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addressed in this paper.

This paper proposes Extended Kalman Filter (EKF) based dynamic state estimator for power systems using
phasor measurement unit (PMU) data. Dynamic state estimation in power systems provides synchronized
wide area system history of the dynamic events which is key in the analysis and understanding of the
system performance, behavior, and the types of control decisions to be made for large scale power system
contingencies. In this paper, 2-axis-fourth-order state space modeling and validation of the synchronous
machine is explained in detail. The model is then used for dynamic state estimation using EKF in IEEE
3-Generator-9-Bus Test System. The simulation results show that the model and estimation approach are
capable to provide accurate information about the states of the machine and eliminate the noise effects
on the measurement signal. The main challenges of dynamic estimation in large power systems are also

© 2014 Elsevier B.V. All rights reserved.

1. Introduction

Extended Kalman Filter (EKF) has been among the most referred
estimation approaches for dynamic state estimation in power
systems [1,2]. The advent of Phasor Measurement Units (PMUs)
[3] has facilitated online state estimation in large scale power
systems which was previously impossible using low rate and
non-synchronous data provided by Supervisory Control and Data
Acquisition (SCADA) systems. As the number of installed PMUs
are gradually increasing worldwide, real time estimation in large
interconnected power grids is becoming more realistic [2]. PMU
is a recently developed power system measurement device that
samples input three phase voltage and current waveforms, using a
common synchronizing signal received by Global Positioning Sys-
tem (GPS), and calculates the phasors (magnitudes and angles) of
the bus by deploying Discrete Fourier Transform [3]. Different esti-
mation approaches and case studies have been used to investigate
dynamic state estimation in power systems. Feasibility studies of
applying Extended Kalman Filter (EKF) to IEEE 3-Generator-9-Bus
Test System using classical model of the synchronous generator
are investigated in [1]. EKF with unknown input is the estimation
approach for Single-Machine-Infinite-Bus (SMIB) in [2]. Another
form of nonlinear Kalman Filter, Unscented Kalman Filter (UKF),

* Corresponding author. Tel.: +1 709 864 8902; fax: +1 709 864 4042.
E-mail addresses: hamed.tebianian@mun.ca (H. Tebianian), jeyas@mun.ca
(B. Jeyasurya).

http://dx.doi.org/10.1016/j.epsr.2014.12.005
0378-7796/© 2014 Elsevier B.V. All rights reserved.

is used to design an observer for different power system case
studies using the PMU installed on the main bus of the genera-
tor [4-6]. In [7], a divide-by-difference-filter based algorithm is
proposed for dynamic estimation of the generator rotor angle in
a large power system. The results of state estimation in a SMIB
using extended particle filter are also presented in [8]. Simula-
tions are performed on 2-axis-fourth-order state space model of
the synchronous machine in [2,6] using either EKF or UKF to design
dynamic state estimator for various power systems.

The paper is organized as follows. In Section 2, mathemati-
cal description of the synchronous generator is explained and the
2-axis-fourth-order state space model of the machine is derived.
EKF principles and equations are presented in Section 3. Section 4
presents simulation results for IEEE 3-Generator-9-Bus Test Sys-
tem. Section 5 presents an application and the major challenges of
dynamic state estimation in power systems. Section 6 concludes
the paper.

2. Single-machine-infinite-bus state space model

Fig. 1 shows a simplified equivalent model of a general power
system which is a single generator connected through a trans-
former and parallel transmission lines to infinite bus. The classical
dynamic model of the synchronous machine is as follows [9]:
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Fig. 1. Single-Machine-Infinite-Bus (SMIB) diagram [2].
dAw 1
—— = —(Pp —P. —DAw 2
T = 55 (Pm = Pe ) )

In this model, D and H are damping factor and inertia constant,
Auw is the per unit rotor speed deviation, § is the rotor angle, and
Pm and P are the power provided by the prime mover and the
electrical output power of the generator both in per unit. The next
stepis to develop the 2-axis-fourth-order model of the synchronous
generator which includes e; and e, the q and d axis components
of the generator internal voltage. Based on the phasor diagram of
the synchronous machine, equations describing the q and d axis
components of the generator internal voltage and their first order
differential equations are given in Eqs. (3)-(6) [9].
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x4 and xgq are direct and quadratic axis reactances, and x; and x; are
direct and quadratic axis transient reactances, all in per unit. Also,
T’ and T’ are direct and quadratic axis transient open circuit
time constants in second. § is defined as the angle such that e,
the q axis component of the voltage behind the transient reactance
Xl leads the terminal bus E¢ or V¢, and Egy is the field voltage of
the machine. Considering the phasor diagram of the synchronous
machine, the d-axis and g-axis voltages (eg, eq) can be expressed as
[2,10]

eq = Vi sin(§)
*)E[=Vt=1/€§+€g (7)
eq = V¢ cos(d)

In addition, the d-axis and g-axis currents (ig, iq) are [2,10]

ig = Ir sin(§ + ¢)

] —>I[=,/i5+i§ (8)

ig = It cos(8 + @)

Using Egs. (3), (4) and (7) and by neglecting the stator resistance
(Ra=0), ig and ig can be written as

o eq — Vi cos(8)
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X, (9)

Ve sin(8) — e’

iq=w (10)
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The air gap torque T, of the generator in per unit is equal to the
terminal power P, or P; (generator terminal electrical power) [2].
Therefore, it is obtained

To = Pt + RaI2=0T, = Py = eqiq + eqiq (11)

Egs.(7),(9) and (10) are inserted into Eq. (11) to obtain
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Using Egs. (1), (2), (5), (6), (9) and (10), the fourth order model
of a synchronous generator is derived as follows:
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Eqs.(12)and (13)are usedinarecursive EKF estimation program
after being discretized with the first term of the Taylor Series.

3. Extended Kalman Filter algorithm

EKF is a powerful recursive algorithm for dynamic state esti-
mation in nonlinear systems. This optimal estimation approach
minimizes the covariance of squared error between real states and
estimated ones. A nonlinear discrete stochastic difference equa-
tion and measurement equation can be generally presented in the
following form [11]:

Xier1 = fre(Xis Uge, W)
Vi1 = i1 (Xpey 1, Vi)
wi~(0, Q)

v~(0, Ry)

(14)

fis the nonlinear function of the states and inputs, x;.; represents
state vector, uy is the control input vector, y.; is the output vector,
wy and v, are the process and measurement noise, Q, and R are
the process and measurement noise covariance, and k is the time
step for each iteration. EKF recursive algorithm is performed in two
stages: time update and measurement update. As a result, the fol-
lowing steps can be applied to nonlinear system for dynamic state
estimation [11,12].

1. The filter is initialized as follows:

523' = E(Xo)
; (15)
Py = E[(xo — %5 )Xo — %5)']

Fork=1,2, 3, ..., n the following stages are performed.
2. Partial derivative matrices of the system equation are obtained
by Eq. (16).
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¢ Time update equations of EKF are as follows:

- _ +rT T
Pe,, = FePy T + LQulT -
)?];r] =fk()’2]:r’ Uy, O)

e Partial derivative matrices of output equation are derived by
Eq. (18).
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