transformation (UT). This method results in good tracking
performance because it produces a more accurate posterior
covariance matrix [21]. More important are the facts that the
UKF dynamic estimator herein proposed is numerically stable
because it does not involve the inversion of matrices, it is
easy to implement, and it has low computational complexity.
In our work, we use the complex-valued Clarke’s transform to
characterize the three-phase power system voltage waveform.
To evaluate the estimation algorithm performance, we apply
two types of frequency changes, namely, linear change and

step change and also apply two types of amplitude modulation
changes for a total of four test cases.

II. POWER SYSTEM VOLTAGE MODEL

The three-phase voltages of a power system can be
described by

Va(t) =
N∑

i=1

Vai (t) cos(θi (t)) + Wa(t)

Vb(t) =
N∑

i=1

Vbi (t) cos

(
θi (t) − 2π

3

)
+ Wb(t)

Vc(t) =
N∑

i=1

Vci (t) cos

(
θi (t) + 2π

3

)
+ Wc(t) (1)

where for the i th harmonic, Vai , Vbi , and Vci are the three-
phase peak voltage amplitudes, θi(t) is the instantaneous phase
angle, and Wa(t), Wb(t), and Wc(t) are noise terms associated
with the measurements.

Applying Clarke’s transform to the three-phase discretized
voltages at time t = kT yields

⎡

⎣
V0(kT )
Vα(kT )
Vβ(kT )

⎤

⎦ =
√

2

3
×

⎡
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√
2

2

√
2

2

√
2
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0

√
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2
−

√
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2

⎤

⎥⎥⎥⎥⎥⎥⎦

⎡
⎢⎣

Va(kT )

Vb(kT )

Vc(kT )

⎤
⎥⎦.

(2)

For a balanced power system, the complex voltage model
at the kth sampling instant is given as

V (kT ) = Vα(kT ) + j Vβ(kT ) (3)

For an unbalanced power system, due to voltage sags,
Vai , Vbi , and Vci are not identical and the complex volt-
age V (kT ) with harmonic content can be written as

V (kT ) =
N∑

i=1

(Ai e
jθi (kT ) + Bi e

− jθi (kT )) + W (kT ) (4)

where W (kT ) is a zero-mean complex-valued white Gaussian
noise and the discretized phase angle is described by

θi (kT ) =
∫ kT

0
ωi (τ )dτ + φi (5)

where ωi (τ ) is the instantaneous frequency of the
i th harmonic.

After some algebraic manipulations [18], the values of
Ai and Bi , i = 1, 2, . . . , N , for the fundamental frequency
and its harmonics can be computed as follows:

Ai =
√

6(Vai + Vbi + Vci )

6

Bi =
√

6(2Vai − Vbi − Vci )

12
− j

√
2(Vbi − Vci )

4
. (6)
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Likewise, at the (k+1)th sampling instant, the complex voltage
is given as

V (kT + T ) =
N∑

i=1

(Ai e
jθi (kT +T ) + Bi e

− jθi (kT +T ))

+ W (kT + T ). (7)

Now, the phase angle at the (k +1)th sampling instant and for
i = 1, 2, . . . , N is described as

θi ((k + 1)T ) =
∫ (k+1)T

0
ωi (τ )dτ + φi

=
∫ kT

0
ωi (τ )dτ +

∫ (k+1)T

kT
ωi (τ )dτ + φi

= θi (kT ) + 	θi (kT ) (8)

where 	θi (kT ) = ∫(k+1)T
kT ωi (τ )dτ .

Note that in our work the instantaneous frequency ωi (τ )
is not necessarily a smooth function of time, since it can
undergo abrupt changes in a short period of time. Thus,
at the (k + 1)th sampling instant, the discretized complex
representation of the voltage can be rewritten as

V (kT + T )

=
N∑

i=1

(Ai e
j [θi (kT )+	θi (kT )] + Bi e

− j [θi (kT )+	θi (kT )])

+W (kT + T ). (9)

It should be pointed out that 	θi(kT ) is a time-varying
incremental change in phase. Moreover, our model can accom-
modate an arbitrary number of harmonics.

The nonlinear model of the three-phase voltage with N
harmonics under unbalanced conditions can be written in terms
of 4N complex state variables, namely,

xk+1 = f (xk) + ηk

yk = h(xk) + Wk (10)

where it is assumed that at the kth and the (k + 1)th time
indices, we indicate the kT and kT + T sampling instants.

The state vector xk and the nonlinear vector map f (xk) at
time index k are defined by

xk =

⎡

⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

x1,k

x2,k

x3,k

x4,k

x5,k

x6,k

x7,k

x8,k

...

x4N−3,k

x4N−2,k

x4N−1,k

x4N,k

⎤

⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

=

⎡

⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

e j	θ1(kT )

A1e jθ1(kT )

e− j	θ1(kT )

B1e− jθ1(kT )

e j	θ2(kT )

A2e jθ2(kT )

e− j	θ2(kT )

B2e− jθ2(kT )

...

e j	θN (kT )

AN e jθN (kT )

e− j	θN (kT )

BN e− jθN (kT )

⎤

⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

(11)

and

f (xk) =

⎡

⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

x1,k

x1,kx2,k

x3,k

x3,kx4,k

x5,k

x5,kx6,k

x7,k

x7,kx8,k
...

x4N−3,k

x4N−3,k x4N−2,k

x4N−1,k

x4N−1,k x4N,k

⎤

⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

. (12)

The output scalar map h(xk) is given as

h(xk) = H xk (13)

where H = [ 0 1 0 1 0 1 0 1 · · · 0 1 0 1 ], ηk is the process
noise vector, and Wk is the scalar the measurement noise,
which is assumed to be zero-mean white Gaussian.

We will use this nonlinear state-space model to estimate the
frequency and amplitude of the unbalanced power system with
harmonics in the presence of white Gaussian measurement
noise.

III. FREQUENCY AND AMPLITUDE ESTIMATION

OF UNBALANCED POWER SYSTEM

We use the UKF algorithm to estimate both frequency and
amplitudes of the voltage of an unbalanced power system. The
estimation uses the nonlinear state-space model (12) and (13),
assuming that the process noise vector ηk and the measure-
ment noise Wk are Gaussian with zero mean with covariance
matrices Q and R [22].

The key to the successful design of a UKF is the
proper selection of the sigma points in order to preserve
the statistical characteristics of the state as time evolves.
These points are based on the statistics of the initial state,
i.e., for k = 1, 2, . . .

x0,k−1 = x̄k−1

xi,k−1 = x̄k−1 + (
√

(n + λ)Pk−1)i , i = 1, 2, . . . , 4N

xi+n,k−1 = x̄k−1 − (
√

(n + λ)Pk−1)i , i = 1, 2, . . . , 4N

(14)

where x̄k−1 is the mean of the initial condition,
(((n + λ)Pk−1)

1/2)i is the i th column of the matrix
((n + λ)Pk−1)

1/2, and Pk−1 is the unconditional state
covariance matrix of the initial state.

A. Time Update

The sigma points are propagated through the dynamics
vector function, that is,

xi,k|k−1 = f (xi,k−1), i = 0, 1, 2, . . . , 8N. (15)
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The predicted state mean x̄k|k−1 and predicted covariance
matrix Pk|k−1 are given as

x̄k|k−1 =
8N∑

i=0

wm
i xi,k+k−1 (16)

Pk|k−1 =
8N∑

i=0

wc
i [(xi,k|k−1 − x̄k|k−1)(xi,k|k−1 − x̄k|k−1)

T ]+Qk .

(17)

The sigma points are recomputed using the predicted state
vector mean and the predicted state covariance matrix, namely,

x0,k|k−1 = x̄k|k−1

xi,k|k−1 = x̄k|k−1 + (
√

(n + λ)Pk|k−1)i , i = 1, 2, . . . , 4N

xi,k|k−1 = x̄k|k−1 − (
√

(n + λ)Pk|k−1)i , i = 1, 2, . . . , 4N.

(18)

The new sigma points propagate through the measurement
function

yi,k/k−1 = h(xi,k|k−1), i = 01, 2, . . . , 8N (19)

to obtain the predicted measurement mean

ȳk|k−1 =
8N∑

i=0

wm
i yi,k|k−1 . (20)

B. Measurement Update
The measurement covariance matrix Pyk yk and cross-

covariance matrix of state and measurement Pxk yk are updated
as follows:

Pyk yk =
8N∑

i=0

wc
i [(yi,k|k−1 − ȳk|k−1)(yi,k|k−1 − ȳk|k−1)

T ]+ Rk

(21)

Pxk yk =
8N∑

i=0

wc
i [(xk|k−1 − x̄i,k|k−1)(yi,k|k−1 − ȳk|k−1)

T ].

(22)

Finally, the Kalman gain, the state mean, and covariance at
iteration k are given as

Kk = Pxk yk P−1
yk yk

(23)

x̄k = x̄k/k−1 + Kk(yk/k−1 − ȳk/k−1) (24)

Pk = Pk/k−1 − Kk Pyk yk K T
k (25)

where the weights wm
i and wc

i are defined as

wm
0 = λ

n + λ

wc
0 = λ

n + λ
+ (1 − α2 + β)

wm
i = wc

i = 1

2(n + λ)
, i = 1, 2, . . . , 8N. (26)

The parameter β is used to incorporate prior knowledge of
the distribution of sigma points x and it is usually set to 2 for
a Gaussian distribution [23].

At the sampling instant t = kT , the fundamental frequency
and its harmonics are estimated as follows:

f̂i+1(k)= 1

2πTs
sin−1(Im(x̄4i+1,k)), i = 0, 1, 2, . . . , N −1

(27)

where N is the total harmonic content of the voltage wave-
form.

After the measurement update, the estimated values of
Ai and Bi are obtained as follows:

Ai+1(k) = |x̄4i+2,k |, i = 0, 1, 2, . . . , N − 1 (28)

Bi (k) = x̄4i,k x̄4i+2,k

|x̄4i+2,k | , i = 1, 2, . . . , N. (29)

The amplitudes of the three phases for the fundamental and
its harmonics at each sampling instant can be obtained using
the inverse relationship of (6), namely, for i = 1, 2, . . . , N

⎡

⎣
Vai (k)
Vbi (k)
Vci (k)

⎤

⎦ =

⎡

⎢⎢⎢⎢⎢⎢⎣

√
3

1√
2

0
√

3

2
− 1

2
√

2
−√

2
√

3

2
− 1

2
√

2

√
2

⎤

⎥⎥⎥⎥⎥⎥⎦

⎡

⎣
Ai (k)

Re{Bi (k)}
Im{Bi (k)}

⎤

⎦. (30)

IV. ESTIMATOR PERFORMANCE EVALUATION

We apply the step and linear frequency changes to our model
to evaluate the performance of the proposed UKF frequency
estimation algorithm when the three-phase unbalanced power
system voltage contains the fundamental, the second and the
third harmonics (N = 3) whose amplitudes undergo either
continuous or discontinuous changes. The algorithm can be
used to estimate the frequency and amplitude for an arbitrary
number of harmonics. The measurement and process noise
variances are selected based on practical data. According
to [24], the average value of the observation noise power is
in the order of 10−2 for 110-V power signals and we use the
value of 4.21×10−2 for the variance of the observation noise.
For the process noise parameter, we use a variance of 1×10−4.

For the unbalanced power system in the question, the para-
meters α and κ are set to 10−2 and 0, respectively. Hence, for
n = 4N = 12 (the dimension of our model for the unbalanced
case when we only consider the fundamental and the first two
harmonics), we have λ = α2(n + κ) − n = −11.9988. The
scaling parameter β is set to 2 for the Gaussian distribution
of sigma points. The weights wm

i and wc
i for the mean and

covariance calculation are wm
0 = −9999, wm

i = 416.667,
i = 1, 2, . . . , 24, wc

0 = −9996, wc
i = 416.667, and i =

1, 2, . . . , 24.
We implement the algorithm in MATLAB and test the

accuracy of the algorithm using an estimate of the root-mean-
square error (RMSE) as the figure of merit, namely,

RMSE =
√√√√ 1

K

K∑

k=1

( f̂est(k) − factual(k))2 (31)

where K = ((t f − t0)/T ) = (tsim/T ), and t0 and t f are
the initial and the final time, respectively. When computing
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Fig. 1. Tracking of a linear frequency change.

the RMSE, 500 independent Monte Carlo simulations are
performed.

The range of variation in frequency is from 59.8 to 60.2 Hz,
because in a practical power system a frequency change of
more than 0.4 Hz would be catastrophic. The linear change
starts at t= 0.2 s and ends at t= 0.8 s, and the nonlinear
step change occurs at t = 0.4 s. The total simulation time
is tsim = 1 second, and we use a sampling frequency
of 500 Hz (T = 0.002 s).

Two experiments are conducted. In the first experiment, the
voltage waveform undergoes continuous nonlinear amplitude
modulation changes, and in the second experiment, it under-
goes discontinuous nonlinear amplitude modulation changes.
The frequency undergoes either linear or abrupt changes in
each experiment for a total of four cases. The results of one
Monte Carlo simulation are plotted in each case.

A. Experiment 1
In this experiment, the voltage waveform undergoes contin-

uous amplitude modulation and the amplitudes of the funda-
mental frequency phase components A, B , and C are set to

Va1(t) = 110 (1 + 0.05 sin (2π t))

Vb1(t) = 110

(
1 + 0.1 sin

(
2π t − 2π

3

))

Vc1(t) = 110

(
1 + 0.15 sin

(
2π t + 2π

3

))
(32)

respectively. The second and third harmonics are defined to
be 10% and 5% of the fundamental frequency amplitude. The
initial phase shift φi , i = 1, 2, 3 of each harmonic is randomly
chosen from 0◦ to 180◦.

Case 1—Linear Frequency Change: The fundamental fre-
quency of the system voltage undergoes a linear variation.
Figs. 1 and 2 show how closely the estimator tracks the actual
frequency during one Monte Carlo simulation run. The RMSE
for a linear variation in frequency is 0.017 Hz.

The estimated and actual amplitudes variations are shown
in Fig. 3. The amplitude estimation errors are shown
in Fig. 4. We can see that the amplitude estimation error for
phases a and b is bounded between −0.5 and 0.5 V and that

Fig. 2. Errors between the actual and estimated frequency for linear change.

Fig. 3. Fundamental component amplitude tracking of our proposed
estimator.

Fig. 4. Fundamental component amplitude tracking error.

the amplitude estimation error for phase c lies in the interval
of −0.2–0.3 V.

Case 2—Step Frequency Change: In this case, the funda-
mental frequency of the input signal undergoes a step change.
Figs. 5 and 6 show the tracking capability of the proposed
dynamic frequency estimator. The RMSE in this experiment
is 0.0173 Hz, which is similar to the one observed in the linear
frequency change experiment.
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Fig. 5. Tracking of a step frequency change.

Fig. 6. Errors between the actual and estimated frequency for a step change.

Fig. 7. Fundamental component amplitude tracking of our proposed
estimator.

The estimated and the actual amplitude variations of the
fundamental frequency are shown in Fig. 7. The amplitude
estimation errors are shown in Fig. 8, and we can see that
the estimation errors for phases a and b lie in the interval
of −0.3–0.45 V, and the estimation error for phase c lies in
the interval of −0.2–0.3 V.

Fig. 8. Fundamental component amplitude tracking errors for the three
phases.

Fig. 9. Tracking of a linear frequency change.

B. Experiment 2

In this experiment, the power system amplitude modulated
voltage waveform of the fundamental component undergoes
multiple abrupt changes, that is,

Va1(t) = 110 (1.05 + 0.05 sin (2π t)),

Vb1(t) =

⎧
⎪⎪⎨

⎪⎪⎩

165

(
1.1+0.15 sin

(
2π t+ 2π

3

))
, 31T < t <35T

110

(
1.1+0.15 sin

(
2π t+ 2π

3

))
, otherwise

Vc1(t) =

⎧
⎪⎪⎨

⎪⎪⎩

80

(
1.15+0.15 sin

(
2π t− 2π

3

))
, 11T< t <25T

110

(
1.15+0.15 sin

(
2π t− 2π

3

))
, otherwise

respectively. Again, the second and third harmonics are defined
to be 10% and 5% of the fundamental frequency amplitude,
and the initial phase shift of each harmonic is randomly chosen
from 0° to 180°.

Case 3—Linear Frequency Change: The fundamental fre-
quency of the power system experiences a linear variation.
Figs. 9 and 10 show the estimator tracking of the linear
frequency change. The RMSE is 0.0179 Hz.
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Fig. 10. Errors between the actual and estimated frequency for linear change.

Fig. 11. Fundamental component amplitude variation tracking.

Fig. 12. Fundamental component amplitude variation tracking error.

Figs. 11 and 12 show the three-phase voltage amplitudes
tracking and tracking errors at each time instant, respectively.

Case 4—Step Frequency Change: Similar to case 2, the fun-
damental frequency of the input signal undergoes step change
from 59.8 to 60.2Hz. Figs. 13 and 14 show the frequency
tracking capability of the proposed estimator. The RMSE is
in 0.0173 Hz.

Fig. 13. Tracking of a step frequency change.

Fig. 14. Errors between the actual and estimated frequency for linear change.

Fig. 15. Fundamental component amplitude variation tracking.

Figs. 15 and 16 show the amplitude variation tracking
capability of our proposed estimator and the amplitude track-
ing error, respectively. The amplitude tracking error, in this
case, is larger than in the previous three cases, especially
for phase a. This is due to the relatively large and abrupt
amplitude changes experienced by phases a and c.

The performance evaluation of our UKF estimation
approach shows that it can track quite well extreme changes
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Fig. 16. Fundamental component amplitude variation tracking error.

in both voltage amplitude and frequency under the unbalanced
condition and in the presence of measurement noise. This is
in contrast to milder test cases presented by other authors.
For example, Xia et al. [3] only test the same step change
for the amplitude of all three phases and no changes in
frequency. In [11], the test waveform only undergoes smooth
amplitude changes and only a linear change in frequency is
considered. In [15], only frequency step frequency changes are
considered, and the tracking during the transient period is not
very good. Xia and Mandic [18] do not consider the presence
of harmonics, and the tracking capability is not satisfactory
during the transient period.

In short, our proposed estimation algorithm for both the
frequency and amplitude of an unbalanced power system in
the presence of harmonic and measurement noise is superior
to prior works by other researchers. For future work, we will
consider the real-time estimation of the covariance matrices
of both process and measurement noise, as often we do not
know exactly what their values are.

V. CONCLUSION

We have shown in this paper that one can accurately esti-
mate both the frequency and the amplitude of an unbalanced
power system using a nonlinear model of the power system
voltage with harmonic content using a UKF. We success-
fully tested our proposed approach with three-phase voltage
waveforms that contained the fundamental and two harmonic
components and whose amplitudes were nonlinear and discon-
tinuous, as well as benchmark for the frequency that changed
both linearly and abruptly.
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