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a b s t r a c t
Traditional power system dynamic models are very complex due to the intricacy of power system
networks and can be inaccurate for control because of the amount of details needed and the fact that the
grid topology changes all the time. With the fast deployment of a large number of phasor measurement
units (PMUs) in the transmission network, a purely measurement-based model for dynamics estimation
and control may be obtained. After a preliminary examination of the strong linearity of large-scale power
systems, this paper proposes a linear autoregressive with exogenous input model (ARX)-structured power
system dynamic model and demonstrates that this proposed model is effective in power system dynamic
response estimation and instability warning. Both simulation and real measurement data have been used
to validate the proposed method.
Published by Elsevier B.V.

1. Introduction
The dynamic model of a power system plays a vital role in
power system planning and operations. An accurate dynamic
model should be able to faithfully reveal system responses to different disturbances and help establish an accurate stability boundary
so that a grid can be operated at its full capacity while staying within the stability region [1,2]. Therefore, the identiﬁcation
and validation of power system dynamic models has always been
a focus of researchers and engineers [3–7]. However, traditional
power system simulation models are very complex due to the
intricacies of power system networks. Those models can also be
inaccurate because of multiple layers of equipment and their operational intricacies involved in the modern bulk grid, and due to the
fact that power system topologies constantly change as breakers
open or close, lines are taken out of service and generators are redispatched. In the present power grid operating paradigm, detailed
dynamic models are usually updated once every few months or
less often, and thus, it’s not surprising that discrepancies in simulation models would limit the performance of online applications
for power system stability and control.
On the other hand, even for a high-dimensional complex power
system, only a limited number of transfer functions of the system
are critical to determine its stability and control actions, which
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means a reduced power system model may be developed and
identiﬁed online for stability analysis and control purposes [1].
Especially with the availability of a large number of synchrophasors being deployed [8–10], it is possible to dynamically construct
that reduced power system model based purely on real-time measurements to reﬂect most recent changes in the system.
In this paper, based on a preliminary analysis of large-scale
power systems’ linearity, a linear power system dynamic model in
the autoregressive with exogenous input (ARX) model structure is
proposed. The proposed model is based purely on wide-area timedomain measurement data and identiﬁed in near real-time by a
least squares technique to reﬂect the minor changes that occur in
the bulk power system. Unlike traditional linear system models that
are derived from nonlinear equations around an operating point
with a series of simpliﬁcations and constraints [1,2], the proposed
model will not encounter the computational burden and modeling errors that linearization creates, especially when considering
large-scale power systems. Since it can be updated on the order of
seconds using a new set of measurement data, the proposed model
is expected to have potential beneﬁts for dynamics estimation and
control.
This paper is structured as follows. In Section 2, the large-scale
power system’s linearity is discussed; in Section 3, a brief description of the linear ARX model structure and model accuracy index is
given; in Section 4, a concept of power system dynamic response
estimation is introduced, an example is used to describe its basic
procedure, and then case studies using both simulation and measurement data are given to substantiate the proposed method’s
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Table 1
Basic information of the 16,000-bus EI dynamic model.
Total bus number
Generator number
Total operating generation capacity
Total load capacity

system than state-space and other models [13]. The mathematical
structure expression of the ARX model is given below:
16,013
3248
590.7 GW
583.4 GW

effectiveness; in Section 5, a potential application of the proposed
method in power system instability warning is introduced using
case studies. In the last section, the whole paper is summarized.

Ak (z)ŷk (t) =

nj


Bjk (z)uj (t) + e(t)

(1)

j=1

where t is the sampled data number, e(t) is the system noise, uj
and ŷk is the model’s j-th input and k-th output, respectively. Ak (z)
and Bjk (z) are the ARX nominator and denominator polynomials
respectively, which are given by:
Ak (z) = 1 + ak1 z −1 + · · · + akna z −nak

(2)

k

2. Discussion of the linearity of large-scale power grids
From the point of view of control theory, a power grid is naturally a nonlinear network. That is why almost all the power system
modeling and simulation tools currently available are designed to
handle a large number of differential algebraic equations. Accepting
the nonlinearity of certain components, power system small-signal
studies, which are considered as an important part of the general problem of power system stability, state that the linearization
around certain operation points may be achieved if no obvious or
large disturbances occurs [11,12]. However, the strong linearity in
large-scale power systems may has been grossly underestimated.
In this section, the existence of a large-scale power system’s strong
linearity will be preliminarily discussed.
Superposition principles should apply for any system considered as linear. In this section, a superposition method is applied
to test a large-scale power system’s linearity. The U.S. Eastern
Interconnection (EI) model is taken as an example here (basic information of this model is shown in Table 1). First, two disturbances of
similar magnitude at different locations are simulated individually
using the 16,000-bus EI model. Both disturbances are 800 MW-level
generation losses (the most typical disturbance in reality). System
responses (including frequency, voltage magnitude and angle) are
recorded at a ﬁxed monitoring point following these two disturbances. Then, another simulation that includes both disturbances
is carried out. According to the superposition principles, if the EI
system is linear, the sum of two individual disturbances’ responses
should be identical to the result of the third simulation that includes
both disturbances. Fig. 1 illustrates one case study using this test
methodology and shows how the superposition principle is met
nearly perfectly for frequency and voltage angle. Apparently, the
linearity of the EI system is almost perfect in this case. In fact, this
test has been carried out repeatedly and the EI system has always
demonstrated very linear characteristics unless the disturbances
were extremely large (e.g., over 4000 MW). The study illustrates
how the conventional deﬁnition of “small-signal” and understanding of power system “linearity” has been too conservative; hence,
this valuable property of the grid has been underutilized in many
critical ways.

Bjk (z) = bjk0 + bjk1 z −1 + · · · + bjk(nb

jk

−1) z

−(nb −1)

where nak and nbjk are the orders of the model, and j and k are the
numbers of inputs and outputs, respectively. The model parameters
of a multi-variable ARX model can be estimated by a linear least
squares technique. The least squares estimation problem is solved
by using QR factorization to optimize the ARX model parameters.
The details of ARX structure and algorithm are discussed in [13].
After obtaining the model orders and parameters, the identiﬁed
models can be evaluated by comparing their outputs with the actual
system outputs.
3.2. Model accuracy index
As discussed above, a common ARX model structure may be
employed in the measurement-based model identiﬁcation process
to describe power system dynamics. In order to evaluate the identiﬁed models’ quality, a model accuracy index deﬁned below can
be calculated for each output over a time window (assuming that
the window has L data points):

Accuracy yk =

⎧
⎨

1−

⎩


L

[y (l) − ŷk (l)]
l=1 k


L

[y (l) − ȳk ]
l=1 k

2

2

4. Dynamic response estimation

Considering a large-scale power system’s strong linearity, a
linear power system dynamic model structure may be accurate
enough for power system dynamics study and control. Here, an ARX
model structure is used, which will be brieﬂy introduced below.

4.1. Concept of dynamic response estimation

As a common linear model structure, the ARX model provides
a much simpler model identiﬁcation problem of a multi-variable

⎫
⎬
⎭

× 100

(4)

where yk (l) and ŷk (l) are the measured and estimated responses
of the k-th output at the l-th data point respectively, and ȳk is the
mean value of measured response over the time window. This index
is the most widely used evaluation index in system identiﬁcation.
It is mainly used to reﬂect the accuracy of the model in describing
dynamic characteristics and thus suitable to describe the accuracy
of the ARX model here. An index of 100 means a perfect match
between the estimated response and measured response, and the
model identiﬁed can fully reﬂect the dynamic characteristics of the
system. If the index is 0, it means the estimated response is no better
than the mean value of measured response. In that case, the identiﬁed model cannot describe the system’s dynamic characteristics. It
should be noted that, this index can also be negative, which means
the estimated response and measured response are not related at
all.

3. Proposed linear power system dynamic model structure

3.1. ARX model structure

(3)

jk

Energy Management System (EMS) plays a very important role
in the monitoring and control of power systems, and state estimation forms its backbone. Because of the extensive installations of
PMUs in the power system, traditional power system state estimation has been undergoing an essential change. Basically, the
literature [14–17] brought forward some methods that combined
the mixed measurements from PMUs and SCADA in state estimation after PMUs were placed at some buses and improved the
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Fig. 1. U.S. EI system linearity test results.

accuracy of traditional state estimation. However, power system
state estimation, in its current status, is not capable of capturing
the system dynamic behavior (except for some very slow system
changes). It only provides monitoring information in the form of a
sequence of steady states, or quasi-steady states (uniquely deﬁned
as a set of voltage magnitudes and phase angles at different buses
in the network). This in turn limits the wide area control actions of
the system to very slow steady state control that is usually executed by the system operators manually. In addition, automatic
control during dynamic situations is provided only very locally
in the current control paradigm, not taking into consideration the
wide-area system dynamic behavior which can be tracked precisely
by PMUs. Dynamic state estimation (DSE) techniques with their
unique ability to predict the state vector one time stamp ahead have
the potential to foresee potential contingencies and security risks
[18,19]. However, dynamic state estimation still fails to estimate
more transient or dynamic states of a power system. Therefore, any
improvement in the ability to predict or estimate a power system’s
dynamic characteristics will deﬁnitely go a long way in reducing
the security risks in the modern power system.
To achieve the goal of dynamics prediction or estimation in a
power system, a concept of dynamic response estimation is proposed in this paper. Unlike traditional state estimation and dynamic
state estimation techniques that focus on estimating relatively stationary state vectors such as bus voltage magnitudes during steady
and quasi-steady states, dynamic response estimation seeks to estimate or predict the dynamic response of a power system during
transient situations. The basic idea of dynamic response estimation
is to identify the real-time dynamic model or transfer function of
the power system and use the obtained model to estimate or predict the power system’s dynamic response. ARX model structure
and least squares techniques will be employed to identify the necessary dynamic model for response estimation. Due to the precise
dynamic measurement capabilities of PMUs, the model identiﬁcation will be based purely on PMU measurements. A procedure of
dynamic response estimation is given in the following subsection.
4.2. Procedure of dynamic response estimation
Detailed procedure of the proposed dynamic response estimation method is illustrated by a speciﬁc example in this part.
Assuming there are ﬁve high voltage buses located in the U.S. Tennessee area with PMU measurements, which are shown in Fig. 2,

the basic steps of dynamic response estimation is (1) to identify
the power system dynamic model between the “output bus” (green
ones in Fig. 2) and the “input buses” (yellow ones in Fig. 2) using
PMU measurement data of certain contingencies, and (2) to use
the trained power system dynamic model and the measurement
data from the “input buses” to estimate the dynamic response of
the “output bus” of other contingencies. The dynamic contingencies (or events) which data are used to train the model are referred
to as the “excitation sources” of the model, whose locations are also
indicated in Fig. 2.
In the later part of this section, case studies are employed to
demonstrate the effectiveness of the proposed dynamic response
estimation method. In Section 4.3, “artiﬁcial” PMU measurement
generated by PSS® E dynamic simulation using the U.S. Eastern
Interconnection model are utilized in the case study while in Section 4.4 real synchrophasor measurement data are applied.
4.3. Case studies using simulated data
A series of dynamic contingencies, including generation trip,
load shedding, line trip and line fault that occur in the U.S. Eastern Interconnection are simulated in PSS® E using the 16,000-bus
EI dynamic model. Simulation data of the ﬁve buses in Fig. 2
from these dynamic contingencies, including frequency, voltage
magnitude and voltage angle, are treated as “artiﬁcial” PMU measurements to train the proposed dynamic response estimation
model. As mentioned above, these dynamic contingencies (or
events) are referred to as excitation sources of the model. The
response estimated from the model and the actual response from
PSS® E will be compared to evaluate the accuracy of the trained
model.
Theoretically, all the disturbances in power system, including
generation trip, load shedding, line trip, and fault, should be able to
serve as excitation sources of the proposed model. Because a number of relatively large events happen every day in the U.S. power
system (as shown in Fig. 3), it is very likely there will be sufﬁcient
excitations for the model’s construction, which lays the foundation
for the proposed dynamic response estimation’s ﬁeld applications.
However, while the dynamic system response of generation trip
and load shedding cases can be monitored in a wide-area sense,
line trip events can only be seen in a relatively small part of the
grid. Therefore, it is likely that the models excited by different disturbances will have different levels of system coverage extent and
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Fig. 2. Illustration of dynamic response estimation. (For interpretation of the references to color in text, the reader is referred to the web version of the article.)

accuracy. Therefore, considering the possible inﬂuence of different
types of excitation sources on the accuracy of the dynamic response
estimation model, a comprehensive set of cases studies has been
completed to evaluate the proposed method and check whether all

the events are acceptable excitation sources. The excitation source
events and estimated events are all shown in Table 2. Four different types of events (of similar size) that occur in the New York
area are used as excitation source events to train four sets of models. Then, the simulation data of a generation trip in Florida (the
estimated event) are applied to the four models to perform the
dynamic response estimation respectively. Frequency, voltage, and
angle response estimation are given in Figs. 4–6, respectively.
From the comparisons between the actual and model-estimated
dynamic responses in Figs. 4–6, it is obvious that the modelestimated responses ﬁt the actual ones well in all cases. This means
when the PMU measurement data from certain important bus is
missing or incorrect, the proposed dynamic response estimation
method can contribute to the estimation or correction of response
Table 2
Information of excitation sources and estimated event.

Fig. 3. Disturbances within the U.S. EI system in a single day.

Location

Event type

Amount (MW)

New York

Generation trip
Load shedding
Line trip
Line fault
Generation trip

839
809
790
800
810

Florida
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Table 3
Accuracy of frequency estimation.
Excitation sources

Frequency estimation accuracy index

Generation trip
Load shedding
Line trip
Line fault

92.2210
80.4704
51.2044
75.6219

measurement of that bus. It should be noted that all the types of
events occur in the grid may be considered as “excitation sources”,
though it seems that generation trip and load shedding are better
candidates for excitation sources than line trips and line faults as
shown by the accuracy index in Figs. 4–6 and Table 3. These case
studies demonstrate that the measurement-based dynamic model
estimation method is promising in the power system dynamics
estimation. Though dynamic response estimation still remains in
the conceptual stage and may include much broader and deeper
extent than what this paper proposes, the preliminary results given

Fig. 7. FNET deployment of Michigan area.

in this paper may indicate great improvements in the ability to predict and/or estimate a power system’s dynamic characteristics, and
thus would go a long way in enhancing the dynamic operation of
modern power system.
4.4. Case studies using real synchrophasor data
Historical event data from the Frequency Monitoring Network
(FNET) operated at the University of Tennessee is also used to

Fig. 8. Generation trip events used for model training.
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Rotor angle instability is one major power system stability issue
[1,2]. Potential of the proposed ARX model in predicting rotor angle
instability under cascading outages is introduced in this section and
the basic procedure for testing the proposed method is given below:
• First, an angle instability contingency following a sequence of disturbances is designed and simulated on the EI test system using
PSS® E.
• Then, a model in the proposed ARX model structure is identiﬁed using a period of system response data following the ﬁrst
disturbance.
• After obtaining that model, system responses following the rest
of the disturbance sequence are applied to the model to perform
the response estimations. Then the trend of accuracy index will
be plotted and examined.
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Fig. 10. Comparison of estimated angle response and actual angle measurement.

Because the power grid of Florida area is relatively independent
of the other part of the EI system, it can be considered as a different
control area with the rest of EI system (as shown in Fig. 11). Therefore, a sequence of disturbances, including both generation and line
trips, are simulated around the interface between these two control areas without causing out of step until the last disturbance (in
the rectangle in Fig. 11).
The system responses of input and output buses after the line
trips or generation trips are shown in Fig. 12. It’s clear that the
Florida-area power grid is synchronized with the other part of
EI system until the 5-th trip, after which the Florida area power
grid is out of step. The ﬁve second system response (frequency)
following the ﬁrst disturbance is used to obtain the model and then
the frequency responses following 2-nd to 5-th trips are applied
to the model to perform the response estimations.

validate the approach. The FNET system is based on the Frequency
Disturbance Recorder (FDR), i.e. a single-phase synchrophasor
measuring frequency, voltage magnitude and angle with very high
precision at the 120 V distribution level [20,21]. As shown in Fig. 7,
ﬁve FDRs deployed in U.S. Midwest area are selected to test the
approach. Four FDRs are considered as inputs and one FDR as the
output. Their speciﬁc locations are marked as red spots on the map
in Fig. 7.
Similar to the previous simulation study, one generation trip
event (as shown in Fig. 8) detected by FNET system on UTC
21:42:37, January 1, 2012 is used to train the model, and then a load
shedding event that happened about 23 min later (also indicated in
Fig. 8) is used to test the accuracy of the identiﬁed model. Because
the accuracies of frequency and angle measurements of FDRs have
been widely validated, frequency and angle are considered as the
model’s outputs in this test. The comparisons between estimated
frequency/angle response and the real measurement data (FDR
755) are given in Figs. 9 and 10. Apparently, both the estimated
frequency and angle responses match the real measurements well.
5. Potential applications in instability warning
The application of ARX-structured modeling method is under
the assumption that the power system to be modeled is relatively
linear around certain operation points. However, when a series
of disturbances are increasingly stressing a power grid, stability
margin of the system will be decreased and its linearity will be
destroyed. In this circumstance, the dynamic response estimation
result based on the linear models tends to be less accurate and
the model accuracy index becomes smaller and smaller as a result,
which makes it an effective instability indicator. In this section, a
case study will be used to demonstrate the effectiveness of this
accuracy index in power system instability warning problem.

Fig. 11. Map of Florida area power grid.
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linear modeling accuracy for certain power system applications.
Although further investigation continues, it seems that based on
the proposed method, online synchrophasor-based power system
monitoring and decision support applications may be developed
for power system response estimation under disturbances and for
early warning of potential stability issues.
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The accuracy indices of response estimations are shown in
Fig. 13. From Fig. 13, it’s obvious that the estimated accuracy
decreases gradually with the series of disturbances. After the 4-th
disturbance, the accuracy index becomes negative, which implies
the Florida area is going to lose synchronism with the rest of the EI
system.
6. Discussion and conclusion
This paper proposed a measurement-based power system
dynamic modeling method for system response estimation and
instability warning, which is based on a reduced dynamic power
grid model in the autoregressive with exogenous input model
structure. For a large-scale power grid, the identiﬁcation of the
proposed model is computationally efﬁcient and suitable for online
applications. Case studies have been conducted to test the proposed
model’s accuracy and reliability with different excitation sources
for model training and cascading events leading to out of step. The
preliminary results have shown that the proposed method seems
to be effective in estimating power system dynamic response from
limited synchrophasor measurements and promising in predicting instability for out of step or other instability issues caused by
cascading outages.
As showed by the linearity test in Section 2, the linearity of
large-scale power systems can be strong. However, it is important
to note that the linearity of a power grid could vary signiﬁcantly
from one operation point to another. Therefore, the applications of
system linearity should be carefully selected. Furthermore, there
does not exist a direct method to measure the linearity of power
systems so far. Considering the fact that increasing renewable
generations may gradually decrease the overall system linearity,
it is necessary to develop a power system linearity measurement
method in the future. Furthermore, future work will investigate
how linear the power system needs to be in order to guarantee the
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