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a b s t r a c t
This paper proposes extended Kalman ﬁltering (EKF) based real-time dynamic state and parameter estimation using phasor measurement unit (PMU) data. In order to reduce computing load, model decoupling
technique is used where measurements (real power, reactive power, voltage magnitude and phase angle)
from a PMU are treated as inputs and outputs from the system. Inputs are real and reactive powers while
outputs are voltage magnitude phase angle. EKF is implemented using a second-order swing equation
and a classical generator model to estimate the two dynamic states (rotor angle and rotor speed) and
unknown parameters, e.g., mechanical power, inertia constant, damping factor and transient reactance.
An EKF algorithm is developed using model decoupling technique for real-time estimation of states and
parameters related to electromechanical dynamics. The EKF based estimation can estimate two dynamic
states along with four unknown parameters.
© 2013 Elsevier B.V. All rights reserved.

1. Introduction
Phasor measurement units (PMU) equipped with GPS antennas
measure three-phase instantaneous voltages and currents and calibrates phasors. These phasors are transmitted with time stamps
and called synchrophasors. Synchrophasors have many applications that enhance situation awareness of the power grid. The
Department of Energy has supported PMU installation around the
US through the Smart Grid Investment Grant (SGIG) with a plan for
thousands of PMUs to be installed in the US over the next several
years. Effective use of the PMU data to enhance power system situation awareness and security is of key interest to power system
operators.
State estimation can be generally classiﬁed into two categories:
steady state and dynamic. Conventional state estimation belongs
to the ﬁrst category, where bus voltages and phase angles are estimated every 5 min and the estimation handles steady state power
ﬂow problems. The measurements could be active power, reactive
power and voltage magnitude. With phasor measurements, steady
state estimation can incorporate direct phasor measurements and
formulate least square estimation problems [1–3].
This paper deals with dynamic state and parameter estimation
employing PMU data. The current data in Eastern Interconnection collected by the RTDMS database [4] has a 30 Hz sampling
rate. This is a much faster sampling rate compared to that of
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conventional state estimation (0.2 Hz sampling rate). With such a
sampling rate, estimation of dynamic states and parameters related
to critical low frequency electromechanical dynamics becomes feasible. Two applications can be envisioned for PMU data based
dynamic estimation. The ﬁrst one is in generator model and
parameter estimation. NERC MOD-013 [5] compliance requires
unit-speciﬁc dynamics data shall be reported. These data include
generator (inertia constant, damping coefﬁcient, direct and quadrature axes reactances and time constants), excitation systems,
voltage regulators, turbine-governor systems, power system stabilizers, and other associated generation equipment. Currently, the
data required by NERC have to be obtained by bringing a unit ofﬂine
and conducting tests. The research problem investigated in this
paper can provide some of the data required by NERC MOD-013 and
therefore have a practical application in online generator parameter estimation without interrupting units operation. The second
application is subsystem identiﬁcation. Instead of just one generator unit, a subsystem consisting of multi units can be estimated
with PMU data.
Synchronous generator parameter estimation has been investigated in the literature. Based on the data used, the methods can
be classiﬁed into: time-domain data based [6–18] and frequency
response data based [19–22] methods. Based on the nature of
the measurements, there are digital fault recorder data with high
sampling rate based estimation for generator electrical parameters
[15–18], and other online tests based methods such as short circuit
tests [7,9], step or binary sequence inputs into excitation [8,11,12],
and ofﬂine tests based [19–22] methods. Based on the scope of
the estimation, some focus on electrical parameters (e.g., qd-axis
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resistances and inductances) only [7,9,13–22], while [8,10–12] estimate both electrical and mechanical parameters. Based on the
estimation methods, then there are at least two major systematic
methods to deal with differential equation model estimation: least
square estimation [6–9,12,14,19,20] and Kalman ﬁlter estimation
[10,11].
PMU data based estimation problems fall into the category
of online, time-domain, and electro-mechanical dynamics related
problems.
In the literature, a synchronous generators’ parameters can be
estimated accurately if given sufﬁcient measurements. For exam ) are
ple, in [8], a third-order machine model parameters (H, D, Tdo
estimated based on the measurements of the terminal voltage, output power, angle given a step response in excitation system. In [11],
electrical and mechanical parameters of a generator can be estimated given measurements from ﬁled current, terminal current,
terminal powers, rotor angle and rotor speed. In [12], electrical and
mechanical parameters of a generator can be estimated given measurements of three-phase currents, line voltages, and ﬁeld voltage.
Ref. [6] indicates that machine circuit parameters and mechanical
system parameters can be estimated given different sets of measurements.
Unlike the estimation problems in the literature, PMU data are
limited to voltage, current phasors in addition to frequency, power
and time. We cannot obtain measurements as much as we want
such as in [11,12]. Secondly, unlike the tests conducted in [8,10,12],
the trigger of transients is unknown. Field current and voltage measurements are not available.
Therefore, PMU data based estimation problems are limited
to state estimation only [23,24] or state/parameter estimation for
2nd order mechanical system [25–29]. The above investigation all
applies Kalman ﬁltering technology in estimation. There are other
methods in PMU data based estimation method designated for a
special system, e.g., [30] investigates a radial system estimation
problem. In this paper, a general approach that can be applied for
any system is sought.
EKF approach is adopted in this paper to estimate a generator’s model and parameters. Unlike least squared estimation which
uses a time window of data, EKF estimation uses the current step
measurements and prediction. Hence the data storage requirement is very low. This approach can also be used to estimate a
reduced-order model, which can represent a subsystem. In addition, to reduce the computation burden, instead of estimating
the entire system, only a subsystem or a generator is estimated.
The generator is however interconnected to the grid. Therefore,
a model-decoupling method will be introduced in this paper to
decouple the subsystem model from the grid by treating a subset
of measurements as inputs to the model.
Model decoupling technique has been employed in decentralized
nonlinear control and subsystem model validation [26,28,31,32]. A
subsystem’s model will be independent from the rest of the system
as long as the interfacing variables with the rest of the system can be
measured and used as the input for a local decentralized controller.
In [31], terminal voltage is the interfacing variable. In [32], currents
are the interfacing variables. In model validation, a technique used
in subsystem model validation is called “event play back” [26,28].
In “event play back,” the objective is to estimate the parameters
for a dynamic model which represents a synchronous generator or
a subsystem. Measurements at the terminal bus will be separated
into two groups. One group (voltage magnitude and phase angle)
is treated as the input signals to the dynamic model and the other
group (real and reactive power) is treated as the measurements in
the EKF algorithm. Using such a technique, there is no longer the
need to deal with the dynamic model of an entire power system;
rather, second-order dynamic models will be used in the EKF in
parallel.
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This paper will propose a model decoupling method and implement EKF to estimate dynamic states and parameters related to
electromechanical dynamics. Compared to the most recent work
on EKF implementation in PMU data for dynamic state estimation
in [23,26], the contribution of this paper is two-fold:
• The estimation can handle more parameters. The problem presented in this paper is more comprehensive where two states and
four unknown parameters will be estimated. Estimated problem
in [23] deals with four dynamic states (ı, ω, Eq and Ed ) and one
unknown parameter (excitation voltage Efd ). All other parameters such as inertia constant H, damping factor D and reactances
are assumed to be known. Estimation of H and D have shown
to be more difﬁcult than other parameters [26] since nonlinearity is introduced and there will be more linearized error in EKF
prediction. EKF-based estimation in [26] assumes the mechanical power for a generator is known and three parameters H, D
and xd are estimated. This paper will tackle four-parameter and
ﬁve-parameter estimation problems.
• The estimation can handle modeling errors. The model used in
this paper is the simplest for a synchronous generator. However
the estimation will be tested against simulation data from more
sophisticated model to demonstrate the robustness of the proposed estimation. This is a step further than research in [23–29]
where estimation model is the same as the simulation model with
white noise added in measurements. In this paper, the estimation
is tested against unmodeled dynamics which are no longer white
noises.

The following sections will explain the basic EKF algorithm
(Section 2), model decoupling and EKF implementation (Section
3). Case studies will be present in Section 4. Section 5 concludes
the paper.

2. Basic algorithm of EKF
Kalman ﬁlter theory was developed by R. Rudolf Kalman in
late 1950s and can be considered as a type of observers for linear dynamic systems perturbed by white noise by use of white
noise polluted measurements [33]. Kalman ﬁlter is suitable for real
time estimation since the estimation is done for any instantaneous
time. EKF is a discrete Kalman ﬁlter adapting to nonlinear system
estimation through linearization.
For a nonlinear dynamic system described by differential algebraic equations (DAEs) in (1) and further in discrete form in (2),
the purpose of EKF is to minimize the covariance of the mismatch
between the estimated states and the states.

⎧
⎨ dx = fc (x, y, u, w)
dt
⎩

(1)

0 = gc (x, y, u, v)

where the x vector represents the state variables, the y vector represents the algebraic variables, u is the vector of input variables, w
and v are processing noise and measurement noise. The subscript
“c” denotes the continuous form. The discrete form of (1) is shown
as follows:

⎧
x = xk−1 + fc (xk−1 , uk−1 , wk−1 )t
⎪
⎨ k
⎪
⎩

≡ f (xk−1 , uk−1 , wk−1 )
0 = gc (xk , yk , uk , vk ) ⇒ yk = h(xk , uk , vk )

(2)
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Fig. 1. (a) Model decoupling using V and  as inputs while Pe and Qe as measurements. (b) Model decoupling using Pe and Qe as inputs while V and  as measurements.

The EKF problem can accommodate parameter estimation by
adding “auxiliary states” where xk = xk−1 . The EKF problem can be
solved in a two-step process [34]:


Prediction :

−

x̂k = f (x̂k−1 , h(x̂k−1 , uk−1 ), uk−1 , 0)
Pk− = Ak Pk−1 ATk + Wk Qk−1 WkT

(3)

−

−

x̂ = x̂ + K (z − h(x̂k , uk , 0))

k
k k
k
⎪
⎪
⎩ P = (I − K H )P −
k
k z,k k

(4)

where the superscript − denotes a priori state, Ak and Wk are the
process Jacobians at step k, Pk is a co-variance matrix of the state
estimation error and is also called gain factor matrix, and Qk is the
process noise covariance at step k. Hz,k and Vk are the measurement
Jacobians at step k, and Rk is the measurement noise covariance at
step k.

A=

∂f
,
∂x

Hz =

∂h
,
∂x

W=

∂f
,
∂w

V=

∂h
.
∂v

⎧
dı
⎪
⎪
= ω − ω0
⎪
⎪ dt
⎪
⎪
⎪
⎨ dω ω0
dt

=

2H

(Pm − Pe − D(ω − ω0 ))

(6)

⎪


⎪
⎪
ω0
EV
dω
⎪
⎪
=
Pm −  sin(ı − ) − D(ω − ω0 )
⎪
⎪
2H
xd
⎩ dt

⎧
− T
− T
T −1
⎪
⎪
⎨ Kk = Pk Hz,k (Hz,k Pk Hz,k + Vk Rk Vk )
Correction :

(modeled as a constant voltage behind a transient reactance) is
expressed as follows:

(5)

3. Model decoupling and EKF implementation
3.1. Model decoupling
The technique used in subsystem model validation called “event
play back” [26,28] has the potential to decouple the EKF problem
by better use of PMU data. One group is treated as the input signals
to the dynamic model and the other group is treated as the measurements in the EKF problem. Using such a technique, there is no
longer the need to deal with the dynamic model of an entire power
system. Rather, small-scale dynamic models will be used in the EKF
in parallel.
Each PMU provides voltage phasor and current phasor. From
the provided data, active power P and reactive power Q can be
computed. In this application, we consider PMU provides four data
sets: voltage magnitude (V), voltage phase angle (), active power
(Pe ) and reactive power (Qe ). Only positive sequence data from
PMUs are used in this application since it is reasonable to assume
that transmission systems are operated under balanced conditions
for majority of the time. The dynamic model of each generator

The vector of the state variables is x = [ı, ω]T (ı-rotor angle and ωrotor speed). E and Pm are internal voltage and mechanical power.
The coupling between a generator and network can be viewed at
two levels: at electric level and at electro-mechanical level. At electrical level, the generator is modeled as a voltage source behind
impedance. A network voltage and current relationship can be
setup YV = I. At the electro-mechanical level, the machine speed
is inﬂuenced by the electric network through the electric power
exported. The mechanical power is assumed to be constant or the
slow dynamics of the mechanical system is ignored. Fast dynamics
in the damping windings are ignored. Further, ﬁeld ﬂux is assumed
to be constant.
There are two ways to decouple the model using PMU measurements as shown in Fig. 1. Method a treats the terminal voltage
phasor (V and ) as the input signal and the power Pe and Qe as the
measurements. Method B treats the power as input signals and the
voltage phasor as the measurements. When Pe and Qe are treated
as the input for the model presented in (6), (6) can then be considered as a stand-alone dynamic model. On the other hand, if Pe and
Qe are not treated as the input, each generator will be dominated
by its dynamic equation as (6). These equations are coupled by the
expression of electric power.
The relationship of Pe Qe , V and other state variables can be
found in the following two equations.

⎧
EV
⎪
⎨ Pe = X  sin(ı − )
d

(7)

2
⎪
⎩ Qe = −V + EV cos(ı − )

Xd

Method A has been applied by the PNNL group in [28,29].
Method B, however, has not been investigated. A signiﬁcant difference of Methods A and B resides in the prediction step rotor speed
computation.
ωk+1 =

ω0
2Hk

ωk+1 = ωk +

Pm,k −
ω0
2Hk

EV k sin(ık − k )
− Dk

xd,k

Pm,k − Pe,k + Dk

ωk
−1
ω0

ωk
−1
ω0
t,

t + ωk ,

Method A

(8)
Method B

Method A relies on the voltage measurement, phase angle
measurement, and transient reactance estimation to compute the
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Fig. 2. Kalman ﬁltering technology using PMU data.

electric power in the prediction step. The expression for power is
only accurate for a classical generator model. In addition, when
the transient reactance is unknown, there will be signiﬁcant errors
in computing power. Compared to Method A, Method B uses the
power measurements as the input for the model. The accuracy
of the rotor speed prediction is greatly improved. Method A has
been applied in [26,28] and there are two limitations: (1) It cannot handle modeling error. In [26,28], the simulation model and
the estimation model are the same classical model. (2) It cannot handle four unknown parameters. It can only handle three
parameters.
Therefore, in this paper, Method B is used as the model decoupling technique for EKF implementation. The EKF implementation
is shown in Fig. 2 where PMU data are separated into two groups
(Pe Qe as inputs and V as measurements). The dynamics block
performs prediction using system equations while the geometry block computes the estimated measurements based on the
priori states. A Kalman ﬁlter gain is used to correct the priori state with the error between the measurements and their
estimation.

3.2. EKF implementation
In this subsection, detailed mathematical model of the EKF will
be given. The states and parameters to be estimated are the rotor
angle (ı), the rotor speed (ω), the mechanical power (Pm ), the inertia
constant H, the damping factor D and the transient reactance xd .
PMU can give measurements for the terminal voltage magnitude,
voltage phase angle, real power and reactive power. The real and
reactive power are treated as the input. The voltage magnitude and
voltage phase angle are treated as the outputs or measurements.
The discrete model for the estimation system is describe as follow:

⎧
ık+1 = ık + (ωk − ω0 )t + w1
⎪
⎪
⎪
⎪
ω0
⎪
⎪
(Pm,k − Pe,k )t + Dk (ωk − ω0 )t + w2
ωk+1 = ωk +
⎪
⎪
2H
k
⎪
⎪
⎨P
=P
+w
m,k+1

m,k

3

⎪
⎪
Hk+1 = Hk + w4
⎪
⎪
⎪
⎪D = D +w
⎪
⎪
5
k+1
k
⎪
⎪
⎩ 


(9)

xd,k+1 = xd,k + w6

where Pe,k is the input of the system, wi are the noise to represent
un-modeled dynamics and ω0 is the nominal frequency.
The Jacobian matrix A is given by

⎡

1

⎢
⎢0
⎢
⎢
A=⎢
⎢0
⎢0
⎢
⎣0
0

t
Dω0 t
1−
2H

0
ω0 t
2H

0
0

0

A24

A25

1

0

0

0

1

0

0

0

0

1

⎥
⎥
⎥
0⎥
⎥
0⎥
⎥
0⎦

0

0

0

0

1

where
A24 = −
A25 =

Pm − Pe − D(ω − ω0 )
ω0 t
2H 2

−(ω − ω0 )
ω0 t
2H

0

⎤

0

0⎥
(10)
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Fig. 3. Estimation results of the inertia constant based on Set 1 data using EKF and
iterative EKF.

The measurement sensitivity matrix Hz can be found from the
implicit functions (7).

⎡

∂V
⎢ ∂ı
Hz = ⎢
⎣ ∂
∂ı

∂V
∂ω
∂
∂ω

∂V
∂Pm
∂
∂Pm

where

∂V
∂H
∂
∂H

∂V
∂D
∂
∂D

⎤

⎡

∂V
0 0 0 0
∂xd ⎥ ⎢
⎥=⎢
∂ ⎦ ⎣
1 0 0 0
∂xd

⎤

f1 ) − 4Qe

4. Case studies

(12)



2Pe f2 − Pe xd (((−4Qe E 2 − 8xd Pe2 )/
∂
=

∂xd
f2 E 2 f2 − 4Pe2 x2

f1 ) − 4Qe )

(13)

d

where
f1 = −4Qe xd E 2 + E 4 − 4xd Pe2



f2 = 2

f1 + 2E 2 − 4Qe xd

in 10 s. In addition, when the initial guess is 8 pu.s, EKF gives an

∂V
estimation of a negative number.
∂xd ⎥
⎥(11) In the following case studies, IEKF will be used.
∂ ⎦
∂xd



((−Qe E 2 − 2xd Pe2 )/
∂V
=

∂xd
f2

Fig. 4. The study system.

(14)
(15)

The study system is the classic two-area four-machine system
in the literature [35] (Fig. 4). A three-phase fault occurs at t = 1 s
on Load 1 bus. Load 1 is tripped after 0.1 s. Voltage phasor data
and current phasor data from a generator terminal bus will be
recorded. The sampling interval is 0.01 s. The simulation is carried
by Power System Toolbox [36]. The recorded data will be used to
test the EKF methods. Four sets of simulation data will be recorded.
To determine electromechanical states and parameters, the data
contain obvious electromechanical oscillations are desired. On the
other hand, measurements from digital fault recorders with high
sampling rates and lasting less than 1 second are dominated by electromagnetic dynamics and hence are not suitable for the proposed
method.

3.3. Iterated extended Kalman ﬁlter (IEKF)
In order to achieve better convergence, iterative EKF [34] is
adopted. For each time step, previously there is one prediction and
one update step. In iterative EKF setup, for each time step, there
will be iterations to update the Jacobian matrices and calculate
estimated measurements. IEKF requires more computation time in
correction step compared to EKF.
EKF algorithm expands the measurement function hk in (2) in
the correction stage around xk− obtained as the best estimation of x
from the prediction phase:
h(xk , uk , vk ) = h(x̂k− , uk , 0) + Hz (x̂k − xk− ) + vk

(16)

However, after the correction phase we have a better estimate of
xk as in x̂k . Using such estimate x̂k in (16) instead of x̂k− could decease
the linearization errors in the rest of the estimation process and
improve the estimate x̂k of the correction phase. Iterative extended
Kalman ﬁlter (IEKF) is based on repeating the linearization of h and
the correction phase on the improved estimate x̂ki where i is the
number of the iteration.
A comparison of the estimation results obtained by EKF and iterative EKF for the case study presented in Section 4 is shown in
Fig. 3.
Two initial guesses of H are used for each estimation. It is found
that iterative EKF can signiﬁcantly increase the convergence rate
toward the accurate parameter. The initial guess of H is set to be
4 pu.s or 8 pu.s. In both cases, ITEF can ﬁnd the accurate estimation within 2 s. EKF however cannot reach the accurate estimation

• Set 1: In the ﬁrst set, classical generator models are used in simulations. Hence the Kalman ﬁlter dynamic model is exactly same
as the simulation model. The machine parameters are H = 6.5 s,
D = 6 pu, xd = 0.25 pu, E = 1.08 pu, and Pm = 0.85 pu.
• Set 2: In the second set, the damping is reduced to zero in the
swing equation. The simulation model is same as the estimation
model.
• Set 3: In the third set, subtransient generator model [37] including dynamics in damping windings and ﬁeld winding is used. The
damping factor is zero. The simulation model is more sophisticated than the estimation model.
• Set 4: In the fourth set, subtransient generator model is used.
The damping factor is six. Automatic voltage regulator (AVR) is
enabled to get a stable system response.
When damping factor is zero, the system lacks damping and the
PMU data in Fig. 5 presents obviously poor damped oscillations.
Testing on those data can demonstrate that the proposed algorithm
can converge well even the system is poorly damped.
At least two initial guesses will be used to demonstrate if EKF can
converge to a same estimation or not. For the two states and four
parameter estimation problem, Sets 1–4 are used. For the two states
and ﬁve parameter estimation problem, Sets 1 and 4 are tested.
The PMU data (V, , Pe , Qe ) for the four sets are plotted in Fig. 5.
Among them, the power are used as input to the estimation model
while the voltage phasor is treated as the measurements.
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Fig. 5. The PMU data V, , P and Q. P and Q are treated as the input to the estimation
model while V and  are treated as the measurement of the output of the estimation
model. Set 1: red. Set 2: blue. Set 3: black. Set 4: magenta. (For interpretation of the
references to color in this ﬁgure legend, the reader is referred to the web version of
the article.)

4.1. Two states and four parameters estimation
In this subsection, the formulated EKF algorithm in Section 3 will
be tested. The initial gain matrix P is the co-variance matrix of the
estimate error and P will be updated in EKF and converge to zero
if EKF works. Hence the parameters in P are not important. However initial values of P matrix inﬂuence convergence rate. Therefore
ﬁne tuning is needed. Co-variance matrix Q represents noise covariance. Noise includes processing noise and unmolded dynamics.
Q is less deterministic. In often times superior ﬁlter performance
can be obtained by “tuning” the ﬁlter parameters [38].
The co-variance matrix Q of the processing noise will be set differently for Sets 1 and 2 and Sets 3 and 4. Since Sets 1 and 2 are
classical generator based simulation results and the internal voltage is ﬁxed, there is no unmodeled dynamics in H, D and xd . Hence
Q44 , Q55 , and Q66 are set to zero. On the other hand, Sets 3 and 4 are
subtransient model based simulation data. Hence it is reasonable
to model the unmodeled dynamics as noise in w2 , w3 , w4 , w5 , and
w6 . The initial co-variance matrix is set to reﬂect the error in initial
guess. Table 1 documents the parameters used in EKF estimation.
The rotor angle estimation matches very well with the simulated
rotor angle in Sets 1 and 2 scenarios (Fig. 6). In Sets 3 and 4, there
is a discrepancy between the estimation and the real value though
the dynamic trends match each other well. The discrepancy can
be explained by comparing the classical machine model versus a
two-axis machine model (Fig. 7).
The two voltage sources are equivalent to each other [37]. Hence
the classic model voltage source can be expressed by:



E=

(Edo + (xq − xd )Iqo )2 + (Eqo )2

(17)

P
P11
P22
P33
P44
P55
P66

Sets 1 and 2
1
30
0.1
5
50
1

Sets 3 and 4
1
30
0.1
5
50
1

Q
Q11
Q22
Q33
Q44
Q55
Q66

Sets 1 and 2
−4

10 t
10−3 t
0
0
0
0

Fig. 6. The estimated rotor angle compared to the simulated rotor angel. Red line:
Simulation results. Blue line: Estimated results. (For interpretation of the references
to color in this ﬁgure legend, the reader is referred to the web version of the article.)

where xq is the q axis transient reactance; Edo , Eqo , and Iqo are the d
and q axis components of the voltage source and the current during
steady state.



o

ı = tan

Sets 3 and 4
−4

10 t
10−3 t
0
0
0
0.01t

−1

Eoq
Eod + (xq − xd )Iqo



−


2

(18)

We notice that there is always a difference between the angle of
the classical generator and the rotor angle (ı −  = ıo ). Therefore,
there is always a discrepancy (ıo ) between the estimated rotor
angle and the simulated rotor angle when the simulation model is
subtransient model while the estimation model is a classical model.
The estimation of the rotor speed, the mechanical power, inertia
constant, damping factor and transient reactance using Sets 1 and
2 data sets are found to be good matches of the simulation results.
The results are shown in Figs. 8–12.
Sets 3 and 4 data are simulation data from subtransient generator model. Excitation control is not modeled for Set 3 data. For Set
3 data, the estimation of H is higher than the real value while for
Set 4 data, the estimation of H is lower than the real value.
When the ﬁeld voltage Efd is constant, the effect of the synchronous machine ﬁeld circuit dynamics such as the ﬁeld ﬂux
variations causes a slight reduction in the synchronizing torque
component and increase in the damping torque component [39]
at the electromechanical oscillation modes. The linearized swing
equation for a classical generator can be expressed as:
s2 (ı) +

D
Ks
ω0
s(ı) +
ω0 (ı) =
Pm
2H
2H
2H

(19)

where Ks = ∂Pe /∂ı, D is called the damping torque component while
Ks is called the synchronizing torque component. Therefore, the
characteristic equation is given by:
s2 +

Table 1
Covariance matrices for two-state four-parameter estimation.
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D
Ks ω0
s+
=0
2H
2H

(20)

The effect of ﬁeld ﬂux variations will change the synchronizing torque component and the damping torque component by
decreasing Ks and increasing KD . Detailed explanation can be
referred in [37,39]. A brief explanation is offered in this paper.
Considering the ﬁeld ﬂux variation, the linearized system model is
shown in Fig. 13 [39], where K1 , K2 , K3 and K4 are constants related
 is the ﬁeld winding time constant. From
to operating conditions, Td0
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Fig. 7. Two-axis model versus a classic generator model.

Fig. 10. The estimated damping factor.

Fig. 8. The estimated rotor speed compared to the simulated rotor speed. Red line:
Simulation results. Blue line: Estimated results. (For interpretation of the references
to color in this ﬁgure legend, the reader is referred to the web version of the article.)

Im
Fig. 13, we can ﬁnd the contribution of Ks and KD due to ﬁeld ﬂux
variation or Eq .
Te
−K2 K3 K4
|due to Eq =

1 + sK 3 Td0
ı

Im
(21)

Substituting s by jω and we have:
Re

 T 
e

ı

=

−K2 K3 K4
1 + ω2 K32 T  2d0

Fig. 9. The estimated mechanical power.

(22)

 T 
e

ı

 T 
e

ı

=

≈


K2 K32 K4 Td0

1 + ω2 K32 T  2d0
K2 K4

ωTd0

(23)

(24)

where K2 , K3 and K4 are positive numbers. Therefore, the impact
of ﬁeld ﬂux variation can cause a decreased synchronizing torque
component due to armature reaction while an increased damping
torque component.

Fig. 11. The estimated inertia constant.
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Fig. 12. The estimated transient reactance.
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Fig. 14. Impact of E assumption on estimation.

 ≈ ∞.
For a classical generator model, it is assumed that Td0
 is very large, there is no effect on the damping torque
When Td0
component.
The characteristic equation becomes:

s2 +
Or :

DKfD
2H

s+

s2 +

Ks Kfs ω0
2H

=0

D
Ks ω0
s+
=0
2H 
2H 

(25)

where KfD > 1 (increase in the damping torque component), Kfs < 1
(reduction in the synchronizing torque component), H = H/Kfs > H,
and D = DKfD /Kfs > D.
Therefore, it is reasonable for EKF-based estimation to ﬁnd the
estimated inertia and damping constant greater than the real values
for Set 3 data.
The excitation control’s effect on damping and synchronizing
torque components at the oscillation frequency depends on the
gain of the AVR and the system operating condition. In this case
study, a high gain is chosen which introduces a positive synchronizing torque component and a negative damping torque component
[39]. Compared to the effect of machine circuit dynamics, the effect
of the AVR is much signiﬁcant. Based on the same analysis carried
out in (25), it can be found that H < H and D < D. Therefore, for
Set 4 data, it is reasonable that the estimated inertia constant and
damping factor are less than the real values.
For this two-state four-parameter estimation problem, two
initial guesses are used. Except for xd for Set 3, all parameter estimation converges to the same or close results within 10 s. Therefore,
this EKF application is considered to be able to give converged and
reasonable estimation.

Fig. 15. The measurements.

4.2. Impact of the assumption of E
The impact of E assumption is shown in Fig. 14. Set 1 data is
used for this test. Different E values are assumed: 1.08, 1.1 and
1.2. The true value of E is 1.08 pu. It can be observed that the
value of E impacts the estimation of xd a good deal. Its impact
on the other parameters such as Pm , H and D are much less
signiﬁcant.

Fig. 13. Linearized synchronous generator model considering ﬁeld ﬂux variation.
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electromechanical dynamics. Simulation data generated from classical model, subtransient model and subtransient model equipped
with AVR are used to test the estimation. It is demonstrated that the
EKF-based estimation can give reasonable estimation for two-state
four-parameter estimation.
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