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ABSTRACT

SHEIKH JAKIR HOSSAIN. Application of system identification based methods on
power system oscillation characterization and mitigation. (Under the direction of
DR. SUKUMAR KAMALASADAN)

This dissertation presents measurement-based system identification methods that
help to improve the reliability and operational stability of modern power systems.
One of the important factors in maintaining stability is to know the damping and
frequency of the oscillatory modes for all system operating conditions. Widespread
use of synchrophasors has paved the way for several measurement-based approaches
for estimating oscillation modes, damping, and frequency. These methods provide
more accurate results than model-based approaches. This dissertation studies the
effectiveness of state-of-the-art mode-estimation and proposes a framework based on
subspace identification that provides a more accurate modal estimation in real-time.
The proposed framework can also classify the oscillation types overserved in the mea-
surements. Oscillatory modes are not observable at all measurement locations. To-
wards this, in this work, an optimal signal selection method is proposed based on
subspace affinity. This helps to reduce the computational time of the modal esti-
mation algorithms, which is critical for any real-time monitoring tool. This work
also proposes approaches for mitigating oscillations. First, a method for locating the
source of oscillations using the energy of oscillations is presented. Second, a frame-
work for updating power system models based on measurements is proposed that
helps system operations and planning. Finally, an integrated control framework for a
wide-area damping controller (WADC) is proposed which mitigates different types of
oscillations observed in the system. Effectiveness of the overall framework is tested
with IEEE test systems and with real-life models with relevant data-sets.The studies

show that the proposed approaches can improve the system’s situational awareness.
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CHAPTER 1: INTRODUCTION

Electromechanical oscillations are an inherent attribute of an interconnected power
system (9). For reliable operation of the power system, it is essential that these oscil-
lations are well damped. Undamped oscillations can lead the system towards insta-
bility and eventually can cause cascading outages (I1)). In order for the power system
operators to take preventive measures, it is essential to have real-time information
about the oscillation frequency and the associated damping. There are two methods
for estimating oscillation modes 1) model-based method, and 2) measurement-based
method. Model-based methods perform eigenvalue analysis of a linearized model of
power grid at different operating conditions and compute the oscillatory modes (9)).
However, these approaches are suitable only for offline studies and rely heavily on
an accurate model of the power system, which is very difficult to obtain. Lack of
accurate models along with the widespread implementation of Phasor Measurement
Units (PMUs), provides an opportunity to design measurement based methods that
can estimate system oscillatory modes from measured data.Significant advances have
been made and oscillation monitoring tools have been developed and integrated with

system operation.
1.1  Literature Review and Research Challenges

Power system oscillations have been a very active research area over the last few
decades. Because it’s implication on reliable operation of power grid is huge. Also,
wide spread development of synchrophasor applications have paved the way for a lot of
new data driven methods for characterizing and mitigating power system oscillations.

Significant development have been made in this field in recent years but there are still
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a lot of issues that needs to be addressed. Researchers are actively working on these
topics. Some of the research problems and associated challenges are discussed in the

subsections below.
1.1.1  Power System Oscillations Overview

Over the past decade, significant research progress has been made on measure-
ment based methods for estimating electromechanical modes (12). These methods
are mainly divided into three categories based on the type of input power system sig-
nals. These categories are a) ringdown signals (the response of power system during
event, e.g., line trip, generator trip) b) ambient signals (the response of power system
during random load changes), and c) probing signals (non-intrusive signals that ex-
cite the power system through probing inputs). Several methods have been proposed
for estimating oscillatory modes from ringdown signals such as prony method, eigen-
system realization (I2)), and matrix pencil method to name the few. Methods for
analyzing oscillations due to ambient signals are called mode-meter methods such as
Yule-Walker algorithm, subspace identification methods, and frequency domain de-
composition (12). Some of these methods are performed on an offline data-set which
cannot be implemented in real-time due to computational complexity.

For implementation purposes, recursive algorithms are proposed that can make the
computation faster for online/real-time applications and changing operating condi-
tions of the system. Some of these methods use variants of a recursive least square
algorithm for ARMAX, ARX model structures (I3) and some others use subspace
identification methods (14), (I5). Subspace identification methods are robust and use
model order determination as an intermediate step in the identification process which
helps to track multiple modes simultaneously. Authors of (I4]) have proposed recur-
sive adaptive subspace identification which works well for identifying electromechan-
ical oscillations from ambient signals. This method uses covariance-based stochastic

subspace identification (SSI-COV). Some method uses non-recursive (block process-
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ing) data-driven stochastic subspace identification (SSI-Data) to identify oscillation
properties from the ringdown signal (15) in order to mitigate error in data such as in
error co-variance variance (SSI-COV)(16).

Besides, detecting the type of oscillation is exceptionally critical. Analysis of syn-
chrophasor data has revealed that oscillations in a system can be due to internal
factors such as cyclic loads, malfunction of equipment’s (17)). These oscillations are
known as forced oscillations. When natural oscillations have low damping and forced
oscillation frequencies are closer to natural oscillations frequencies it becomes increas-
ingly difficult to identify and distinguish the oscillatory modes and types. Recently,
(3) showed that the covariance based recursive SSI algorithm can estimate oscillation
modes in the presence of both natural and forced oscillation. However, this method
does not explicitly separates natural oscillations from forced oscillations. Ref. (I8)
have shown how the input information can be used to separate the system charac-
teristics from input characteristics. Researcher are working actively on developing
methods for detecting forced oscillations and estimating electromechanical oscillation

in the presence of forced oscillations.
1.1.2  Optimal Signal Selection for Mode Estimation

Recent widespread deployment of phasor measurement units (PMUs) have paved
the way for a lot of new synchrophasor applications. One important synchrophasor
application is the wide area measurement system (WAMS). WAMS enables the de-
velopment of situational awareness tools which provides operators information about
real-time power system stability and archives data which is used for post event anal-
ysis. One key indicator of power system stability is the oscillation modes and the
associated damping. For reliable operation of the power system it is pivotal for all
the modes to be well damped. Recent report from North American Electric Reliabil-
ity Corporation (NERC) lists several oscillatory events observed in Eastern,Western

and ERCOT interconnections (19). Traditionally, such oscillatory behaviours related
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to small signal stability is studied using modal analysis of linearized power system
models . But, post event analysis of August 10, 1996 blackout reveals significant
mismatch between the oscillation characteristics predicted from modal analysis and
the actual oscillations observed in the system (20). Several events like this has shown
the need of measurement based mode estimation methods and has drawn significant
attention from researchers in past couple of decades.

Several methods have been proposed by the researchers for mode estimation using
PMU measurements. These methods have been categorized into three categories de-
pending on the type of measured power system responses a) ringdown b) mode meter
and c) probing (21)). Ringdown response means the response of a the system following
a large disturbance (e.g faults, line/generation trip etc) and mode estimation methods
for ringdowns signals are prony, matrix pencil, eigensystem realization. Mode meter
methods are yule-walker parameter estimation, least mean square method, stochastic
subspace identification etc. These methods are used to extract modal information
from ambient data which represents the continuous random load variations occur-
ring the system (22).Probing response means the response of the system when a low
intrinsic signal is injected to excite and estimate system modes (23).

Moreover, careful investigation of the PMU data has revealed not all the oscillations
are related to system electromechanical modes which in sense means not an inher-
ent characteristics of the system, rather are because of periodic external disturbance.
Such oscillations are termed as forced oscillations and has been observed in power
system across Europe (24), North America (25) etc. Irrespective of the oscillation
type it is important to detect the oscillation frequency and damping for both ring-
down and ambient conditions. One key characteristic of oscillations is that oscillatory
behaviour is not observable in all available PMU signals and hence does not provide
enough information to estimate the modes. For most of the available mode estimation

methods only a handful of PMU signals which are selected based on prior knowledge
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of the system are used. Another limitation is most of the time such methods are
tuned to monitor the damping of previously known inter-area modes. Furthermore,
concurrent use of large number of PMU signals affect the computational time of exist-
ing algorithms. Another important requirement which has been mentioned in NERC
reliability guideline (25), is to determine to what extent an oscillation is affecting in
the system. This helps to coordinate between multiple regional coordinators which
in turn helps in taking proper corrective steps. All these consideration leads to the
concept of finding optimal group of signals which are suitable for mode estimation as
well as gives information about the spread of the oscillations.

Authors in (26)) has used a two level estimation architecture to use large number
of PMU signals and uses weighting factors to determine signal quality. Authors
have shown that if an ISO running a mode estimation tool is not monitoring the right
PMU signal then it might miss the oscillatory behaviour. A modal power contribution
(MPC) index is proposed in (27) to rank signal according their suitability for mode
estimation. But these methods are based on heuristic approach and does not provide
any mathematical proof. Authors in (4]) proposes an analytic expression for estimating
the variance of damping ratio which uses only identified system parameters. But, the
proposed method ranks signals for one oscillatory mode at a time and can not account
for multiple modes simultaneously. In this dissertation proposal, a spectral clustering
based grouping method is used which first characterizes each PMU signals in terms of
identified subspaces. Then it calculates the affinity between the subspaces identified
at each location to form a fully connected similarity graph. Spectral clustering is
applied on the similarity graph to select the optimal group of signals. The proposed
grouping has selects optimal signals for ambient and ringdown condition which ensures
less variance of the damping ratio. Additionally, such grouping reduces number of
signals to be shared among different utilities or regional operators in the wake of

system wide oscillations.



1.1.3  Oscillation Source Location Methods

Damped oscillations are a normal phenomenon for any disturbed system showing
that the system is approaching back to its equilibrium. However, sustained oscilla-
tions could happen in reality where the possible causes include improper operating
conditions, periodic disturbances or malfunctioning controllers. Such unexpected sus-
tained oscillations may reduce the power transfer limit and even result in detrimental
consequences on the system equipment. To solve this problem, researches on the
analysis, detection, classification, location and control design have always been active
during the past several decades while only a few of them have been integrated into
system control centers to help system operators (28). Since sustained oscillations rep-
resent a risk for instability or insecurity of power systems, they should be mitigated
as soon as possible. The location of the oscillation source is usually a prerequisite of
the mitigation actions and the elimination of the source would always be the most
straightforward and effective remedy.

In the current literature, two types of mechanisms for sustained oscillations, i.e.
poorly damped natural oscillations and forced oscillations, have been extensively in-
vestigated and explained for observed oscillation events, while some other mecha-
nisms have also been discovered in analyses which are based either on Hopf bifurca-
tion caused by slowly varying parameters or on practically impermissible nonlinear
behavior of the system, e.g. outof- step condition. The discoveries and investiga-
tions of these mechanisms not only provide a better understanding of the oscillation
phenomenon in power systems, but also are of fundamental importance for laying
foundations for different location methods. Usually, the oscillation source is implic-
itly defined as a physical device which causes oscillations following a certain mecha-
nism. In practice, causes of sustained oscillations could be the excitation system (29),
diesel engine, synchrotron as a cyclic load (30)), control valve , turbopressure pulsa-

tion , governor control , asynchronous parallelizing of synchronous generators and
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improper parameters for the steam turbine controller, et al.Different methods have
been developed for oscilaltion source location. Traveling wave based methods utilize
the principle of the electromechanical wave propagation (31) to locate the oscillation
source. In the damping torque based methods, the generator with a negative damping
torque coefficient is identified as the oscillation source (32).Mode shape represents the
relative magnitude and phasing of the oscillation throughout the system. It is defined
based on the right eigenvectors of the state matrix of the linearized system model.
However, the accurate system model is often difficult to obtain and the model based
mode shape analysis has only been applied to test systems for a better understand-
ing. To utilize the mode shape information in real systems, many measurement based
methods for estimating the mode shape have been proposed. An overview on existing
estimation techniques using either ring-down signals or ambient signals can be found
in [34] and its references (33).Transient energy function (TEF) is an application of
Lyapunov function in power system stability analysis (34), which is usually defined
as the sum of the kinetic and potential energies of all generators in the synchronous

coordinate framework.
1.1.4  Model-Measurement Based Method for Model Validation

Oscillations are inherent characteristics of dynamic systems. They are broadly
classified into electromagnetic and electromechanical oscillations. FElectromagnetic
oscillations have high frequency and are generally well damped because of internal
damping of the power system. However, electromechanical oscillations have a lower
frequency and requires additional controllers to damp. Based on the oscillation fre-
quency electromechanical oscillations are divide into local oscillations (0.7 Hz to 2
Hz) and inter-area oscillations (01 Hz to 0.8 Hz) (9). Growing and sustained oscil-
lations pose a serious threat to the reliable operation of the power system and limit
the power transfer capacity of interconnected power systems (35)). Traditionally, os-

cillations have been studied as a part of stability studies for different contingencies.
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Modes determined through modal analysis give the oscillations frequencies and as-
sociated damping of each oscillations(9)). Modal analysis gives the modes using a
linearized model of power system but the actual system is nonlinear in nature. So,
the actual response of a power system model can be significantly different from the
linearized response. Authors in (36) present an analysis of the major power outage
event occurred in western North America on August 10, 1996 and they conclude that
there was a significant difference between the simulated model response and the ac-
tual system response. Although the simulated response showed significant damping
for the oscillatory modes in actual system, there were negative damping which caused
widespread outage. So, a model of the power system cannot always reliably estimate
the actual oscillation frequency and damping present in the system.

Recently, real-time measurement devices such as phasor measurement unit (PMU)
have been installed throughout the power system and coverage area is increasing very
fast (37). PMU acquires data with a higher sample rate (120 or 240 samples per
second ), and this data is able to capture the fast changes happening in the power
system. In the last decades, several researchers have worked on these measurement
data and several methods have been proposed that can estimate the modes and mode
shapes using these data (12)). Increased availability of PMU data allowed to capture
oscillations in the frequency range of 0.1 HZ to 2 Hz which are not part of system
natural response rather they are created by periodic external sources (38)). These os-
cillations are termed as forced oscillations. The sources of forced oscillations include
but not limited to cyclic load, stable limit cycles, wind plant controllers, malfunction
of generator governor controller etc (39)). The characteristics of forced oscillations are
different than natural electromechanical oscillations. To take proper control action
the type of oscillation needs to be identified. The authors of (5) have shown ana-
lytically the characteristics of forced oscillations and natural oscillations but these

characteristics are difficult to extract if the oscillation sinusoids cannot be extracted
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from the noise. In (40]) authors present a method that can simultaneously detect
natural and forced oscillations, but the proposed method needs to be studied exten-
sively for scenarios mentioned in the test case library (41)). In (42) authors propose a
method which analyses oscillation envelope shape to detect forced oscillation.

In spite of the advancements made in the measurement based methods on forced
oscillation detection, these methods lack an analytic approach based on the math-
ematical model of the power system. Several researchers have proposed different
methods which take the linearized model of the system and forms an analytic expres-
sion for characterizing the system response to forced oscillations (43]). However, these
analytic methods work well for linearized models but for the actual power system, the
performance of these methods decreases because of the nonlinearity and unmodeled
dynamics. Nonlinearity can have a significant effect on the estimated modes from
measurement data (44)). It is clear that system model update critical to capture dy-
namic changes in the system. With the help of measurements that happens after an
event, these updates are possible and can be characterized as unmodeled dynamics.
How to capture the difference between model and measurement response is a growing
research area.

1.1.5  Oscillation Mitigation Overview

Generally, WADC are designed using linear feedback control techniques based on
the small signal model obtained by linearizing the dynamic model of the system
around an operating point. Control techniques reported in literature utilizing DER is
based upon either mimicking the droop based control (45)), PSS (46} 47), compensator
based (48)), or by injecting the power into the system out of phase with the inter-area
oscillation(49)). Other studies based on optimization algorithm and energy function
approach has been demonstrated in (47, 50). However, one of the issues related
with these previous studies is that their success is dependent on having an accurate

knowledge of system and linearization of the non-linear dynamic system such as power
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grid. Also, the controllers are static and designed for a particular operating condition,
considering a particular mode of oscillation which may not work well for different
operating condition especially with higher penetration of variable renewable resources.
Artificial intelligence (AI) based techniques have been demonstrated to capture the
nonlinearities and uncertainties in the power grid and can learn and map the system
dynamics from set of system inputs and outputs (51)). However, the issues related
to such AT based techniques is that they require sets of offline data for training and
performance validation and has larger computational burden.

Several measurement based methods have also been developed to estimate the
modes of the system from wide area measurements (WAMs) data. These methods
identify the model of the system from measurement data in two forms 1) subspace
state space form (52)) and 2) transfer function form (53). In (53)), it has been demon-
strated that both the subspace state space and MIMO transfer function model can
capture the dominant modes of the system accurately from both ring-down data (data
generated from event like line tripping, generation loss etc.) and ambient data (data
obtained from random small load changes). These identified models can be used to
design adaptive and coordinated damping controller (DC). Compared to subspace
state space model MIMO transfer function model has improved computational effi-
ciency and lower order aggregation capability. In (8), the parameters of conventional
WADC form as well as time delay compensator are updated online based on low order
single-input single-output (SISO) model determined based on the residue analysis of
the MIMO model. In (8)), it was assumed that the critical inter-area mode can be well
represented by the mode with largest residue in the identified transfer function model
of the system. This approach ignores the other nearby modes whose residue can be
in close approximation with the electromechanical modes that may have significant
impact on system low frequency oscillations. Such modes are generally associated

with the poor design of controllers (54)).
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1.2 Dissertation Objectives, Motivation and Contribution
1.2.1  Objectives
The research work has the following objectives:

e Study the state of the art methods for power system mode estimation and

oscillation characterization.

e To develop a method for estimating the oscillation modes accurately in the

presence of forced oscillations.

e To develop a method for selecting optimal number of signals for oscillation mode

estimation.

e To study the existing oscillation source location method and then develop a

method for oscillation source location from measurements.

e To develop a measurement based model generation method that can capture

the effect of unmodeled dynamics.

e To develop wide area damping controller that is adaptive in nature and can
effectively damp oscillations. Also the controller should be able to control mul-

tiple resources to damp oscillations.

1.2.2  Contribution

Following are the research contributions which facilitates new methods for oscilla-

tion characterization and mitigation:

e A method for applying combined deterministic-stochastic subspace identifica-
tion framework for accurately estimating the electromechanical modes of the
system from measurements. The main advantages of the proposed architecture

are a) it provides closed loop online identification of power system oscillation
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modes which addresses the issues related to the online implementation of sub-
space identification b) provides accurate estimation of electromechanical modes
in the presence of forced oscillation ¢) it can distinguish between natural and
forced oscillations and d)it can dynamically tracks the multiple changing oscil-

latory modes as operating condition changes.

A novel method for finding out the optimal number of signals for mode estima-
tion is developed which uses spectral clustering to group the signals. The main
advantages of the proposed method are a) it is a general method for ranking the
synchrophasor signals for mode estimation methods using both ringdown and
ambient data b)The developed method considers both the spatial and temporal
characteristics of synchrophasor signals and takes that into account to classify
the signals into strong and weak groups and ¢)The proposed methods can select

optimal signals in the presence of multiple oscillation modes.

A new method for locating the source of oscillation is proposed. This method
can estimate the mode shape of generator which does not have any phasor
measurement unit (PMU) located at it’s terminal. This also uses the subspace
affinity based grouping developed in previous chapter to preselect the potential
location of source buses. Then it uses the phase angle relationship between the
bus speed and branch power to find the direction of oscillation energy flows.
Tracing the directions of oscillation energy flow the source of oscillation is lo-

cated

A method for using both model and measurement are proposed. In this method
mathematical models are obtained to represent the undmoeled dynamics which
is the mismatch between the model and measurement response. Then the iden-
tified mode is used to perform what if scenarios to improve system reliability.

The proposed method uses subpace identification developed in previous chapter.
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e A novel damping controller framework is proposed which augments the existing
control architecture of distributed energy resources (DER) to perform oscilla-
tion damping. The main advantages of the propose methods are a)it is based
on the online identification of the system dynamics which results in adjusting
the controller output as the system operating condition changes b)It is indepen-
dent of the network topology and only requires wide area measurement system
(WAMs) for identification and control c) it can be augmented with the exist-
ing local control in the DER and d)it adapts to various operating conditions
and can consider the complete order of identified system model as opposed to

considering the mode with highest residue

1.2.3  Intellectual Merit and Broader Impact

The intellectual merit of the work is

e This dissertation provides a method for detecting forced oscillation from mea-
surement data and proposes an integrated framework for estimating the elec-
tromechanical mode characteristics in the presence of forced oscillations. This
will help to enhance the capability of state-of-art situational awareness tool used

by power system operators.

e This work provides a method for selecting optimal number of signals for mode
estimation based on subspace affinity. It uses spectral clustering to group the
signals into weak and strong group for the mode estimation algorithms. De-
creasing the number of signals for mode estimation method helps to decrease
the computation burden on the mode estimation algorithm. It also enables
transmission operators (TO) to coordinate across multiple balancing authori-
ties (BA).Moreover, it helps to pre-screen number of potential oscillation source

location.

e This work also presents a new method of locating the source of oscillations



14
which can detect the source of oscillations reliably even if there are no PMU
measurement available at the source location. This method can help the system
operators on locating the source of oscillation and can help them taking fast

corrective actions.

e One of the limitation of power system planning is that it depend on the model
of the system. Power system models does not always give an accurate represen-
tation of the system. In this work a model measurement based hybrid method is
proposed that can construct mathematical model of the system based on mea-
surements and can help identifying the accuracy of power system models. This

can also help operator running different scenarios.

e In this work a wide area damping controller(WADC) is developed. It uses a
multiple input multiple output (MIMO) system identification to identify the
system. The proposed method is adaptive in nature and can mitigate oscilla-
tions with varying system conditions. This is helpful for ensuring system relia-
bility speciality with the uncertainty and variability introduced by the increased

renewable penetration.
Broader impact of the work is

e This dissertation proposes a recursive combined deterministic stochastic sub-
space identification framework which can be applied to other fields of study

where system identification based technique is required

e The proposed method increases the capability of the existing situational aware-
ness tools used in the system operating centers. This will improve the overall

reliability of the power system.

e The proposed method helps to tackle the increased variability and uncertainty

associated with increased renewable integration by enhancing the oscillation
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monitoring and mitigation schemes.

e The proposed oscillation mitigation can allow controllable renewable resources

like energy storage to participate in improving the bulk power system stability.

1.3 Dissertation Organization

System Identification Methods for Power System Oscillation
Characterization and Mitigation

A\ 4 A4

Oscillation Characterization Oscillation Mitigation

Chapter 2 Chapter 5

®  Proposes Subspace Identification Based e Proposes a method for studying unmolded
Methods for Oscillation Characterization dynamics in Power System

e Classifies Oscillations and estimate modes e Helps to update power system models
accurately based on measurement

e Propose method can help the operator in
short term planning

h 4

\ 4

Chapter 3
o | ® Proposesamethod for selecting optimal
v signals for mode estimation
e Enables estimation algorithms to be faster Cha pter 6
e Proposes a wide area damping controller

for damping oscillation

e Uses the system identification architecture
developed earlier

e Effectively mitigates oscillation with
changing system conditions

A\ 4

Chapter 4

e Proposes a method for locating the
oscillation source

A\ 4

Figure 1.1: Overview of the thesis proposal.

Chapter 1 provides an introduction to the oscillation monitoring tool and current
state of the art related to system operator situational awareness tool in the Energy
Management System (EMS) operation. The objectives, motivation, and contribution
of the dissertation is presented in Chapter 1. Chapter 2 introduces a novel approach
for oscillation characterizations. Chapter 3 discusses a method for optimal signal se-
lection for oscillation monitoring. Chapter 4 proposes a new method for locating the
source of power system oscillations. Chapter 5 shows how the techniques developed
in previous chapters can be used to update the power system models and how it helps

to capture the effect of unmodeled dynamics. A combined framework is presented
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that incorporates the methods proposed in the thesis and uses it to develop mitiga-
tion techniques. A subspace identification based oscillation mitigation framework is
presented in chapter 6, which helps to damp the power system oscillations faster and

improves system stability. Conclusions and future works are discussed in chapter 7.



CHAPTER 2: AN INTEGRATED FRAMEWORK FOR OSCILLATION
CHARACTERIZATION

Measurement-based methods for power system oscillatory modes estimation pro-
vide situational awareness and power system operational strategies to ensure overall
grid stability. This chapter presents a combined deterministic-stochastic framework
for online identification of oscillatory modes using synchrophasors data. The proposed
method recursively solves the deterministic-stochastic model structure and addresses
the issues related to the online implementation of such an oscillation monitoring tool.
Further, It proposes a method for forced oscillation detection and uses that as in-
put information to obtain accurate mode estimation of all relevant electromechanical
modes. Simulation results from two area test system and IEEE 68 bus test system

show the potential advantage of the proposed method.
2.1 Introduction

Electromechanical oscillations are an inherent attribute of an interconnected power
system (9). For reliable operation of the power system, it is essential that these oscil-
lations are well damped. Undamped oscillations can lead the system towards insta-
bility and eventually can cause cascading outages (I1)). In order for the power system
operators to take preventive measures, it is essential to have real-time information
about the oscillation frequency and the associated damping. There are two methods
for estimating oscillation modes 1) model-based method, and 2) measurement-based
method. Model-based methods perform eigenvalue analysis of a linearized model of
power grid at different operating conditions and compute the oscillatory modes (9)).

However, these approaches are suitable only for offline studies and rely heavily on
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an accurate model of the power system, which is very difficult to obtain. Lack of
accurate models along with the widespread implementation of Phasor Measurement
Units (PMUs), provides an opportunity to design measurement based methods that
can estimate system oscillatory modes from measured data.

Over the past decade, significant research progress has been made on measurement
based methods for estimating electromechanical modes (12)). These methods are
mainly divided into three categories based on the type of input power system signals.
These categories are methods that uses a) ringdown signals (the response of power
system during event, e.g., line trip, generator trip) b) ambient signals (the response
of power system during random load changes), and c¢) probing signals (non-intrusive
signals that excite the power system through probing inputs). Several methods have
been proposed for estimating oscillatory modes from ringdown signals such as prony
method, eigensystem realization (12)), and matrix pencil method. Methods for an-
alyzing oscillations due to ambient signals are called mode-meter methods such as
Yule-Walker algorithm, subspace identification methods, and frequency domain de-
composition (12). Some of these methods are performed on an offline data-set which
cannot be implemented in real-time due to computational complexity.

For implementation purposes, recursive algorithms are proposed that can make the
computation faster for online/real-time applications and changing operating condi-
tions of the system. Some of these methods use variants of a recursive least square
algorithm for ARMAX, ARX model structures (13) and some others use subspace
identification methods (14), (I5). Subspace identification methods are robust and use
model order determination as an intermediate step in the identification process which
helps to track multiple modes simultaneously. Authors of (14) have proposed recur-
sive adaptive subspace identification which works well for identifying electromechan-
ical oscillations from ambient signals. This method uses covariance-based stochastic

subspace identification (SSI-COV). Some method uses non-recursive (block process-
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ing) data-driven stochastic subspace identification (SSI-Data) to identify oscillation
properties from the ringdown signal (15) in order to mitigate error in data such as in
error co-variance variance (SSI-COV)(16).

Besides, detecting the type of oscillation is exceptionally critical. Analysis of syn-
chrophasor data has revealed that oscillations in a system can be due to external
factors such as cyclic loads, malfunction of equipment’s (17)). These oscillations are
known as forced oscillations. When natural oscillations have low damping and forced
oscillation frequencies are closer to natural oscillations frequencies it becomes increas-
ingly difficult to identify and distinguish the oscillatory modes and types. Recently,
(3) showed that the covariance based recursive adaptive SSI (RASSI) algorithm can
estimate oscillation modes in the presence of both natural and forced oscillation.
However, this method does not explicitly separates natural oscillations from forced
oscillations. Ref. (I8) have shown how the input information can be used to sepa-
rate the system characteristics from input characteristics. Such mode estimation and
classifications are very important for reliable operation of power grid (55)) as well as
mitigation of oscillations (56),(57).Authors in (58)) have proposed a transfer function
based (ARMA-+S) approach for estimating electromechanical modes in the presence
of forced oscillations. However, the method requires detection and time localisation
of forced oscillations.

In this Chapter, a data-driven Recursive Combined-Deterministic Stochastic Sub-
space Identification (RCDSSI) algorithm is designed and tested which takes the in-
put characteristics into account and extracts only the systems natural modes. In
this approach, the conventional recursive stochastic subspace identification (RSSI)
is enhanced to include the input information and both RSSI and the RCDSSI algo-
rithm are part of one combined framework. As RSSI algorithm gives both system and
input /forced modal information and RCDSSI gives only system modal characteris-

tics, oscillations are classified. The proposed method solves the combined state space
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structure recursively and avoids numerically exhaustive steps like QR decomposition
and Singular Value Decomposition (SVD).

The main contributions are the architecture can:

e Provide closed loop online identification of power system oscillation modes based
on a combined deterministic stochastic structure which can isolate system nat-

ural characteristics in the presence of external disturbances.

e Provide accurate estimation of electromechanical modes for both ambient and

ringdown signals.

e Provide accurate estimation of electromechanical modes in the presence of forced

oscillations.
e Detect the presence of forced oscillations
e Characterization of the oscillations based on oscillation types
e Dynamically tracks the multiple changing oscillatory modes as condition changes.

The rest of the chapter is organized as follows. Section provides a brief discus-
sion on the methodology proposed for RCDSSI and oscillation classification. Section
gives an illustrating example of the proposed architecture. Simulation results for

different scenarios are discussed in section [6.5] and conclusions are in section .71
2.2 Proposed Methodology

In this section, first the power system model is described. Then the combined
deterministic stochastic subspace identification is presented and the recursive method

of implementing it is then introduced.
2.2.1  Power System Model

The power system response in the presence of external periodic disturbance and

ambient noise is represented by a discrete linear model (59) as,
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where, zeR™ is the system state matrix, yeR! is the vector of PMU measurements,ueR™
is the vector of input, AcR™*" is the state matrix, BeR™*™ is the input matrix,CeR*"
is the input matrix ¢ is the integer time sample, Wk is the process noise with zero
mean Gaussian noise sources which typically represents the random load changes and

V;k is the measurement noise representing disturbances or sensor error.

gl o = 9T s (2.9
v, ST R

where, QeR™ ", ReR™™! and SeR™! are the co variance matrix of the noise vectors,
E denotes the expected value operator and ¢ the kronecker delta.

The time domain solution of (2.1)) gives the system response y(t) as,

y(t) = Z Cuipi X (0N + ) (Y CvhidiBrje™") ® Qu(t)] (2.3)

j=1 =1
v -~ ~ ~~
Transient Noise

J/

where 1, ¢, A are the left eigenevector , right eigenvector and eigenvalues of the A
matrix respectively. ® is the convolution operator.
If there is a nth lightly damped natural oscillation mode and no forced oscillation

present then (22.3]) can be rearranged in frequency domain as,
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where, the term NO; represents the transient response, NO; represents random
noise colored by system dynamics and N O3 represents the sinusoidal noise term which

contains the lightly damped mode frequency w,,.
2.2.2  Combined Deterministic Stochastic Subspace Identification

In this section, a Recursive Combined Deterministic Stochastic Subspace Identifica-
tion (RCDSSI) framework is presented. The goal is to obtain the model of the system
from measurement data. PMU measurements are typically located at selected buses
in the power system network and measures the voltage magnitude, voltage angle, cur-
rent magnitude, current angle and frequencies at the bus. When a disturbance occurs
oscillation is seen at different PMU locations. The type and magnitude of oscillations
depends on the severity and location of disturbance. Depending upon the location of
PMU measurements, it can be classified in output and input (e.g load buses) (60))).
This input and output is used to form the output block Hankel matrix H, and input
block Hankel matrix H,.
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where 7 is the number of block rows which is an user-defined index and must be larger
than the order 2n of the system to capture all the system modes, and j =1 —2¢ + 1
and [ is data window length. The input and output block Hankel matrices are divided
into past and future input-output matrices Y}, Y, U, and U;. The response of the
system contains both stochastic and deterministic part. The state sequence z; and

output response y; is divided into stochastic and deterministic part.
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Tp = ) + 7} (2.7)

k= yp + i (2.8)

The system in ([2.1)) is represented in matrix form after performing recursive sub-

stitution as,

Y, = NXI+ HIU, + Y, (2.9)
Yy =ANX§+ HUp 4+ Y7

X§=AX]+ AU,

where, x;ﬁ is the past deterministic states, a:g is the future deterministic states, Y

is the past stochastic output and Y7 is the future stochastic output.

D 0 0
CB D 0 -
HY = eRIxmi (2.10)
CA2B CAB ... D
Al =| AT'B AT'B ... AByBy | RT (2.11)

where A? is the reverse extended controllability matrix, H? is the low block trian-
gular Toeplitz matrix (61) and Y,’,Y} represents the stochastic part of the measured

signals. The key idea of subspace identification (SI) is the use of state as a finite di-
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mensional space between past and future. it uses the projection theorem to eliminate
the influence of noise and extracts the extended observability matrix from the block
equations . Authors in (61) provides a general framework for treating most of
the SI algorithms. However, does not provide any methods for recursive subspace
identification algorithms which is essential for online oscillation monitoring applica-
tion. The key idea is to compute the oblique projection of future output Y; on past
input output along the direction of future inputs. One of the algorithm that helps
to compute the oblique projection is "Multivariable Output-Error State Space" al-
gorithm (MOESP). It uses LQ decomposition of the Hankel matrix to compute the

column space of the projection matrix O (61)).

Uy Ly O 0 1T1
Hy; = Wy | = | Laa Ly O gl (2.12)
R2(m+1)ixj
Yy L3 L3y Lss faﬂ
(Y3/{Un)Wy) = AXi/ U} = Ly Qi (2.13)

where W, is the combined subspace of both past input and output block Hankel
matrices U, and Y,,. Eqn. calculates the oblique projection of the future outputs
on the past input/output along the future inputs. Column space of Lss is equal to the
column space of extended observability matrix A;. So only extracting L3, from the LQ
decomposition of the whole subspace is enough to get the system characteristics. This
algorithm takes both input and output measurements into account and we refer to
this algorithm as RCDSSI algorithm. If only output measurements are used then this
algorithm reduces to Recursive Stochastic Subspace identification (RSSI). Different
variations of this algorithm have been proposed in the literature (14),(62). In that
case orthogonal projection is used instead of oblique projection and the projection

matrix O is computed through L(Q decomposition as
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where L;; represents the lower triangular matrix of L() decomposition and ();; rep-
resents the orthogonal matrix. Eqn. shows that the extended observability
matrix (A;) can be calculated from the column space of La;.For online mode estima-
tion and detecting time varying system, it is crucial for the method to be fast and
recursive in nature. Recursive Subspace identification based algorithms fall under the
broad spectrum of block processing algorithm where at each iteration a fixed window
(I discrete points) of data points are taken and only a small p number of data points
are updated in each iteration. It uses mathematical tools like LQ) decomposition and
Singular value Decomposition (SVD) which makes it reliable and numerically stable.
However, to reduce the computational burden a method is proposed to update the
LQ decomposition as shown in eqns. and recursively with new p data
points at every iteration.

For both RSSI and RCDSSI method the Hankel matrix is used as shown in eqns.
and respectively.If H;.; is a rectangular matrix and j > 2(m + )i,
then the columns beyond 2(m + ()i of lower triangular matrix of LQ decomposition
of Hy.; will consist of entirely of zeros. So, Hi; is made a square matrix of size
2(m +1)i x 2(m + 1)i and the rest of the columns are truncated. Without losing
generality, the Hankel matrix for a known size j = 2(m + [)i can be given as shown
in (2.16), where Ly eR7*7 is a square lower triangular matrix and QeR7*7 is a square
and orthogonal matrix. When new data points are added then old p data points are

deleted and the new LQ decomposition is calculated as shown in (2.17)). Then Lais
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calculated recursively from L; by applying two successive numerical methods known
as Givens rotation. First Givens rotation decouples the past s data points from the
Hankel matrix according to . Then a new set of s data points are appended
to the HeR7*J and rearranged as shown in (2.19). Then a second Givens rotation is

applied to transform Ly to a lower triangular matrix (see (2.20))).

lej - LlQl (216)
H1+s:j+s - L2Q2 (217)

Hy;=L:Q, = (LlGrlr)(GlQl)

_ s 0

- [les Ll] -~

0 @1
= [HIZSEIQ_l] = [Hlss Hs—i—l:j] (218)
H1+s:j+s - [Hs+1:j Hj+1:j+s] (219)

_ 0 I _
= Hjp154s La] | = L2Q2
Q1 0
Hisjis = (L2G2)(G3 Qz2) = L2Qo (2.20)

where G and G5 are the givens rotation matrix.

The projected matrix O is expressed as,

Lo, if only output measurements are used

O = (2.21)
J
L3, if both input and output measurements are used
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2.2.3  Extraction of Modal Information

After the projected matrix is obtained from the PMU measurements system modal
characteristics needs to be extracted. One key characteristics of PMU measurements
is the low rank property (63). This means that the rank of projected matrices are
low compared to matrix size. Mathematically this can be achieved using SVD. This
process reduce the model order and capture only the dominant n modes from the

projected matrix O as follows.

S, 0 || v

W10W2 = [U; Uy (2.22)

0 S ||V

When there is measurement noise present in the data, the selection of n dominant
modes is not trivial by observing only the singular values of W. Also, for online
implementation of such techniques, the process of selecting n dominant modes needs
to be automated. Let «, be the r** singular values of O . Two criteria are used
to select n largest singular values from a total of r singular values based on two
parameters v and 5. A user can set the values based on the prior knowledge of the
system. ~ represents the relative difference between two consecutive singular values,
and 3 represents the ratio of n largest singular values to total » number of singular

values. Reduced projected matrix based on this is as follows.

O, =U S V' (2.23)

Q; — Q4

\
2im % (2.25)

> [ where, 5 = M a large number

Z;=1 aj

| > (2.24)

Q;
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The extended observability matrix is expressed as in eqn ([2.39)) and relates to system

matrices A and C.

C
CA
CA™!

Although eqns. and help to select the model order dynamically fol-
lowing SVD, it is computationally burdensome to compute SVD for every iteration of
a recursive algorithm (64).And SVD is only need to be performed if there is a change
in system operating condition or a new mode gets excited or an periodic external
disturbance is introduced. In this chapter, recursive way of calculating the extended
observability matrix A; is presented which uses the similarities between recursive
subspace identification and adaptive signal processing techniques like the propagator
method (65). But, in the recursive calculation of A; the size of A; is determined by
the model order. And, the model order is determined through SVD and eqns. ([2.39)),
only if there is a change in the system. The change in the system is captured
by monitoring the change in the mode estimates. It has been observed heuristically
that whenever there is a change in the system operating condition the deviation in
the mode estimation is significantly higher than if there is no change but random
load variations. The deviation is compared with predefined threshold A7y, eshord tO
detect the change in system order and then SVD is performed to update the model

order.

AN = A — M1 (2.27)
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Once the model order is selected the recursive algorithm is used to compute the
extended observability matrix A;. The propagator can be determined recursively by

solving a least square problem mentioned in (2.30)). Detail equations are as follows.

col(A;) = col ;’; (2.28)
Zg(t) = Znt) (2.29)

Zp2(t) |
V(P) = E||zp2" — P27 (2.30)
9 = (Rap, G zp2t) (2.31)
A= e (2.32)

A0

wy =R, G (2.33)
Y= (wy  2p4) (2.34)
Ky = (Ag + o Mioatb) ™' My (2.35)
Pl'=PF+ (g — PF i)k (2.36)
M, = %(Mt_1 — My_1hKy) (2.37)
Ay =P} (2.38)

where P is a linear operator called propagator which expresses the linearly de-
pendant vectors of extended observability matrix A; as a linear combination of n

independent vectors, Z(t) is the observation vector, K; is the gain vector, R,,, is the

Zf1
expected value of observation vector and A is the forgetting factor.
The discrete time system matrix A can be calculated using the extended observ-

ability matrix as shown in (2.40). Then mode frequency and damping properties can
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be obtained by performing eigenvalue analysis of the discrete A matrix as follows.

C
CA
CAi—l

A= AA; (2.40)

Further this can be converted into continuous domain equivalent.

1
Big(A,) = 0 + jw = — log Big(A) (2.41)

The proposed RCDSSI framework is able to estimate behaviour of the power sys-
tem in the presence of input excitation and noise. This helps to estimate system
electromechanical modes accurately even in the presence of forced oscillations at the
same time can also classify oscillations between forced and natural electromechanical

modes. Fig. shows the overall flowchart of the proposed architecture.
2.24  Detection of Forced Oscillations

In case a forced oscillation is present in the system the input uy is expressed as a

periodic disturbance,

fo= D At (2.42)

p=—00

The time domain solution of ([2.1]) gives the system response y(t) as,
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Figure 2.1: Flow Chart for the proposed integrated framework for online oscillation
monitoring and classification.
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If all the modes of the system are well damped and a forced oscillation is present

then after rearranging (2.43)) is represented in frequency domain as,

N

) = >3 R BI) B L e (2.44)

w—)\—w w— A
i=1 po J:lz:lj

J/

-~

FOl FO2

Close observation of forced yy(w) and natural yp(w) response of the system in
equation ([2.4]) and ([2.44)) show that a sinusoidal noise term NOs is present if a lightly
damped Natural oscillatory mode exists. This is used later in section to develop

a method for forced oscillation detection.
2.2.4.1  System matrices extraction using RSSSI Algorithm

In cases where only the output measurements are available the extended observ-
ability matrix A; extracted in section [2.2.2] Then the C' matrix of the system is is

calculated after solving the following equation using a least square method,

A\ Riyw AL
. (5)-ALR; (2.45)

where, R; = Y;/(W,Uy) is the orthogonal projection of future output on the sub-

space formed by past and future input and past output and R;, =Y,/ (WU 7 )
2.2.4.2  Time Varying Kalman Filtering for State Estimation

The system model A and C', identified in previous section is used in this section to

estimate the state sequence 7, with the help of non steady state kalman filter.
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fk_ = Al‘;;_l + Buk (247)

P, = AP, AT +Q (2.48)
P CT

K= —%— 2.49

"TCP CT+R (2.49)

P, = (I — K,C)P; (2.51)

2.2.4.3  Signal Segmentation

After calculating the Model of the underlying system A and C' and the state se-
quence T, these are used to estimate the response Y, of the underlying dynamic
system. The difference between the actual response Y, and the estimated response

Vet is termed as Noise response Y;Vo%e.

Yt = Cx (A*ap_q) (2.52)

YkNoise — Yk o Yke:rt (253>

2.2.4.4  Proposed Oscillation Classification Method

As mentioned in section [2.2.1] one of the key characteristics of undamped natural
oscillation is that the frequency of oscillation is present in the noise part of the
response as well as the oscillating part of the signal too. The Power Spectral Density
(PSD) is used to create an index that indicates the presence of natural or forced
oscillations. The power spectral density of estimated signal( part NO; and part

FO) and the noise signal ( part NOs+NO3 and part F'Os) are given by,
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nk
1 )
Pest — kl—ZTm(% 20: |Yke:ct)| ) (254)
1 nk
_ : 2
PNoise — kl—zgnoo(ﬁ ; |Yk:Noise)| ) (255)
Pest
Pyy=—"—"77969/—/ 2.
N maz(Peg) (2.56)
PNOise
P oiseN — 5 2.
N N max(PNoise) ( 57)
]D(f> - PestN(f)*PNoiseN<f) (258)
1, if the oscillation is natural
In(f) = (2.59)

< 1, if the oscillation is forced

Algorithm 1 Recursive Stochastic Subspace Identification (RSSI)-Algorithm

1) Define identification parameters sampling frequency, window length, observed
frequency limit and refresh rate.
while 1=1 do

a) Gather PMU measurements, and perform low pass filtering and down sampling

b) Form the block Hankel output matrix (5.12)

c¢) Perform orthogonal projection of future output Y; on past output Y, (5.14)
and perform LQ factorization recursively using eqns. —

d) Calculate the projected matrix O

e) Calculate the extended observability matrix A; recursively using —

f) Calculate system state matrix A (2.40))
g) Calculate oscillation frequency and damping from ([2.41])
end while

2.2.5  Implementation Methodology

Fig. shows the overall flow chart of the proposed framework and Fig.
shows the implementation scheme of the proposed architecture in the power grid.

For each power system area the PMU measurements are first aggregated through lo-
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Algorithm 2 Recursive Combined Deterministic Stochastic Subspace Identification
(RCDSSI)-Algorithm

1) Define identification parameters sampling frequency, window length, observed
frequency limit and refresh rate.
while 1=1 do

a) Gather PMU measurements, and perform low pass filtering and down sampling

b) Form the block Hankel output matrix (5.12)) and input matrix

c¢) Perform oblique projection of future output Yy on past output Y, along the
direction of past input U, and perform LQ factorization recursively using
cqus. (210)-(220)

d) Calculate the projected matrix O

e) Calculate the extended observability matrix A; recursively using -

f) Calculate system state matrix A (2.40))
g) Calculate oscillation frequency and damping from (12.41])
end while

cal PDC. The lcal PDC data is then transferred to the control center PDC through
communication channels. Depending on the communication medium and distance a
propaghation delay of todayés wide-area communication networks can be in the range
of 6 ms to 1 s. Fiber optics latency for Bonneville Power Administration (BPA) sys-
tem is considered to be less than 26 ms (66). Control center PDC gathers all the
local PDC measurements and time aligns them. Then the PMU measurements are
send to the Wide Area Monitoring System (WAMS) in the form of data packet over
the ethernet network. The proposed algorithms are part of the WAMS. PMU data
obtained from the power grid is first processed for missing data, outliers, detrending
and down-sampling. The proposed framework is implemented and both the RCDSSI
and RSSI algorithms are run according to the flow chart shown in Fig. 2.1} Param-
eters that control the performance of the algorithms such as window length, refresh
rate, sampling frequency and forgetting factor are given as inputs. The algorithm
work on blocks of data and window length represents the data length. Refresh rate
is the part of window length that is updated when new data is available. Sampling

frequency determines which frequencies are observable and can be extracted by the
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Figure 2.2: Wide area monitoring scheme.

algorithms and, forgetting factor controls the ability of the algorithms to track fast
changes in system operating condition. Initial model orders are selected based on
prior knowledge of the system and then model orders are calculated the dynamically
as part of the algorithm mentioned in previous sections.This helps to track multiple

modes if there is a change in operating condition.
2.3 An Ilustrative Example

A single machine infinite bus system (SMIB) is shown in Fig. to illustrate the
functionalities of the integrated framework proposed in Fig. 2.1} For simplicity the
machine is modelled as a classical second order model and the small signal analysis of
the system shows oscillatory modes with 1.015 HZ frequency and 11.2%. A random
Gaussian noise is added to the load to simulate an ambient condition. Fig. shows
the synthetic simulated frequency response as measured at Bus 2. 5 minute in the
simulation a three phase fault is applied on Bus 2 for 10 cycles, on minute 10 a forced

oscillation is introduced with 2 Hz frequency and on minute 15 a forced oscillation



38
is simulated with 1.03 Hz frequency to create a resonance scenario where the forced
oscillation frequency is close to the system’s natural oscillation frequency. The next

subsections discuss the performance of proposed method for this different scenarios.

External Infinite
Periodic
Disturbances Bus

Transformer XL =j0.5 pu

XT =j0.15 pu

Xd =j0.30 pu
H=3.5 MW.s/MVA /1 V2 V3
$=0.9+0.3j pu 0.99540°

Figure 2.3: Single Machine Infinite Bus system.
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Figure 2.4: Frequency deviation signal used as a synthetic PMU measurement

2.3.1  Case 1: Estimation of Oscillatory Modes

This section shows the performance of proposed oscillation monitoring framework

for both ringdown and ambient conditions. This case focuses on the time period
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between 150s to 200s where a ringdown event occurs because of a three phase fault.
The engine is initialised with a model order 2, window length 60 seconds and refresh
rate 1 second. Fig. shows the time varying model order and the selection criteria
for the model order and the corresponding threshold. Close observation shows that
for case 1 the deviation in Norm of estimated eigenvalues does not goes beyond the
predefined threshold nrpeshoiq and as a result the model order does not change. The
synthetic PMU data is used and the method discussed in subsection 2.2.2] to obtain
the projection matrix. Then the model order is selected and the modal information
is extracted using the method described in subsection [2.2.3] After that method dis-
cussed in subsection is used to implement the modal information extraction in a
recursive manner to avoid computing QR decomposition and SVD at every time step.
Figs. [2.6] and [2.7] shows the oscillation monitoring window for natural and forced
oscillation respectively. From Fig. [2.6] it is clear that it is a natural oscillation with
1.01 Hz frequency and 11.2% damping which matches with the small signal stability
analysis values. The standard deviation of the frequency and damping ratio estimates

are 0.005% and 0.01% respectively.

2.3.2 Case 2: Mode Estimation and Detection in the Presence of Forced

Oscillations

This case shows how the proposed method detects forced oscillation and can deter-
mine both natural and forced oscillation modes accurately. This case focuses on the
period between 600 seconds to 650 seconds in fig. [2.4] As this is a block processing
algorithm one block of data is shown in Fig. to show how forced oscillation is

detected by the proposed framework. The methods described in subsections [2.2.4.1},

[2.2.4.2] and [2.2.4.3| are used to split the measurement signal into two parts oscillatory

part Y and noisy part YVo*¢. Figs. and shows the estimated oscillatory
part and the noisy part. Figs. and [2.8d shows the amplitude spectrum of the

extracted signals. The equations (2.54)) are used to calculate the identification index
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Figure 2.5: Time varying model order selection a) threshold for model order calcula-
tion and b) model order

Ip(2) and it is 0.15. As the value of Ip(2) is less than 1 it indicates that the oscilla-
tory mode with 2 Hz frequency is a forced oscillation. Fig. shows that as soon as

forced oscillation is introduced it is detected in less than 2 seconds.

2.3.3  Case 3: Mode Estimation and Distinguishing Between Natural and Forced

Oscillations During Resonance

This case shows the ability of the proposed method to estimate the natural modes
frequency and damping accurately during resonance conditions. When forced oscilla-
tion frequency is close or superimposes on the natural oscillation frequency it creates
a resonance condition (3)). Although there have been a lot of methods proposed in
the literature, most of these methods provide biased estimation of natural modes in
the presence of forced oscillations (67). The proposed framework detects the presence

of forced oscillation and uses the frequency of forced oscillation to create an input
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Figure 2.6: Natural oscillation monitor a) frequency and b) damping ratio
signal. Then the proposed RCDSSI framework is used to incorporate the input in-
formation and it helps to estimate the natural modes accurately. This case focuses
on the signal between 900 seconds to 950 seconds in fig. Fig. shows that the
proposed framework detects the forced oscillation around 900 seconds and also rightly
estimates the associated damping. Fig. shows that between 900 and 950 second
the method gives a proper estimate of natural oscillation frequency and damping.
This shows that the proposed method can simultaneously detect forced oscillations

and can also estimate the natural oscillation accurately.
2.4  Simulation Results and Discussion

Fig. shows the experimental setup used for the simulation cases. Power system
models are run in Real Time Digital Simulators (RTDS). Then PMU measurements
are broadcasted using software PMU in RTDS. One workstation is used as Phasor

Data Concentrator (PDC) and the proposed algorithm is implemented along with the
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Figure 2.10: One window length input and output data used for the RCDSSI algo-
rithm in Fig. [2.1

PDC. The output from the algorithm is send back to RTDS through GTNET using
ethernet connection.
Two systems are used to study the performance of the proposed algorithm using

RTDS. The first one is a two area power grid (9). This is a widely used system
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Figure 2.11: Experimental setup for the simulation results.

to study inter-area oscillation. The second system is IEEE 68 bus test system which
represents the NETS-NYPS system model. This system is used to show the scalability

of the proposed algorithm to perform well on large systems.

2.4.1 Two Area Test System

The two area power grid is shown in Fig. 6.3, The details are in (9)).
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Figure 2.12: Two-area four-machine study system.

2.4.1.1  Case 1: Dynamic mode tracking

This case shows the dynamic capability of the proposed method to track low-
frequency oscillations for varying operating conditions. Under the normal operating
condition, a power system is always in motion because of random load variations
occurring continuously in the system. These responses are typically termed as an
ambient responses. The spectral analysis of ambient response shows that it can be
approximated well by white noise (68). White noise with a magnitude of 1% of each
rated load (active and reactive power) is added to the corresponding load to simulate
ambient response, and there is no other disturbance in the system. In this case two
operating conditions as shown in Table. [2.1] are studied to monitor only the inter-area
oscillation frequencies. First operating condition represents a case where the inter-
area mode is well damped. Small signal stability analysis (SSAT) shows that an inter-
area oscillation has 0.6192 Hz frequency and 10.08% damping. Around 10 minutes
into the simulation the power system stabilizers (PSS) malfunctions are simulated
and the damping of the inter-area mode decreases. SSAT results show that inter-area
mode of 0.6150 Hz has poor damping ratio of 0.74%. Table. also shows that RSSI

and RCDSSI gives similar estimate for both operating condition and the results are
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similar to the RASSI method in literature (14).However, for first operating condition
the mode is well damped, so the RCDSSI algorithm is not triggered for this operating
condition. Fig. shows that the proposed RCDSSI algorithm is initialized around
180 seconds and it estimates the inter-area mode for the first operating condition
accurately. Around 600 seconds when the system operating condition changes, the
algorithm could track the changing operating condition quickly. The spike between
900s and 1000s is because of the numerical calculation at the fault inception, but
it converges very fast. The average computational time for RCDSSI algorithm on a
Windows computer with 16 GB RAM and I-7 processor(4 GHz) is 0.2 second. Next

case shows the advantage of taking the input characteristics into account in RCDSSI.

Table 2.1: Estimated modes for two area test system Case 1.

Operating Condition Methods  Frequency (Hz) Damping (%)

Operating Condition 1 SSAT 0.62 10.08
RCDSSI - -

RSSI 0.621 10.02

RASSI (14) 0.621 10.03

Operating Condition 2 SSAT 0.6150 0.74

RCDSSI 0.6149 0.75

RSSI 0.6152 0.74

RASSI (14) 0.6153 0.73

2.4.1.2 Case 2: : Mode estimation with forced oscillations

One of the major advantages of the proposed method is that it can estimate the
electromechanical modes of the system accurately even in the presence of forced oscil-
lation. This case shows the performance of the proposed algorithm for such a scenario
and compares the results with existing methods (2). Two algorithms which are exten-
sively used both in research and commercial applications for oscillation monitoring
are modified for comparisons (Yule-Walker ARMA method and recursive stochastic

subspace identification (RSSI)) (2). In this case, a forced oscillation of 0.62 Hz which
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Figure 2.13: Case 1 a) Frequency deviation of the machine buses b) Frequency esti-
mate and ¢) Damping ratio estimates..

coincides with the inter-area mode of the system is simulated by injecting a periodic
disturbance at the load connected at Bus 7. Injecting periodic disturbances through
load simulates the behavior of a cyclic load. For simplicity, only a single frequency
sinusoidal signal is considered here as the main goal is to show the performance of
mode estimation algorithms for such cases. Fig. shows frequency deviation
signal at bus 7, and it shows that at 10 minutes a forced oscillation is injected which
stays for 5 minutes. Modified Yule-Walker method uses a predefined model order of
(n, = 8 and n,, = 6), and the estimated model order for both RSSI and RCDSSI
are two, based on the criterion mentioned in and . Fig. shows

that all three methods give an accurate estimate of the mode frequency. Fig. [2.14
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Figure 2.14: a) Time domain system frequency deviation signal b)comparison of mode
frequency estimates and ¢) comparison of mode damping ratio estimates.

shows that the damping ratio estimate gets biased to the damping ratio of forced
oscillation and shows approximately 0% damping when forced oscillation is present
between 10 and 15 minutes. However, the proposed method (RCDSSI) can estimate
the damping ratio of inter-area mode properly even in the presence of forced oscilla-
tions. This accurate estimation is important to help the power system operators take

proper decision.
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2.4.1.3 Case 3: Oscillation classification

This case shows how the proposed method can classify power system oscillations
based on combined deterministic-stochastic subspace identification (RCDSSI) frame-
work based on Fig. [2.1] In this case, the inter-area mode of the system has an
oscillation frequency of 0.619H z and a damping ratio of 0.74%. Moreover, a periodic
signal of 0.625H z frequency is added to the load connected at area 2 at Bus 9 to
simulate the behavior of cyclic load as in case 2. Fig. [2.15| shows the power output
of the load at bus 9 and the spectral characteristics of the load. It illustrates that
the load is injecting a periodic disturbance of 0.62 Hz. It is noticed from Figs. 2.17n
and that the RCDSSI algorithm separates the effect of input and noise from the
output and only extracts information related to inter-area mode of 0.62H z and 0.74%
damping. As mentioned before, the RSSI algorithm only separates the effect of noise
from the output, so it picks up both input characteristics (in this case the periodic
disturbance of the load) and inter-area mode characteristics. Figs. and
shows that the RSSI algorithm identifies two modes one with 0.62HZ and 0.74%
damping and another with 0.625HZ and 0% damping. Since both the oscillations
are sustained oscillations, it is difficult for only the stochastic subspace identification
algorithm to distinguish the type. However, comparing the estimate of RCDSSI and
RSSI it can be concluded that since 0.62H 2z mode is estimated in both method, so
it is the inter-area mode of the system, and the 0.625H z mode is a forced oscillation

which is not an inherent characteristic of the system.
2.4.2 IEEE 68 Bus Test System

This case study presents how the proposed method works for a large scale power
system where different modes are excited at different time. The tie lines in the 68
bus system are marked red in Fig. m The details of the power grid is in (10) so

not discussed here.
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2421 Casel
This case study presents how the proposed method works for a large scale power

system where different modes are excited at different time. The tie lines in the 68

bus system are marked red in Fig. [3.13] The details of the power grid is in (10) so
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Figure 2.17: a) Time domain frequency signals b)frequency with RCDSSI ¢) damping
ratio with RCDSSI d)frequency with RSSI and e) damping ratio RSSI.
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G14

not discussed here. The simulation starts with operating condition one where a fault

is applied near generator 14 to excite the 0.52Hz mode. A periodic disturbance is

introduced at 10 min with a frequency of 0.526 H z which coincides with the system
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inter-area frequency of 0.52Hz mode. Modified Yule-Walker method (2)) with a pre-
defined model order of (n, = 20 and n,, = 20) is applied to estimate the inter-area
-oscillatory mode frequency and damping. Fig. shows that the Yule- Walker
method fail to estimate the damping of target inter-area oscillatory mode accurately.
Authors in (3) has claimed that the proposed Recursive Adaptive Subspace Iden-
tification (RASSI) method can estimate the electromechanical modes accurately in

the presence of forced oscillations. Although this works well for an offline environ-
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Figure 2.22: Proposed RCDSSI Method damping ratio estimate of target inter-area
mode.

ment but in an online environment where the model order is selected automatically
through SVD, this method can not always guarantee estimating the oscillatory modes
accurately in the presence of forced oscillations, especially if the forced oscillation fre-
quency is close to the inter-area oscillation frequency. Another popular method is
transfer function based Yule-Walker method (2)), which also gets biased in the pres-
ence of forced oscillation.This phenomenon is highlighted in Figs. and Fig.
[2.20] shows that the subspace identification based method gets biased in the presence
of forced oscillation and shows 0% damping. Similar issue exists for the Yule-Walker
method as shown in Fig. 2.19] Fig. [2.2]] shows that if the order of the system is
known beforehand then only the RASSI method is able to estimate both natural and
forced oscillatory modes accurately. But, in real-time operation that it is not feasible
to know the number of modes seen in the measurement ahead of time. Fig. [2.22]shows
that the proposed method gives an accurate estimate of inter-area mode damping for

both low and high amplitude forced oscillations.
2.4.3  Experimental Results on Real PMU Measurements

In this section the proposed framework is tested for real time measurement data
from ISO New-England system. Oscillations data for [SO New-England is available
publicly (I). Several test cases from the library are tested. Fig. [2.23] shows the

results for the case 1 from the library. In this case a system wide oscillation of 0.27
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Figure 2.23: Results from ISO-NE real event data a) estimated oscillation frequency
and b)estimated damping ratio and ¢) PMU measured system frequency signal

HZ frequency is seen in the system and the generator outside the NEW-England
system is identified as the source of oscillation. Initialisation window length is 60s
and refresh rate is 0.2s. Fig. [2.23 shows the frequency of the system at substation
5 and Fig. shows the estimated frequency of around 0.27 Hz and Fig. [2.23b
shows the estimated damping ratio indicating poor damping. Table summarizes
the results for other cases in the library and the proposed method provide an accurate

estimate.
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Table 2.2: Experimental Results on Actual PMU data ()

Case  Modes Methods Frequency (Hz) Damping (%)

Case 1 1 Actual 0.27 0.0
RCDSSI 0.265 0.5

Case 2 1 Actual 0.25 0.0
RCDSSI 0.252 0.3

Case 3 1 Actual 1.13 Growing
RCDSSI 0.1.124 -0.13

2.4.4  Comparison with Existing State of the Art Methods

In this section the proposed method is compared with existing state of the art
method from literature. As mentioned earlier authors in (I4]) has implemented recur-
sive subspace identification based method for mode estimation. The proposed method
is compared with the existing method for different scenarios run in the 68 bus test
system and results are summarized in Table 2.3 Results show that the proposed
RCDSSI framework gives similar mode estimations like the RASSI algorithm from
literature. However, the RASSI algorithm can not change the model order dynami-
cally and every time there is a change in model order the identification engine needs
to be reinitialized. Because of this limitation RASSI fails to estimate the forced oscil-
lation modes. On the contrary, the proposed framework is able to detect the type of
oscillation as well as the oscillatory mode for all cases. Table shows the average
execution time of 300 seconds of window length used in the algorithm for both the
methods. Both the method has similar execution time on a Intel core i7 processor
with 3.7 GHz clock speed and 16 GB memory. Although the proposed method can
dynamically track the changes in the model order and do not need to reinitialise the
engine every-time the model order changes. Hence, the proposed method enhances the
effectiveness of existing method by incorporating the ability of detecting oscillation

type and estimating modes dynamically.
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Table 2.3: Comparison of proposed method with existing methods.

Cases  Method Mode  Oscillation  Frequency(Hz) Damping Ratio(%)
Type Mean Std Dev Mean  Std Dev
Case SSAT Natural - 0.52 0 3.621 0
1 RCDSSI Mode NO 0.519  0.004 3.59 0.15
RASSI(14) 1 - 0.517  0.006 3.63 0.27
Case SSAT Natural 0.52 0 3.621 0
2 RCDSSI Mode NO 0.517  0.003 3.55 0.18
RASSI(14]) 1 - 0.518  0.005 3.58 0.26
SSAT Natural 0.591 0 9.625 -
RCDSSI Mode NO 0.593 0.0035  9.88 0.82
RASSI(14]) 2 - 0.597  0.004 9.72 0.78
Case SSAT Natural - 0.52 0 3.621 0
3 RCDSSI Mode NO 0.515  0.005 3.60 0.17
RASSI(14]) 1 - 0.514 0.005 3.952 0.24
SSAT Natural - 0.591 0 9.625 0
RCDSSI Mode NO 0.592  0.002 9.71 0.76
RASSI(14) 2 - 0.590  0.002 9.69 0.79
SSAT Forced FO 0.8 0 0 0
RCDSSI Mode FO 0.8 0.0025  0.001 0.0005
RASSI(I4) 1 . - - - -
Case SSAT Natural 0.52 0 3.621 0
4 RCDSSI Mode NO 0.518 0.0025  3.59 0.16
RASSI(14]) 1 - 0.517  0.004 3.57 0.24
SSAT Forced FO 0.526 0 0 0
RCDSSI Mode FO 0.525  0.001  0.002 0.0.001
RASSI(14]) 2 - - - - -

Table 2.4: Computational Time for Different Cases.

Case RCDSSI RASSI(14)
Case 1l 0.08 s 0.083 s
Case 2 0.085 s 0.086 s
Case 3 0.083 s 0.084 s
Case 4 0.079 s 0.080 s




58

2.5 Summary

The proposed combined deterministic and stochastic framework extends the the conven-
tional SSI algorithm structure used widely in power system mode estimation, to take the
effect of input on system response into account. It also applies subspace identification to de-
tect the presence of forced oscillations. One portion of the results are published in the form
of paper (69). Based on the results presented in the chapter it is noticed that the proposed
framework can reliably estimate the modes of the system in an online environment. More-
over, The framework can also provide information about the type of oscillation, forced or
natural. The proposed method enhances the capability of state-of-the-art and provide more
accurate information about oscillation characteristics. One of thing that is noticed during
the implementation that the computational time of the algorithm increases with the number
of PMU measurements. A large number of signals significantly increases the computational
time of the algorithm and hence can affect it’s real-time implementation. To decrease the
computational time a method is proposed in next chapter that reduces the number of signals

used in the algorithm from the available PMU measurements.



CHAPTER 3: SUBSPACE IDENTIFICATION BASED OPTIMAL SIGNAL
SELECTION FOR WIDE AREA MONITORING SYSTEM

In this chapter an approach for identifying and selecting optimum number of signals for
monitoring power system oscillations is proposed. First, a formal method for ranking the
signal based on their suitability for mode estimation is illustrated. The method considers
both spatial and temporal characteristics of the synchrophasor signals and classifies the
signals into strong and weak signals groups. Secondly, a method is shown for identifying
optimum number of signals evolved from spectral clustering technique. This method takes
into consideration of the affinity between two signals thus representing the characteristics
of oscillation propagation. The main advantages of the proposed architecture is that a)
such classifications can distinguish natural and forced oscillations typically observed in the
Phasor Measurement Unit (PMU) measurements, b) such classification can identify the most
suitable signals for oscillation mitigation, and ¢) the approach can find the closest signal to
the oscillation source. The efficacy of the proposed method is validated using IEEE 68 bus
and miniWECC 179 bus test systems and compared with the existing methods using IEEE

39 Bus test system.
3.1  Introduction

Recent widespread deployment of phasor measurement units (PMUs) have paved the way
for a lot of new synchrophasor applications. One important synchrophasor application is
the wide area measurement system (WAMS). WAMS enables the development of situational
awareness tools which provides operators information about real-time power system stability
and archives data which is used for post event analysis. One key indicator of power system
stability is the oscillation modes and the associated damping. For reliable operation of the
power system it is pivotal for all the modes to be well damped. Recent report from North

American Electric Reliability Corporation (NERC) lists several oscillatory events observed
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in Eastern,Western and ERCOT interconnections (19). Traditionally, such oscillatory be-
haviours related to small signal stability is studied using modal analysis of linearized power
system models . But, post event analysis of August 10, 1996 blackout reveals significant
mismatch between the oscillation characteristics predicted from modal analysis and the ac-
tual oscillations observed in the system (20). Several events like this has shown the need
of measurement based mode estimation methods and has drawn significant attention from
researchers in past couple of decades.

Several methods have been proposed by the researchers for mode estimation using PMU
measurements. These methods have been categorized into three categories depending on
the type of measured power system responses a) ringdown b) mode meter and c) probing
(21)). Ringdown response means the response of a the system following a large disturbance
(e.g faults, line/generation trip etc) and mode estimation methods for ringdowns signals
are prony, matrix pencil, eigensystem realization. Mode meter methods are yule-walker
parameter estimation, least mean square method, stochastic subspace identification etc.
These methods are used to extract modal information from ambient data which represents
the continuous random load variations occurring the system (22).Probing response means
the response of the system when a low intrinsic signal is injected to excite and estimate
system modes (23)).

Moreover, careful investigation of the PMU data has revealed not all the oscillations are
related to system electromechanical modes which in sense means not an inherent character-
istics of the system, rather are because of periodic external disturbance. Such oscillations
are termed as forced oscillations and has been observed in power system across Europe
(24), North America (25]) etc. Irrespective of the oscillation type it is important to detect
the oscillation frequency and damping for both ringdown and ambient conditions. One key
characteristic of oscillations is that oscillatory behaviour is not observable in all available
PMU signals and hence does not provide enough information to estimate the modes. For
most of the available mode estimation methods only a handful of PMU signals which are
selected based on prior knowledge of the system are used. Another limitation is most of the

time such methods are tuned to monitor the damping of previously known inter-area modes.
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Furthermore, concurrent use of large number of PMU signals affect the computational time
of existing algorithms. Another important requirement which has been mentioned in NERC
reliability guideline (25)), is to determine to what extent an oscillation is affecting in the sys-
tem. This helps to coordinate between multiple regional coordinators which in turn helps
in taking proper corrective steps. All these consideration leads to the concept of finding
optimal group of signals which are suitable for mode estimation as well as gives information
about the spread of the oscillations.

Authors in (26) has used a two level estimation architecture to use large number of PMU
signals and uses weighting factors to determine signal quality. Authors have shown that
if an ISO running a mode estimation tool is not monitoring the right PMU signal then it
might miss the oscillatory behaviour. A modal power contribution (MPC) index is proposed
in (27) to rank signal according their suitability for mode estimation. But these methods
are based on heuristic approach and does not provide any mathematical proof. Authors
in (4) proposes an analytic expression for estimating the variance of damping ratio which
uses only identified system parameters. But, the proposed method ranks signals for one
oscillatory mode at a time and can not account for multiple modes simultaneously. In this
paper a spectral clustering based grouping method is used which first characterizes each
PMU signals in terms of identified subspaces. Then it calculates the affinity between the
subspaces identified at each location to form a fully connected similarity graph. Spectral
clustering is applied on the similarity graph to select the optimal group of signals. The
proposed grouping selects optimal signals for ambient and ringdown condition which ensures
less variance of the damping ratio. Additionally, such grouping reduces number of signals
to be shared among different utilities or regional operators in the wake of system wide
oscillations. The proposed method is applied on synthetic signals from IEEE 68 bus system
for ambient conditions and then compared with other signal selection methods (4),(27) on
IEEE 39 Bus test system. It is then applied on reduced WECC 179 bus system to show the
advantage of proposed grouping in coordination between different utilities.

The main contributions of the proposed approach presented in this chapter are,

e A general method for ranking the synchrophasor signals for mode estimation methods
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using both ringdown and ambient data.

e The developed method considers both the spatial and temporal characteristics of
synchrophasor signals and takes that into account to classify the signals into strong

and weak groups.

e The proposed methods can select optimal signals in the presence of multiple oscillation

modes.

3.2  Problem Formulation and Proposed Methodology

In this section, mainly first power system propagation characteristics are described. Then
subspace affinity is defined and a method for grouping signal based on spectral clustering is
introduced. Also a method for reconstructing signal mode shape based on network sensitiv-

ities have been proposed.
3.2.1  Preliminaries

A power grid with network equation of a n machine system can be written as

I¢ = YrEq (3.1)

where YReR™ " is the reduced admittance matrix after eliminating all the nodes apart
from generator nodes. Eg is the generator internal source voltage vector and Ig is the
generator current injection vector. From (3.1]), the ith row and jth column element of Ygr

can be written as

1

vij = Gij + jBij = Rt iX,
ij ij

(3.2)
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Let the electric power output(P,) of ith machine is

P, = Real(EiIi*) = Real(Ei ZYUE;) (33)
j=1
=E?Gyi + Zn: E;E;[B;jsin(6; — 0;) + Gijcos(6; — 0;)] (3.4)
I 1)Ly { Jj ij i j .
J=Lj#
= EizGii + Z [Cijsin((si — 5j) + Dijcos(éi — 5j)] (3.5)
J=Lj#i
Cj; = EiE;jB;;, Dj; = EiE;Gy; (3.6)

Per-unitizing Pe; at an initial operating point (6 = d; — d; = o),

Tei = Pei (37)
where
OT.; - .
AT = 95 Ad = Z [CUCOS(S() — DijSZTL(S()]A(S (3.8)
J=137#i

Generalizing, for ith machine in a n machine system

d (P — Pei — DiAw;)
a B = 2H,

d

%(51) = wkoi (3.10)

(3.9)

For a n-machine classical (only considers the swing equation) model, the state-space repre-
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sentation of the electromechanical model is

Aw MKp MKg Aw (3.11)
Ad woln O AS
Aé:[A(sl o AS,
M = diag(~ _)
= diag oI,
Kp = diag(Kp;)
KS = dlag(KS”)
Kgij = Z [CijCO-S’(SZ'jO — Dl'jsin(sijo] (3.12)

=15

where i,5=1,....n

The time response of the machine speed and rotor angle deviation of free state components

can then be represented as

Awi(t) = i i Cijwije)‘it (3.13)

i=1 j=1

where

Cij=>_ > viX;(0) (3.14)

i=1 j=1

3.2.2  Oscillation Propagation Characteristics

Once excited, oscillation propagation in the power grid (the magnitude and phase angle
at different location) depends on several factors such as damping of the machine(s), network
topology, operating conditions, stress level of the power system, disturbance severity etc. It

can be stated that the an oscillation mode has different magnitude and phase at different
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locations it varies with time.

A oscillation mode has different magnitude and phase at different location in power system
and it varies with time. Let eigenvalue A\; = ;4 jw;, where o; represents the damping and
w; represent the oscillation frequency. Then the time domain response measured at different

location given by ([3.13)) can be expanded as

Aw;(t —ZZW | 26510 | £C e T edit (3.15)
=1 j=1
where
*KSi]
|0 | Lot =
YO Kpi+ V(K3 — 8HKsijwo)
and

Wi 14655 = 3" = f(Ksij, Kpi) (3.16)

With algebraic modifications

Aw;(t Z Z e?"[(acos(wt) — bsm(wt)) (3.17)

1=1 j=1

+7 (asin(wt) + Beos(wt))] (3.18)

Y

This can be summarized as

Aw;i(t ZZ it |/ a2 4 32| Ltan 1L (3.19)

i=1 j=1

From (3.18)) it can be concluded that the magnitude and phase angle of the changes in

the speed at different locations depends on y and x and specifically the value of a and b.

Further, from ({3.2.2)) and (3.16} it is observed that the magnitude and angle increases if K;;

increases and decreases if Kp; increases. Also, it can be observed that for a fixed initial

condition the value of ky;; increases if the susceptance (B;;) of the network increases or
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conductance (Gjj;) of the network decreases. This two parameters are inversely proportional
to the network impedance as shown in . Finally, this proofs that oscillation phase and
magnitude varies at different locations in the power system.

For a simple two machine system the second order model of each machine can be repre-

sented as ((3.20)),

Aw Kpi MEs; Aw
A= =] (3.20)
Ad w 0 AS

Singular value decomposition is performed on the matrix AA’ to obtain the left orthonor-

mal basis U of the matrix as shown in (3.21])

2 2
KpitKs —Kpiwo

W=AA=| 2Hi (3.21)
R

Eigenvalues of this matrix is calculated as,

K3, +4wiH? + K2

A
1,2 SHE
J\/ (=K, — 4w H? — K2)? — 16w HP K
+ VR (3.22)

The subspaces identified at different locations has different
3.2.3  Subspace Identification Method

Let us denote the PMU measurements obtained from a p bus power system at time ¢
as Y (t)eRP. The high dimensional PMU data recorded in power systems has a low rank
property. This property has been used significantly to recover missing data (70), classifying

events (63).The time series data of window length [ at each PMU location can be expressed
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Figure 3.1: Two machine system.
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Figure 3.2: Effect of damping and network parameter on the machine speed deviation.

as,

T
Yot — 1) ya(t) x=1,2,..,p (3.23)

1x1

Yx(t) = | y.(t—1)

These PMU time series data is used to identify the system dominant modes. From the

measurement data first block Hankel matrices are formed as below,
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[ yx(l) y:r(]) _
y(2) - y(i+1)
Yul(d) o yu(G+i-1)
Qx_[)):m}:__ =i (3.24)
ix fa yo(i+1) o ye(i+)
o0 +2) - yeliti+1)
L we(2) o ye(2i4i—1)

Based on Lemma m proper choice of number of rows(i) and the length of data(l)
ensures that the identified subspace can capture the dominant modes present in the system.

if m is the maximum desired order of the identified system and [ is the length of data
vector, then number of block rows ¢ > m and number of column is j = [ — 2¢ + 1 assuming
that whole data length is used in the identification process.

Let m be the maximum number of order which needs to be identified(this can be known
from prior knowledge of the system). Maximum possible rank of the identified system is

Rank(H;) = min(i, j). Now the data length [ is

finite, if Y;is from ringdown signal
[ — (3.25)

inf, Y,is from ambient signal

If the whole data length is used then j7 >> 4. The order of identified system n =
Rank(H,) = i. So if the maximum identified system is m, then m = n = i. The number of
block rows i needs to be at least m. If whole data length needs to be used then number of
columns j =1—2¢+ 1.

Subspaces are identified with the use of orthogonal projection. Projection is an important

step to identify subspaces from ambient data where the signal to noise ratio is low. The
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time series PMU data is divided into two data sequence matrix Yy, and Yj,. The orthogonal

projection of Y}, on Y, is given by,

Yo = RaQT, Ypx = RpQT (3.26)
O, = fo/pr = ¢[Yfz,sz]“b[sz,sz]‘pr (3'27>
= [R4+QTQRE).[R5QTQRE).REQ"

— RuR%.[R5RE) . RpQT

The projected matrix (O,) belongs to R . But the dominant number of modes in
the PMU data is less than the matrix dimension. To find the number of dominant modes

singular value decomposition (SVD) is performed on the matrices.

Sp1 0 Ve
W10, Wo = USVT = [Up1 Ups] | P (3.28)

0 Spo VE,

= Up1Sp1VE,

Where, W1 and W5 is a weighting matrix which determines the state space basis for the
identified subspace and T is a similarity transformation.The extended observability matrix

at each PMU location is given by,

1
T, =W, 'Up1Sp,T (3.29)

To show that the physical interpretation of identified extended observability matrix, we
use linear system analysis. Lets assume that the power system is linearized at an initial
operating point .Overall power system response can be represented as a discrete time linear

time invariant system
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Xk+1 = Axk + Buk + wy (3.30)

vk = Cxk + Duy + vy

where u,eR™ and where y,eR! are the observations at the time & of respectively p inputs
and q outputs, wipandv, represents the process noise and measurement noise respectively.

Let the order of matrix A be n. The expression for kth output is expressed as,

y(k) = CA*z(k) + CA* 1 Bu(0) + ... + CBu(k — 1) + Du(k)+

CA* 1w (0) + ... + Cw(k — 1) + v(k) (3.31)

With the assumption that the pair A, C is observable the extended observability matrix

for a nth order system is given by,

y(0) C
1 CA
v « X(0) (3.32)
i y(n—1) | i C AL |
npx1 npxn
T
Ss=|c cAa ... cAan! (3.33)
npxn

From it is clear that the extended observability matrix S, is a function of system
matrices A and C and it can be derived from data sequences.So, if the proper output signals
are chosen then S, contains information about the system modes.

Subspaces identified at different locations using the PMU data can capture the difference
in phase and magnitude of oscillating signals as seen in the time domain response of PMU

date.
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K} +4wdH? + K3

A 14
’ 8H?
I (K3 — 4 H? — K3) 2 — 1603 HP K
3.34
1 .
Iy = U1 S where, UieR"™™ and S1eR™" (3.35)

Extended observability matrix is given by when W7 = I;; and T' = I;;
3.2.4  Methods for Calculating the Affinity Between the Subspaces

There are several factors that needs consideration in dealing with PMU data. Subspace
based methods deals with noise through the use of projections.

Then the system matrices A, and C', can be extracted from I',, using least square solutions
(61).Then the modes of discrete A, matrix is converted to continuous domain using (5.18)).

Thus the frequency and damping of dominant modes at each location can be calculated.

1
Ai =05 + jw; = T log Ezg(Az) (336)

The extracted subspaces is also used to calculate the oscillation shapes observed in the
measured data. These oscillation shapes gives the relative magnitude and phase between
different PMU signals which is also captured in the extended observability matrix I',. The
oscillation shapes are different from the typical mode shapes of linear systems. This oscilla-
tion shape depends on initial conditions, system mode shapes as well as the system inputs.
Once the A matrix is identified the oscillation shape is calculated by calculating the right

Eigenvector ¢; using eqn. (3.37)), where \; represents the identified dominant modes .

Adi = N (3.37)



72

3.2.5  Method of Signal Clustering Based on Subspace Affinity

The intuition behind identifying the subspace is that the subspace captures the modal
characteristics of system for a specific operating condition, disturbance magnitude and dis-
turbance location. The affinity between the subspaces as seen at different location gives
an indication of similarity between the signals at that locations. Let S, be the subspace
extracted from the extended observability matrix I',, calculated at the previous section [3.2.3

for each PMU signal. The affinity between two subspaces S; and S; is calculated as,

Ay — \/003201 + cos209 + ...... + cos20,, (3.38)
n
where,i,j =1,2,3...n
0, = acos(Uy(:, k) .Ua(:, k), k=1,2,3...n (3.39)

Where, U; and U; represents the orthonormal bases of S; and S; respectively.v,, is the
normalised length of the eigenvector. Ideally, A;; = 1 if both the PMU signals ¢ and
Jj identifies same subspaces and A;; = 0 if the PMU signals ¢ and j identifies different
independent subspaces.

A similarity matrix A is formed from the similarity graph shown in Figure. {4 and L is

the laplacian matrix.
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L Anl Ann |
Zi:l W(1,4) 0

D = o (3.41)

0 Y W(n,i)
L=D-A (3.42)

As mentioned in the seminal work on graph partitioning by the authors of (71), one key
criterion that ensures the optimal partitioning of graphs is the normalized cut between the
graphs. Minimizing normalized cut (Ncut) ensures the similarity within a group is high and
similarity between two different groups is low. If a graph G = (V, E) is partitioned into two

disjoint sets X and Y, then the Normalized cut is expressed as,
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cut(X,Y) cut(X,Y)

Ncut(X,Y) = 3.43
cut(X,Y) assoc(X,V) = assoc(Y,V) (343)
where, (3.44)
cut(X,Y) Z A(a,b) (3.45)
aeX,beY
assoc(X,V) Z A(a,c) (3.46)
aeX,ceV
assoc(Y,V) Z A(b, ) (3.47)
beY,ceV
2 (wi=1,0y=—1) ~AiTiT;
Neut(X,Y) = o — (3.48)
Zzizl(Zizl Zj:l A(i, )
N D (wim—1,a;=1) ~ ATt

in:—l (Z?:l Z?:l A(Za ]))

where, assoc(X, V') represents the total connections from nodes in group X to all the nodes
in the graph and assoc(Y,V).With the help of Rayleigh quotient (72) it is proven that
finding the optimal solution of the problem of min, N cut(x) is similar to finding the second
smallest eigenvector of the laplacian matrix L (71)) , where z is indicator vector and its value
1 means a node belongs to group X and —1 means a node belongs to group Y. However,
there are some practical challenges in performing this clustering for practical data set. The
indicator value is not always discrete in the second smallest eigenvector(Vss) and can often
take continuous values. It creates a problem of how to divide the values in the two groups
to form to clusters. In this paper, an dynamic optimization is run to find the splitting point
value C' that minimizes Ncut(x) value. The splitting values are chosen by taking m evenly
spaced values between the minimum and maximum values of V5. The splitting value which

gives minimum Ncut(z) is chosen and groups are created.
3.2.5.1  Second Eigenvector Calculation

Let S = S1,52,...5, is a set of subspaces identified from p different PMU signal locations
and \; where ¢ = 1,2,...n is the corresponding eigenvalues.The identified subspaces and

eigenvalues at two different location ¢ and j are expressed in terms of system parameters as,
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4wy Kpi H; (3.53)
(VKR — 2FH? = K2)? — 1uF H7RG — KR, + 4w} H? — K2)
1
(3.54)

X
16wi K2 H? 1
(V/(- KR —4wg H? K2 ) 21603 H? K3~ K +Aw H? — K3 )

Kp; Ksi Kp; Ks;j
Si— | M g | W2 (3.49)
wO.In 0 wo.In 0

)\’L = {)\17 Z27 "7)\:7/}; )\] = {)\{7 A;? "'7)\"]7”'L} (350)

if (S;,5;)eS and S;,S; spans the same subspace, then affinity A;;— > 1 which in turn

means that the subspaces are closely related.The relation between the dominant modes of

the identified subspaces is written as,

A=A+ (3.51)
€, if affinity is close to 1
’y =
M, if affinity is close to 0
The orthonormal basis for subspace 5; is given by |,
uly ul
11 U2 (3.52)

i i
Ugy  Uga
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i 4w K| iH'
L p— 072 Dir (3.55)
(— V(K3 — W H = K3)7 — WG HIEG — K, + 4w} H? — K3)
1
(3.56)
16wiK3,H? 11
(—/(- K3 ~4wg H? — K3 )2~ 1603 H? K2~ KR+ 4w H? K3
i 1
Uy, = (3.57)
16H2W2 K2
1 1 + 1
(+/ (K3, —AH23 K2 )~ 16 H2 W K2~ K3 A+-AHPWE K3, )
i 1
16H2w2 K2, 1
(—/(-K3,—4H2WR— K2, )~ 16H20E K2 ~ K3 +-AHE W~ K2, )
Similarly, the orthonormal basis for subspace 5 is,
W, W
vj=| " (3.59)
Uy U
The affinity A;; between subspace S; and S; is calculated as,
" {ecos Y (ULUy,;
Aij — Z’L—l{ ( 13 1])} (360)

n

Without losing generality, the affinity matrix A from eqn. (3.40)) is calculated for sub-

spaces 5; and S; as,
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A Aij

Ajj = ! (3.61)
i Aji |
Ay + Az‘j 0

Djj = (3.62)

0 Ajj + Aji

Aii + Aij) — Aii —Ajj

Li; = ( 2 ! (3.63)

—Aji (Ajj + Aji) — Ajj

Eigenvalues and eigenvectors of the laplacian matrix L;; is given by eqn. (3.64). L;; is a

symmetric positive semi-definite matrix which means all the eigenvalues are non-negative.

1 1
AL =05 = = s A = Aji 3.64
The corresponding eigenvector is given by,
A2 —
0.707 ——oit
|— izt g +8A]
Aij = v (3.65)
0707 —2——

1 1]

3.2.6  Generation of Unobserved Network Variables

Power system has a limited number of PMU installed throughout the system. So, all the
network variables associated with all the buses are not observable from the PMU measure-
ments. So, there can be instances when the bus where a particular oscillation frequency is
most prominent do not have a PMU located at it’s location. This creates a need for a method
that can help generating the network variables at different buses with PMU measurements
from other buses. Authors in (73) has proposed a method for tracking the dominant oscilla-
tion path based on network sensitivities. In this work, the concept is used and only voltage

sensitivities are used to find oscillation shape at unobserved PMU locations. Figure
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Figure 3.4: Flow chart for spectral clustering.

shows the n bus power system network with additional N bus for machine internal voltages.
Loads are modeled as constant impedance and are added to the admittance matrix.So, cur-
rent injections at all other nodes other than the generator nodes are zero. The node voltage

equations for the network can be expanded as,
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0 Ynn YnN Vn
= (3.66)

In Yo Ynn E,
Vin=-Y Y.NEn (3.67)

Where, In denotes generator current injections, En refers to the generator internal volt-
ages and Vy, represents bus voltages. Equation (3.67) represents the bus voltages as a
function of internal voltages and —Y Y~ depends on the network parameters.The gen-

eralised expression for bus voltage V; can be written as,

N
Vi=> aiEja=-Y 1 Yun =nsy (3.68)
j=1
As shown in (3.68)) the bus voltage depends on the magnitude and angle of machine
internal voltage. A change in machine internal voltages causes the bus voltages to change. A
generalised expression for network sensitivities have been derived in (73)). Voltage magnitude

sensitivities for ¢ — th bus with respect to the 7 — th machine internal voltage and angles are

given by,

B8

ov; |Vi\’j =P
= 3.69
5 (3.69)
N d # D
N-1 N
B=— Z iz iy B By sin (0 + Yie — 0y + Viy) (3.70)
rz=1 y=x+1
N-1 N

+ Z Z aixaiyEmEySin(éx + Yiz — 5y + /7iy)
r=12#j y=x+1,y#j

(3.71)
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%, = W[nijEf—l— (3.72)
N
Y QuaiyBeEycos(8; +vij — 6y + viy)]
y=Ly#j

Now the network sensitivities can be used to estimate the oscillation shape at different
buses if the mode shapes are known at the machine terminals. The mode shapes at each
machine terminal are obtained by calculating the right eigenvector of the identified A matrix
from section for each PMU location . The mode shapes as observed in the bus voltage

magnitude and angle for the network buses are given by,

o ., 9
95 95 W
Ry=| : . i : (3.73)
Vo .. OVu
96, a6; | L Wi ]
Sy
d61 ds; Wi
Ry=| : . : (3.74)
On ... 90n
961 25; | L Wi ]
So

Where, RyeR™! and RpeR™ ! are the network bus voltage magnitude and angle os-
cillation shapes and SyveR™ " and SypeR™ VN are voltage magnitude and angle sensitivity
matrices. Oscillation mode shapes at different locations can be extracted from the PMU
measurements using the identified subspaces. If PMU measurements are not available at
every location then equations and can be used along with the mode shapes
measured at available PMU locations to estimate the mode shapes at other unobserved net-
work buses.This concept is demonstrated through a simple small system as shown in Fig.
[3:6] The system matrix is calculated as below,

The eigenvalue analysis shows it has an oscillatory modes of 2.235 Hz and 3.83% damping.
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Figure 3.5: N machine n bus power system network.
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Figure 3.6: Two machine Three Bus system.
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Figure 3.7: Validation of Analytic formula and Numerical simulation for Bus 3 mode
shape.

The mode shape associated with machine angles are [0.6940/—144.92 0.7190£0]. The
network sensitivities and the mode shapes calculated using the method is compared with

numerical simulation in Table 3.5
3.3  Simulation Results

In order to illustrate the application of the proposed methodology for both ringdown and

ambient system responses, reduced WECC 179 bus test system (1)) and the IEEE 68 bus



82

Table 3.1: Network Buses Sensitivity Calculation and Mode shapes validation.

Bus %‘gf %‘(5/; Mode Shapes
Analytic Numerical
Formula Simulation

1 0.0415 0.0179 0.0197£-122.87 0.0187£—-120.42
2 0.0240 0.0405 0.0180£-31.72  0.0189£-30.15
3 0.0315 0.0340 0.0142£-62.44 0.0149£-63.19

benchmark test system (L10]) are used. Time domain simulated measurements from these sys-
tems can be considered as synthetic PMU measurements,making the method suitable using
synchrophasors. Different scenarios are studied to show the performance of the proposed

method.
3.3.1  Signal Selection for Ringdown Condition

WECC system is consist of a reduced WECC 179-bus, 29-machine system (I)). The one-
line diagram of the system is shown in Fig. All generators are represented as a classical
second-order differential model reflecting the motion of the rotor; damping parameter D
for all generators are set to 4 in base case and all loads are modeled as constant MVA.
Only generators where periodic disturbances are applied are represented as detailed model.
Several test cases are provided covering different power system responses which includes
normal oscillatory events because of local and inter-area modes, forced oscillations events,
phenomenon of resonance, oscillations due to multiple oscillation sources etc. several cases

in the library have been tested using the proposed method.
3.3.1.1  Case 1: Poorly Damped Natural Oscillation

Case 1 shows the step by step application of the proposed method for one of the cases
in the test case library (I)). In this case, the base model is modified to create a poorly
damped local oscillation mode of 1.41 Hz with 0.01% damping. The damping of generator
connected at bus 45 and bus 159 is modified from 4 to —2 and 4 to 1 respectively to create
this scenario. It is assumed that there are PMU installed at the terminal of all 29 generator
buses. Now the proposed method is applied to perform signal classification which helps the

applications like mode estimation, oscillation classification, event classification etc. Fig.
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Figure 3.8: WECC 179 Bus Test System ().

shows the time domain response of the system after a three phase fault at bus 159 for 0.05
second. Using these signals two sets of subspaces are calculated (subspaces with projection
and without projection ) as mentioned in sub section Then the affinity between the
subspaces are calculated and two weighted matrix W, and W), are calculated as mentioned
in sub section Then the similarity matrix W is calculated using the two weighted
matrices. Fig. [3.10] shows the matrix W for the first iteration of the proposed met

Al the diagonal elements are 1 indicating that the self affinity of the subspaces. Fig. [3.11

shows the second eigenvector values for each iteration and shows the groups at each
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iteration. It is noticeable that after each iteration the number of signals in the groups gets
reduced. when the difference between values of second eigenvector is less than the threshold,
the iterations stop. In this case, it takes 5 iterations to converge. After that, signal at bus
45 has the lowest value and it is identified as an input signal or is assumed to be close to

the input.
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o
o
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Figure 3.9: Time domain frequency signals of all the PMU locations.
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Figure 3.10: Case 1, Laplacian matrix for the first iteration.

3.3.1.2  Case 2: Resonance with Poorly Damped Natural Oscillation

In this case, the source bus signal 65 leads the other dominant signal 35 for the oscillation
frequency of 0.37 Hz. In that case, methods based on phase shift is not able to track the
input signals properly. The proposed method does not look into the phase shift between

signals explicitly rather it looks into the subspace identified from the signals. Table.
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shows that for case PD 2 the proposed method ranked the signals as 65 and 35. The signal

ranked 1 is considered to be close to the actual source. So, the proposed method can reliably

classify the signals.
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Table 3.2: Signal classification for the cases in test case library ().

Case D Freq Damping Source Fault Description Signal
(Hz)  Ratio Bus  Bus Rank
PD 1 D45=-2 141 0.01% 45 159 1 Source 45
D159 =1 1 local mode 159
PD 2 D35=05 037 0.02% 65 79 1 Source 65
D65 =-1.5 1 inter-area 35
mode
PD 3 D6 =2 0.46  2.22% 11 30 1 Source 11
D11 =6 070 1.15% 1 unstable local 30
1.63  -0.54% 2 and 1 inter 35
and area mode
PD 8 D45=-25 127 -1.06% 45 159 2 Source 45
D159 =1.5 141 -0.22% 36 2 unstable 36
D36 =-1 modes 159

Table 3.3: Signal classification for the forced oscillation cases in test case library(I)).

Case  Injected Freq of Source Description Signal

Case  Signal  Freq of (Hz) Location Rank

F 1 Sinusoidal 0.86 4 Resonance with 4,162,9
local 0.86Hz mode

F 2 Sinusoidal 0.86 79 Resonance with 79,65,35
local 0.86Hz mode

F_ 2 Sinusoidal 0.37 7 Resonance with 65,35,79,77

inter-area 0.37Hz mode

3.3.2  Signal Selection for Ambient Conditions

Under normal operating condition,power system is always in motion because of random
load variations occurring continuously in the system. These responses are typically termed
as ambient response. The spectral analysis of ambient response shows that it can be ap-
proximated well by white noise (68). The IEEE 68 bus system from (L10) is modified to add
governors to the machines. The modified system is simulated in real time digital simulator
(RTDS). To simulate ambient response,a white noise with a magnitude of 1% of each rated
load (active and reactive power) is added to the corresponding load and there are no other

disturbance in the system.
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Fig. [3:I4)shows the frequency as observed at different PMU locations. Then the proposed
signal grouping algorithm is applied to these groups of signals to find the optimal number of
signals for monitoring an inter-area oscillation mode of 0.52 Hz. Fig. [3.15] shows the results
of grouping after each iteration. After the first iteration, it identifies 14 PMU locations
where the effect of the mode under study is most prominent. Moreover, it also points out
that the generators in the New England power system is oscillating against New York power
system. Iteration 2, further simplifies the groups by selecting 7 PMU locations. And finally,
after the third iteration, the optimal number of PMU locations are selected as bus 13, bus 18
and bus 14. The grouping process ends as the Ncut value exceeds the predefined threshold
value. To validate that these are the optimal signals the criterion for predicting the variance
of damping ratio from the identified model as proposed in (4)), is applied for each iteration.
Fig. [B.16] shows the average variance of the estimated damping ratio for each iteration.
It shows that the estimated variance is decreasing with each iteration indicating that the

grouping process is filtering out signals which gives a more accurate estimation.

/— Al: New England Power System ﬁ A2: New York

( Power System \ A3
[/ G16

53 @Gz 613
L-ll = 18

‘“‘561 AN ¥, ) é

Figure 3.13: IEEE 68 Bus study system with PMU location .
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Figure 3.14: Time domain frequency signals of all the PMU locations.

3.3.3  Comparison with State-of-the-Art

In this section the optimal signal selection method is compared with other methods from
the literature. Authors in (4)) has compared the results of their proposed method with other
methods in literature. The same IEEE 39 bus test system is used to compare the results of
proposed method in this paper with other methods. IEEE 39 bus test system has an inter-
area oscillation frequency of 0.6618 Hz and a damping ratio of 6.94% where the dominant
state is related to the machine one speed. The frequency signals at each PMU locations are
taken as input for the proposed methods as well as the existing methods. Tables [3.5] and [3:4]
summarizes the result. Table [3.5]shows the signal ranking after using the method mentioned
in (4).Table shows the grouping obtained from the proposed method. It shows that the
optimal signals selected from the proposed method overlap with the signal ranking obtained
from the existing method. As a result of this, confirming the proposed method can give the
best signals for accurate estimation & the advantage over existing methods that the proposed
method does not require any signal pre-screening step and fast. It is also applicable in an

online environment unlike the proposed other methods.
3.4  Computational Time of the Proposed Method

In this section the computational time of the proposed method is accessed and the results
are compared with the most recent method of optimal signal selection in (4). Both the

algorithms are implemented in an off-the-shelf personal computer (Intel i5, 2.4 GHz CPU,16
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Table 3.4: Signal groups based on proposed method.

[teration Signals Variance
Iteration 1 31,33,34,32,39,37,30 0.136
[teration 2 31,33,34,32,39 0.128
[teration 3 31,33,34 0.121
[teration 4 31,34 0.118

Table 3.5: Comparison of Different Signal Selection Algorithm for IEEE 39 Bus Test
System.

PEC () MPC(74) CF1(75)
31 0.115 33 0.123 32 0.136
34 0.121 34 0.131 34 0.148
33 0.129 31 0.145 31 0.157
32 0.137 37 0.152 33 0.169
39 0.142 30 0.165 30 0.181
30 0.149 32 0.169 39 0.189
37 0162 39 0.175 35 0.197
36 0.184 35 0.189 37 0.205
35 0199 36 0.196 36 0.215
29 0.230 29 0.220 29 0.235

GB of RAM). Figure shows the computational time of the proposed algorithm for
different model orders and different number of signals. The convergence time of the proposed

signal selection time increases with both model order and number of signals. Fig.
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Figure 3.17: IEEE 39 Bus study system with PMU location.
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Figure 3.18: Computational time of the proposed method.

compares the results of proposed method with existing method. And the results show
that the proposed method is able to group signals converges faster compare to the existing
method. This is mainly due to the recursive subspace algorithm used for identification
and the proposed method does not require any signal pre-slection based on Fast Fourier

Transform (FFT) unlike the existing method.
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Model Order and b)Time vs Number of Signals.

3.5 Summary

In this chapter, a method for selecting optimal signals is presented. The proposed method
can find an optimal group of signals for both ringdown and ambient conditions. The results
based on IEEE 68 bus test system and WECC 179 bus system show that not only the
proposed method can select the optimal signals, the optimal group also contains the source
of forced oscillations. This can help in narrowing down the search area for the oscillation
source location. The proposed method is implementable online and is faster than other
states of the art methods available. The proposed method is used in the next chapter to

develop an approach for locating the oscillation source.



CHAPTER 4: MEASUREMENT BASED OSCILLATION SOURCE LOCATION
METHOD FOR MODERN POWER SYSTEM

In this chapter, a new method is presented, which identifies the location of the oscillation
source using subspace-based identification method developed in earlier chapters. The pro-
posed method derives a relationship between the phase angle of power and frequency signal
of a machine from the energy function of the device. Then the relative phase difference
between the machine power and frequency phase is utilized to locate the source of sustained
oscillations. The proposed method can use the existing measurements to estimate the mode
shapes of unobserved buses and can help to identify the location of forced oscillation more

precisely. The efficacy of the proposed method is evaluated on the two-area system.
4.1  Introduction

Power system oscillations poses a serious threat to the reliable operation of the modern
power grid.all the oscillatory modes need to be well damped for reliable operation of the
power grid (35). Monitoring and analysis of the data captured by phasor measurement
units (PMU) has revealed several instances of sustained oscillations in different power grids
throughout the world ([76)),(77). The frequency range of these oscillations ranged from 0.05
Hz to 2 Hz. Depending on the source of oscillations these oscillations are broadly classified
into two categories 1) natural oscillations and 2) forced oscillations. Natural oscillations
are inherent characteristics of the system and typically caused by large power transfer over
a weak and stressed tie-line, bad tuning of power system controllers etc. On the other
hand, forced oscillations are caused by periodic external disturbances. The cause of these
disturbances include but not limited to equipment failures, cyclic loads, control system
malfunctions etc (78). Any type of sustained oscillations can lead to unstable grid conditions
and can potentially cause cascading outages. It also can cause mechanical stress on the

generator turbines which in turn can reduce the lifespan of the equipment and increased
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maintenance cost. Depending on the type of sustained oscillations the mitigation method
can be different. Regardless of the type, most efficient and safe way to mitigate oscillation
is to locate the source of oscillation and disconnect the source from the power system.

However, locating the source of oscillations is not a trivial task. Over the past decade,
several research work has been conducted to develop methods that can reliably locate the
source of sustained oscillations. Authors in (79) have provided a comprehensive review of
all the oscillation source location method available in the literature. Authors have also
pointed out the pros and cons of each method. All these methods tries to analyse different
attributes of oscillations to locate the source of oscillation. Such attributes include oscillation
magnitude, phase angles, statistical signature, propagation speed and oscillation energy.
Unfortunately, most of the methods are not practical for implementing in a power system as
an oscillation monitoring tool. Authors in (77) has proposed a method based on calculating
the dissipating energy of oscillations. The method tracks the dissipating energy flow in
the network and generator with the positive dissipating energy is termed as the source
of oscillations . This method is practically implemented in ISO-NE and only uses PMU
measurements to calculate the dissipating energy. Although this method provide satisfactory
results in practical scenarios the assumptions made in deriving the method needs further
investigation. Authors in (80) has reported that lossy network and constant impedance load
model can inject dissipating energy to the network and can lead to erroneous oscillation
source location(8I]). The method also depends on the estimation of sustained oscillation
frequency and on retrieving the phase and magnitude of all signals accurately through very
sensitive signal filtering.

One of the limitation of dissipating energy flow method (DEF) (77) is that it can only
locate the source upto buses where PMU measurements are available. So, it can only
point to a area close to the oscillation source if PMU measurement is not available at
the generator or plant bus. Authors in (82) proposes a method for locating the source of
oscillation using frequency response function (FRF). Authors proposes the formulation of
FRF for detailed machine model and then use that to locate the source of forced oscillations.

Energy based method (83) is further enhanced to develop a two stage approach to detect the
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source of oscillation up to control devices (governor and exciters) of the generators.However,
the proposed method uses empirical mode decomposition (EMD) and total least square
estimation to extract the phasor information of variable and is difficult to implement in an
online environment because of computational complexity.

In this chapter, a new method is proposed for locating the source of oscillations. It
uses the methods developed in previous chapter to construct the mode shapes for generator
buses which does not have PMU installed. Then it leverage the method based on subspace
affinity presented in previous chapter, for pre-selecting a group of potential oscillation source
location signals. After that it uses the shape of power and frequency signals and the phase
relationship between them to locate the source of oscillation source.

The main contributions of the proposed approach are :

e It can detect the source of sustained oscillation even if there are no PMU measurements

available at the source generator bus
e It can be implemented as a practical tool for oscillation source location.
e It requires less amount of signals to determine the oscillation energy flow direction.

The rest of the chapter is organised as follow, section describes the proposed method-
ology and section [£.3] presents the simulation results. Finally, section [£.4] concludes the

chapter
4.2  Proposed Methodology

The proposed methodology has mainly three major steps a) extraction of unobserved
generator buses mode shape , 2) signal pre-selection using subspace affinity and 3) locating

the source of oscillations using phase relationship between generator power and frequency.
4.2.1  Extraction of Unobserved Machine Mode Shapes

Power system has a limited number of PMU installed throughout the system. So, all the
network variables associated with all the buses are not observable from the PMU measure-
ments. So, there can be instances when the bus where a particular oscillation frequency is

most prominent do not have a PMU located at it’s location. This creates a need for a method
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that can help generating the network variables at different buses with PMU measurements
from other buses. Authors in (73]) has proposed a method for tracking the dominant oscilla-
tion path based on network sensitivities. In this work, the concept is used and only voltage
sensitivities are used to find oscillation shape at unobserved PMU locations. Figure
shows the n bus power system network with additional N bus for machine internal voltages.
Loads are modeled as constant impedance and are added to the admittance matrix.So, cur-
rent injections at all other nodes other than the generator nodes are zero. The node voltage

equations for the network can be expanded as,

0 Ynn YnN Vn
= (4.1)

IN YrTN YNN En
Vao=-Y.!Y.nEn (4.2)

Where, In denotes generator current injections, En refers to the generator internal volt-
ages and Vy, represents bus voltages. Equation (3.67)) represents the bus voltages as a
function of internal voltages and —Y ;Y ,n depends on the network parameters.The gen-

eralised expression for bus voltage V; can be written as,

N
Vi = ZaijEj§ a ==Y, Yun =y (4.3)
=1

As shown in the bus voltage depends on the magnitude and angle of machine internal
voltage. A change in machine internal voltages causes the bus voltages to change. A gen-
eralised expression for network sensitivities have been derived in (73). Voltage magnitude
sensitivities for ¢ — th bus with respect to the j —th machine internal voltage and angles are

given by,
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Now the network sensitivities can be used to estimate the oscillation shape at different
buses if the mode shapes are known at the machine terminals. The mode shapes at each
machine terminal are obtained by calculating the right eigenvector of the identified A matrix
from the subspace identification methods developed in previous chapters for each PMU
location . The mode shapes as observed in the bus voltage magnitude and angle for the

network buses are given by,
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Where, RyveR™ ! and RpeR™ ! are the network bus voltage magnitude and angle os-
cillation shapes and SyeR™ N and SypeR™ N are voltage magnitude and angle sensitivity
matrices. Oscillation mode shapes at different locations can be extracted from the PMU
measurements using the identified subspaces. If PMU measurements are not available at
every location then equations and can be used along with the mode shapes mea-
sured at available PMU locations to estimate the mode shapes at other unobserved network
buses.This concept is demonstrated through a simple small system as shown in Fig.

Typically PMU measures the voltage and current at the bus where it is located. similar
to voltage sensitivities current sensitivities can also be developed and later used to create
the current injection at unobserved PMU bus, The line current sensitivity in the line from

bus m to n with respect to the jth machine angle are given by,
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The line current angle sensitivity with respect to jth machine can be calculated as,

= 0 E%4 4.13
6 |Lyn|? (4.13)

N
Z anijnijEyCOS((Sj + 'Qbmnj - 6y + wmny)]
y=1y#j

where, € is calculated from the pi model of a line segment between bus m and n. The

current flow in the line can be written as ,

Imn = (Ymn + Ym0)Vim — YmnVa (4.14)

(4.15)

Now the line current flow can be expanded to express in terms of machine internal voltages

by substituting V;,, = n,;E; where j =1,2,3,..n ,
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N
Lnn = ) _(Ymno + Ymn)7niEj = Yn/iniBj (4.16)
j=1
N
=D Qi B (4.17)
Jj=1

Where; anj = anjlwmnj and anj = |(ymn0 + ymn)nnj - ymnnnj’ and wmnj =
Z{(Ymno + Ymn)Mng — Ymntnj]. Details of the derivation can be found in Appendix A.
Once the voltage and current sensitivities are calculated the deviation in bus votlage

magnitude and angles can be calculated as below,

ovi oon || |
961 d5; As
AV=| . : (4.18)
Vo .. OV
IS oo | | Aon |
Cys
o0, .. oo | [ |
961 965 As
Ag=| = . : (4.19)
90n .. 90n
90, 25, | | Asy ]
Cos

(4.20)

where, AV is the bus voltage magnitude and Af is bus angle.
The current magnitude deviation Al and angle deviation Ay is calculated in a similar

manner. The details of the derivation can be found in (73]),

ALpn = CrmnsAS (4.21)
Ay = Cs5AS (4.22)

(4.23)
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The power deviation can be calculated from the voltage and current deviation values as,

APy = R[AVi ZA(OA Ly ZAX)] (4.24)

If the generator terminal voltage is known then the internal voltage of the machine ter-

minal can be calculated,

where Ej, refer to the unknown machine bus voltage and ¢;, is it’s angle. Then the speed

of the unknown machine bus wj, can be extracted by differentiating the angle with respect

d(dju)
dt

to time as wj, =
The eigenvalue analysis shows it has an oscillatory modes of 2.235 Hz and 3.83% damping.
The mode shape associated with machine angles are [0.6940/—144.92 0.7190£0]. The

network sensitivities and the mode shapes calculated using the method is compared with

numerical simulation in Table B.5l

Ei 28,
Xd1
n+l 1 Power System
[ ]
o Network
Eyzéy ® °
Xan (n Bus)
n+N n

Figure 4.1: N machine n bus power system network.

4.2.2  Signal Pre Selection Using Subspace Affinity

The intuition behind identifying the subspace is that the subspace captures the modal

characteristics of system for a specific operating condition, disturbance magnitude and dis-
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0.02 ‘

= Numerical Simulation
- ——-Analytic Formula

0.01

Magnitude
)

-0.01

-0.02 I I I I
0 1 2 3 4 5
Time (sec)

Figure 4.3: Validation of Analytic formula and Numerical simulation for Bus 3 mode
shape.

turbance location. The affinity between the subspaces as seen at different location gives
an indication of similarity between the signals at that locations. Let S, be the subspace
extracted from the extended observability matrix I',., calculated at the previous chapters for

each PMU signal. The affinity between two subspaces S; and S; is calculated as,

Ay — \/v1003201 + ’1)2608292 4+ + vy,c0520,, (4.26)
where,i,j7 =1,2,3....n
O = acos(Uy(:, k) .Us(:, k), k=1,2,3...n (4.27)

Where, U; and U; represents the orthonormal bases of S; and S; respectively.v,, is the
normalised length of the eigenvector. Ideally, A;; = 1 if both the PMU signals ¢ and
Jj identifies same subspaces and A;; = 0 if the PMU signals ¢ and j identifies different
independent subspaces.

A similarity matrix A is formed from the similarity graph shown in Figure. and L is
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Figure 4.4: Similarity graph for a)without projection and b) with projection .

the laplacian matrix.

A - Ay

Ay - Aoy,
A= ’ (4.28)

B Anl Ann |
Z?:l W(1,4) 0

D= : : (4.29)

0 Z?zl W(nvl)
L=D-4A (4.30)

As mentioned in the seminal work on graph partitioning by the authors of (71)), one key
criterion that ensures the optimal partitioning of graphs is the normalized cut between the
graphs. Minimizing normalized cut (Ncut) ensures the similarity within a group is high and
similarity between two different groups is low. If a graph G = (V, E) is partitioned into two

disjoint sets X and Y, then the Normalized cut is expressed as,
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cut(X,Y) cut(X,Y)

Ncut(X,Y) = 4.31
cut(X,Y) assoc(X,V) = assoc(Y,V) (431)
where, (4.32)
cut(X,Y) Z A(a,b) (4.33)
aeX,beY
assoc(X,V) Z A(a,c) (4.34)
aeX,ceV
assoc(Y, V) Z A(b, ¢) (4.35)
beY,ceV
D (wimt,m;,=—1) —AijTiT;
Neut(X,Y) = i ) (4.36)
Zzizl(Zizl Zj:l A(i, )
N D (wim—1,a;=1) ~ ATt

in:—l (Z?:l Z?:l A(Za ]))

where, assoc(X, V') represents the total connections from nodes in group X to all the nodes
in the graph and assoc(Y,V).With the help of Rayleigh quotient (72) it is proven that
finding the optimal solution of the problem of min, N cut(x) is similar to finding the second
smallest eigenvector of the laplacian matrix L (71)) , where z is indicator vector and its value
1 means a node belongs to group X and —1 means a node belongs to group Y. However,
there are some practical challenges in performing this clustering for practical data set. The
indicator value is not always discrete in the second smallest eigenvector(Vss) and can often
take continuous values. It creates a problem of how to divide the values in the two groups
to form to clusters. In this paper, an dynamic optimization is run to find the splitting point
value C' that minimizes Ncut(x) value. The splitting values are chosen by taking m evenly
spaced values between the minimum and maximum values of V5. The splitting value which

gives minimum Ncut(z) is chosen and groups are created.
4.2.3  Oscillation Source Location Using Phase Relationship

In this section the phase relationship between the power and frequency of generator
signals are derived from energy functions. The phase relationship between the power and

energy gives indication about the direction of oscillation energy flow.The detailed energy
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function for generator models are not derive here. There is no generalised expression of
energy function for multi-machine system. Only the energy function expression exists for
single machine infinite bus models. Detailed derivation of the energy function can be found
from (83)). The second order equation of the generator are given by,

The classical second order model of the generator is given by,

1 dAw
dAd
—=A 4.
7 w (4.38)

where, A is the steady state deviation, P, is the mechanical torque, P. is the electrical
torque, H is the inertia constant and D is the damping torque coefficient. The energy

function of classical generator model is given by,

/%(—I&ZdUl) = (%TJZAOJZQ - sz(sz) + /DiAwith (4.39)

where, I; is the ith generator current injection , 7} is the per unit moment of inertia.

The transient energy function can be expressed in Hamiltonian realisation form as below
1
Hmi = QJT]ZAW’L2 + / APedA(gl (440)
Let z = [AdAw]|, VH = [AP.M Aw]. The Hamiltonian realisation of (4.39) is ,

&t =T(x)VH + G(z)u (4.41)

H=VH"; (4.42)
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0 + 0 0 0

T = [AP.MAuw] (4.43)
-1 -D -1
M 2 0 37 | | APm

H= Epyv + Erv; Epy = —DAOJ2; Eiv = AP, Aw (4.44)

Here Epjs is the machine dissipation energy damping and E7 is the injection energy of
prime mover . After solving the equation (4.45) we get the oscillation energy output(84])
expression as Ep = AP, Aw

The oscillation energy can be calculated as below ,

AP, = Apcos(wet + ¢p) (4.45)
Aw = A, cos(wit + @) (4.46)
/ Eodt — / AP Awdt (4.47)
1
= / §ApAw [cos(Pp — Pomega) — 052wt + Pp + Pomega)]dt (4.48)
= /;Apchos(@) — ¢)dt (4.49)

where, A, and A, are the amplitudes and ¢, and @omeqq are the phases of Ap and A,
respectively. From the constant part of equation [£.45]it is seen that the oscillating energy will
be positive inf |¢, —¢,,| < 90 and it is negative if |, —Po| > 90. The positive value indicates
that the energy flows from bus i to bus j and the negative value indicates energy flows from
bus j to bus i. By tracking the flow of the oscillation energy the source of oscillation can be

detected.
4.3  Simulation Results

The two area system is studied to show the application of proposed method (9). The
model is simulated in real time digital simulator (RTDS) and software PMUs are used in

the simulation. In this test system, PMUs are not available at all generator buses. Different
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Figure 4.5: Flowchart of the proposed oscillation source location method.

cases are studied on this test system to test the peroformance of the proposed method.
4.3.1 Case 1:Single Frequency Oscillation Source

In this case a sinusoidal signal of 0.62 Hz is added as an external disturbance to the
governor set point of generator 1. This is added to simulate the behaviour of a forced
oscillations. In this case there are no PMU available at the terminal of the generators. So,

the first step is to reconstruct power and speed signal of unobserved generator 1.Then affinity
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Figure 4.6: Modified two area four machine system with PMU.

based grouping is done to pre-select only a handful buses as a potential source. And then
finally the phase difference between the power and speed signals are compared to find the
direction of oscillation energy flow. Then by tracking the flow of oscillation energy source is

located
4.3.1.1  Power and Speed Signal Reconstruction

In this section first the speed and power signal are reconstructed using the method de-
scribed previously in the chapter. Fig. [4.7shows the comparison of the reconstructed signals
with the original signals.And the results show that the reconstructed signal follows the orig-
inal signal very closely. So, if PMU is not available at the generator terminal or close by

this method can be used to extract the modal information at the generator terminal.
4.3.1.2  Affinity based signal pre-selection

The affinity based grouping discussed in previous chapter have been used to find the
group of signals where the oscillatory mode of interest is more prominent. The similarity
graph is formed after calculating the affinity between each buses. After several iterations,
the clustering algorithm provides four buses as a potential location of oscillation source.

These buses are
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Figure 4.7: Power and speed signal reconstruction at generator 1.

4.3.1.3

Oscillation source location using the phasor relations
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In this section the phase information of the power and speed signals are extracted using

eigenvectors obtained from subspace identification. Table shows the angles for each bus

speed and branch power. Figure shows the direction of energy flow in the network. By

investigating the direction it is concluded correctly that the generator 1 is the source of

oscillation.

Table 4.1: Casel: Oscillation Source Location .

Potential ¢,  Branch ¢, |¢p — ¢o|  Energy
Location Direction
1 5.3 1-5 39.45 29.15 1->5
5 -30.2 5-6  -84.30 54.1 5->6
2 -154.8 2-6 -45.20 109.6 6->2
6 -111.3 6-7  -35.14  76.16 6->7
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Figure 4.8: Oscillation energy direction.

4.3.2

Case 2:Multiple Oscillation Source

In this case a sinusoidal signal of 0.6 Hz is added as an external disturbance to the governor

set point of generator 1 and another sinusoidal signal of 0.4 Hz is added to the governor set

point of generator 4. This is added to simulate the behaviour of a forced oscillations. In

this case there are no PMU available at the terminal of the generators. This is a case where

multiple sources are present with two different frequencies. The subspace affinity grouping

selects bus 1 ,5,2,6 as potential source locations for 0.6 Hz and bus 4,3,10,11 as potential

source locations for 0.4 Hz. Table .2 shows the angles for each bus speed and branch power

for 0.6 Hz and Table shows for 0.4 Hz oscillation. Figure shows the direction of

energy flow in the network. similar to case 1 by investigating the direction it is concluded

correctly that the generator 1 is the source of oscillation for 0.6 Hz oscillation frequency and

generator 4 is the oscillation source for 0.4 Hz oscillation frequency .

Table 4.2: Case2: Oscillation Source Location for 0.6 Hz .
Potential ¢,  Branch ¢, |¢p — ¢o|  Energy
Location Direction

1 15.14 1-5 41.12 25.98 1->5

5 -38.48 5-6 -90.05 51.57 5->6

2 -168.2 2-6 -61.45  106.75 6->2

6 -101.4 6-7 -40.12 61.28 6->7
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Table 4.3: Case2: Oscillation Source Location for 0.4 Hz .

Potential o Branch ¢, |¢p — ¢o|  Energy

Location Direction
4 15.41 4-10 39.45 29.15 4->10
3 -75.10 3-11 19.70 94.8 11->3
10 -85.75 10-9  -38.41 47.34 10->9
11 -125.41  11-10 -35.14 90.27 10->11

Area 1 Area 2
i 700 MW 4
1 719 MW,
Il 400 MW &
5 7 < - f 1
-
> ¢ 3 9 10
2 J - 4
/00 MW 976 MW v 700 MW
1767 MW

-> 0.6 Hz => 0.4 Hz

-

Figure 4.9: Oscillation energy direction.

4.4 Summary

In this chapter a method for locating the source of oscillation is proposed . The proposed
method can detect the source of oscillations even if there is no PMU measurements available
at the source generator buses. It gives accurate results for both single and multiple oscillation
sources. Instead of calculating the large expression of dissipating energy it calculates only
the phase difference between power and speed of each bus at the oscillation frequency.
The method is easier to implement in an online environment and is not sensitive to data
preprocessing. Location of oscillation source leads away the path to oscillation mitigation.
In the next chapter, a model measurement based method will be presented that helps to

capture the mismatch between model and measurement data.



CHAPTER 5: MEASUREMENT-MODEL BASED HYBRID APPROACH FOR MODEL
VALIDATION

In this chapter, a new perspective is presented which analyses and characterize power
system response based on developing the unmodeled dynamics of the system from event
based measurement data. The approach uses a Multiple Input Multiple Output (MIMO)
measurement based system identification that can be used to model the system dynamics
utilizing the real system measurements. The unmodeled response of the power system is
extracted using the model generated using measurements and the data from a linearized
model of the power system at the same operating condition. With this information, system
dynamics can be updated which can be further used for study and analysis of the grid
under varying operating conditions. The simulation results show that analyzing unmodeled
response helps to reliably detect the property of natural and forced oscillations. The results

of this chapter has been published in the form of papers (85),(86).
5.1 Introduction

Oscillations are inherent characteristics of dynamic systems. They are broadly classified
into electromagnetic and electromechanical oscillations. Electromagnetic oscillations have
high frequency and are generally well damped because of internal damping of the power
system. However, electromechanical oscillations have a lower frequency and requires addi-
tional controllers to damp. Based on the oscillation frequency electromechanical oscillations
are divide into local oscillations (0.7 Hz to 2 Hz) and inter-area oscillations (01 Hz to 0.8
Hz) (9). Growing and sustained oscillations pose a serious threat to the reliable operation
of the power system and limit the power transfer capacity of interconnected power systems
(35). Traditionally, oscillations have been studied as a part of stability studies for different
contingencies. Modes determined through modal analysis give the oscillations frequencies

and associated damping of each oscillations(9)). Modal analysis gives the modes using a lin-
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earized model of power system but the actual system is nonlinear in nature. So, the actual
response of a power system model can be significantly different from the linearized response.
Authors in (9)) present an analysis of the major power outage event occurred in western
North America on August 10, 1996 and they conclude that there was a significant difference
between the simulated model response and the actual system response. Although the simu-
lated response showed significant damping for the oscillatory modes in actual system, there
were negative damping which caused widespread outage. So, a model of the power system
cannot always reliably estimate the actual oscillation frequency and damping present in the
system.

Recently, real-time measurement devices such as phasor measurement unit (PMU) have
been installed throughout the power system and coverage area is increasing very fast (37).
PMU acquires data with a higher sample rate (120 or 240 samples per second offlate), and
this data is able to capture the fast changes happening in the power system. In the last
decades, several researchers have worked on these measurement data and several methods
have been proposed that can estimate the modes and mode shapes using these data (12)).
Increased availability of PMU data allowed to capture oscillations in the frequency range
of 0.1 HZ to 2 Hz which are not part of system natural response rather they are created
by periodic external sources (38]). These oscillations are termed as forced oscillations. The
sources of forced oscillations include but not limited to cyclic load, stable limit cycles, wind
plant controllers, malfunction of generator governor controller etc (39). The characteris-
tics of forced oscillations are different than natural electromechanical oscillations. To take
proper control action the type of oscillation needs to be identified. The authors of (5) have
shown analytically the characteristics of forced oscillations and natural oscillations but these
characteristics are difficult to extract if the oscillation sinusoids cannot be extracted from
the noise. In (40)) authors present a method that can simultaneously detect natural and
forced oscillations, but the proposed method needs to be studied extensively for scenarios
mentioned in the test case library (41). In (42) authors propose a method which analyses
oscillation envelope shape to detect forced oscillation.

In spite of the advancements made in the measurement based methods on forced oscillation
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detection, these methods lack an analytic approach based on the mathematical model of the
power system. Several researchers have proposed different methods which take the linearized
model of the system and forms an analytic expression for characterizing the system response
to forced oscillations (43). However, these analytic methods work well for linearized models
but for the actual power system, the performance of these methods decreases because of
the nonlinearity and unmodeled dynamics. Nonlinearity can have a significant effect on the
estimated modes from measurement data (44)). It is clear that system model update critical
to capture dynamic changes in the system. With the help of measurements that happens
after an event, these updates are possible and can be characterized as unmodel dynamics.
In this chapter, a new perspective is adopted to develop the unmodeled dynamics of the
system. In this approach first, a power system nonlinear model and a linearized model
at that same operating condition are developed simultaneously and same disturbances are
introduced in both the model. The response of both the models for different output signals is
compared every 1 minute. the difference between the actual nonlinear power system response
and the linearized model response accounts for the nonlinearity and unmodeled dynamics.
Stochastic combined deterministic stochastic subspace identification (RCDSSI)is applied to
these signals to estimate the modes and its damping.In recent years, a lot of research work
has been conducted to develop methods which can detect and distinguish between forced
and natural oscillations (87)).(88). Some limitations of these methods include determining
the start time of oscillation, and online estimation of detection threshold. In this chapter, a
subspace identification based method is proposed which recursively identifies power system
model and uses an offline dictionary to transform the identified model in a predefined state-
space basis. Transforming the state space basis helps to compare the identified model with
power system small-signal model. This comparison helps to detect the effect of nonlinearity
and unmodeled dynamics (refer to power system components that are not modeled properly
in power system model). Simulation results from two test systems and IEEE 39 bus test
system show the efficacy of the proposed method. The main advantage of the proposed
architecture is that with the technique updated power system model can be developed. Also,

the estimated modes from the RCDSSI algorithm gives clear indication of the presence of



115

oscillations in the system. The main contributions are that the architecture:

e Proposes a generalized recursive algorithm for subspace identification, which reduces

the computational burden by recursively performing Singular Value Decomposition

(SVD) and LQ factorization.

e Identifies the model where the states represent the physical states of the power sys-
tem. Identified model helps to understand the effect of nonlinearity and unmodeled

dynamics.

e Identifies model in a state-space that helps to predict the dynamic response of the

system, which is useful to predict the stability characteristics of the system.

The rest of the chapter is organized as follows. Section [5.2| provides a brief discussion on
the methodology proposed to analyze unmodeled dynamics of system response and how this
unmodeled response can be used to characterize system oscillations. Section shows an
illustrative example. The simulation results for different scenarios are discussed in section
and one application is illustrated in Section IV. The paper is concluded and the ongoing

future work on this topic is discussed in section [5.7
5.2 Proposed methodology

The proposed methodology is divided into three subsections. The first subsection discusses
on how to extract unmodeled response and the characteristics of unmodeled response. The
second section gives a brief description of the RCDSSI algorithm used for estimating system
modes from measurement data. And the third section discusses the flow chart of the overall
method.

5.2.1  Theory of Unmodeled Response

Fig. shows the overall architecture of power system. Power system consists of many
dynamic components and is in a constant state of motion due to changes in system dynamics.
These dynamic changes can be due to load changes, control actions and known/unknown
network topology changes. Also, internal or external disturbances in the system can cause

changes in system dynamics. Mathematical models of power system have been used to
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Figure 5.1: Overall architecture of power system response (5)).

study the behaviors of the power system and these models give an accurate representation
of the actual system if there are no unmodeled dynamics that exist in the system. However,
most often in the actual system, there are some unmodeled dynamics because of nonlinear
behaviors of loads, controllers etc. Unmodeled dynamics can be triggered due to events
that occur internal or external to the system and can cause the actual system response to
deviate a lot from the linearized response. Generally power system dynamic behaviors are

mathematically modeled as (9)

x = f(x, u) (5.1)

y= g(x, u)

where x is the state vector and it’s components z; is state variable, f is the nonlinear function

vector relating to the states and inputs to the rate of change of states, y is output vector and
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g is the nonlinear function relating state variables and inputs to the outputs. The solution
of gives the state variables and output variables of the system.

To better understand and characterize the behaviour of power system, power system

models are linearized around a known operating point. The fully deterministic linearized

forms of equations can be represented as

x = Ax + Bu (5.2)

y = Cx + Du

where A is the state matrix of size n X n, B is the input matrix of size n x r, C is the
input matrix of size m x n and D is the feedforward matrix of size n x r. Performing
Laplace transform of , the frequency domain representation is obtained as shown in
. Rearranging and after solving for output variables the expression for output is

represented as (5.4) and the details can be found in (9).

sx(s) = Ax(s) + Bu(s) (5.3)

y(s) = Cx(s) + Du(s)

y(s) = C[sI — A]7}[x(0) + Bu(s)] + Du(s) (5.4)

After assuming that output y is not directly dependant on input u and transforming state

variables, (5.4 can be rewritten as ([5.5)

y(s) = [C®[sI — A] ' ¥BJu(s) = G(s)u(s) (5.5)

where ® = [®1®3...®,] is the right eigenvector and ¥ = [PTWT.. W] is the left
eigenvector. Eq. (5.5) is the general form of solution of output variables for linearized

systems. Now depending upon the input u(s), the output response y(s) can be varied.
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Inputs can be step changes or it can also be some periodic signals. Step changes in the
input triggers the natural response of the system and periodic disturbances creates forced
response. If the input is a step change then the the output variables of the system in time
domain can be represented as in and is termed as linear response.

YLinear(t) = Z (j':I)i‘I’iBe)\it (56)
i=1

The input can also be a periodic signal and can be of the form u(t) = ke/*? to represent

an external disturbance. Then the output response is termed as actual response and is given

by (5.7)

k

Jw =X

Yactual(t) = Y C®;¥;B (&Mt —eMt) (5.7)

i=1

The difference between actual and linear response is termed as unmodeled response and

for a linear system an analytic expression can be written in the form

YUnmodeled (t) = YActual(t) — YLinear (t) (58)
n
YUnmodeled(t) = ; C(I)i‘Ili]3 )\i —jw (eAit - ejwt)_
n
> Co¥;BeM
i=1
Eq. (5.8)) can be rearranged as
" k
Y Unmodeled (t) = | (Cq’i‘I’iBm — C®;¥;B)e™* (5.9)
i=1 !
- k
- (C®¥B——)e™*
i=1 Ai — Jw

Eq. (5.9) shows that the contribution of natural response is less in unmodeled response
compared to forced response in (5.7). In (5.9) a term is subtracted from the phase and



119

magnitude contribution of natural frequencies which means these frequencies have less con-
tribution in the unmodeled response. Due to these characteristics, unmodeled response
can be used to study the characteristics of external periodic forced oscillations as forced
oscillations are more prominent in the unmodeled response.

There is no analytic expression for extracting unmodeled response from actual power
system measurement data. System linear response is subtracted from measurement data to

obtain the unmodeled response as given in ({5.10))

YUnmodeled <t> = Ymeasurement (t) — YLinear (t) (5-10)
( N
Power System Model
\ J
\ 4
4 \
Small Signal Study
\ J
\ 4
4 Y \ 4 Y N\ ( 4
Operating | | Operating | | Operating Operating
Condition Condition Condition |®@ @ @] Condition
1 2 3 i
N/ \ J \ J
“ \ 4
\ 4 \ 4 N\
Model Model Model Model
Reduction Reduction Reduction Reduction)
\ J J S
Tl |®@fhT.] [®® [T |® e | L I I
y A 4 y y A A

Offline Dictionary
2 2 4 4 6 6
[ (T2 D)y (Tyis, D), (T i) (T, i) |
n = Maximum Model

[(T2 %), (Tt s Do) (T2 DT, D) | Order

i = Number of operating
................................................................................... Conditions

Figure 5.2: Flow Chart for the construction of model dictionary.
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5.3  Methodology

Consider a power system response represented as a discrete time linear time invariant

system

Xk4+1 = Axy + Buy + wyi (5.11)

vk = Cxx + Duy + vy

where u,eR™ and y,eR' are the observations at the time constant k of respectively m inputs
and [ outputs, wy and vy represents the process noise and measurement noise respectively, A
is state transition matrix, B is input matrix and C is output matrix. The output response
yr as observed in PMU measurements contains the effect of system dynamics as defined
by A, input signals ug, and also both process and measurement noises. The main goal
of the subspace based methods to extract information only pertaining to A matrix which

represents the system characteristics. The process is as follows.
5.3.1  Measurement Based Subspace Identification Models For Power Systems

From the PMU measurement data first input and output block Hankel matrices can be

formed as below

vy Yj
Y2 o Y+
Y, Yi - Yjti—-1 .
H, [Yp} = —— —(R*XJ (5.12)
! Yi4+1 - Yi+j
Yitz - Yititj+1

Y2i Y2itj—1
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ul e uj
U | Uit Ujdi-1 o
H, = [UP] — — R (5.13)
/ Uiyl - Uiy j
Uiy o U+ i+ g+ 1
O U2i+j—1

where ¢ is the number of block rows which is an user-defined index and must be larger than
the order 2n of the system to capture all the system modes, and j =1 —2i + 1 and [ is
data window length. The input and output block Hankel matrices are divided into past
and future input-output matrices V), Yy, U, and U;. When only output measurements
are available with noise, then the system defined by turns into a stochastic system
as input u;=0. The main goal of stochastic subspace identification (SSI) is to extract the
extended observability matrix A; from the orthogonal projection of Y; on Y},. The orthogonal

projection can be computed using L) decomposition,

Y, Liu 0
Hy=| " |= (5.14)
Rz Yy Lo Lo
Yi /Yy = LaQiy; La1Qfy = A X; (5.15)

where L;; represents the lower triangular matrix of L() decomposition and ();; represents
the orthogonal matrix. Eqn. shows that the extended observability matrix (A;) can
be calculated from the column space of Laj.

The above can be represented as a combined deterministic-stochastic system identification

(CDSSI) using both input and output information to isolate only the system characteristics
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related to A matrix in (5.11). This can be written (89) as

Y, = AiX, + HiU, + Yy (5.16)
Y= NXy+ HUp + Y}

Xf = AiXp + AiUp

where A; is the reverse extended controllability matrix, Hld is the low block triangular
Toeplitz matrix (61]) and Yps,st represents the stochastic part of the measured signals.

It is worth noting that only extracting A; from the above set of equations is enough to ex-
tract the modal properties of the system. A; can be extracted by applying LQ decomposition

on the subspace expanded by the row space of input/output block Hankel matrices.

U Ly 0 0 T

glng' =| W, |=|La Ln 0 T (5.17)
Yy L3 L3z L3z Q%

Yy / Up)Wp) = Ain‘/Ujlv = L32Q3, (5.18)

where W), is the combined subspace of both past input and output block Hankel matrices
U, and Y,,. Eqn. calculates the oblique projection of the future outputs on the past
input /output along with the future inputs. Column space of L33 is equal to the column space
of extended observability matrix A;. So only extracting L3 from the LQ decomposition of
the whole subspace is enough to get the system characteristics.

The projected matrix O is expressed as,

Loy, if only output measurements are used
O = (5.19)

L3s,if both input and output are used
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Figure 5.3: Flow Chart for the proposed model validation framework.

5.3.2  Determining Weighting Factors for Identified Models

In subspace identification, the state-space matrices are only recovered up to within a sim-
ilarity transformation. This means although the response of the identified system matches
with the response of the actual system, the states of the identified system does not neces-
sarily match with the dynamical system, which is being identified. The state-space basis
can be predefined by introducing weighting factors W7 and Ws, and that by a proper choice
of these weights, the basis can be altered in a user-controlled manner (61)). Determining
the values of the weighting factors are similar to finding the frequency weight balances used
in balanced truncation for model reductions (90). The frequency weight balancing is used
for model reduction to ensure the frequency of interest is captured in the reduced model.
The key idea is to find the frequency weighted controllability Grammian W), (z) and observ-

ability Grammian Wy(z). Then find the similarity transformation which makes the both
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Figure 5.4: Practical Implementation framework of the proposed method.

Grammians diagonal and equal to each other (|5.20).

Wa(2) = AW WI(AD" + Az(A5)T (5.20)
W, (2) = Af[Wny]Ai (5.21)

N
Wau(z) = Wy(2) =Y o (5.22)

=1

where Agl is the deterministic part of extended controllability matrix and A} is the stochastic
part of extended controllability matrix, o; is the frequency weighted Hankel Singular Values.

For an asymptotically stable system and when the data length of the system is infinite, the
weighting factors Wi and Ws can be expressed as in eqns. (5.23)). Details of the derivation

can be found in (61)).
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Wy =W, (5.23)

Wy = U (RE") ™ Wu(Ly") ™ Up + 7y (5.24)
D, 0 |

W, = : C0 (5.25)
C,AI2B, D, |
D, 0 |

Wy = : : 0 (5.26)
C,Ai=2B, D, |

Wa(z) = Wy(z) = S (5.27)

where Lj* is the Markov parameters of the spectral characteristics of input, U, is past
Block Hankel matrix formed from measurement data, .S7 is the singular values of extended
observability matrix. The above equations implies that the frequency weighted observability
and controllability matrices used in model reduction is equal to singular values of identified

extended observability matrix (61).
5.3.3  Calculation of System Matrices

The system matrices A, B,C, D can be extracted with the help of weighted projection
matrix O. Singular value decomposition (SVD) is performed on the weighted projected

matrix to obtain U; and S;. Both Wy and W5 are considered to be identity matrices.

W10OWy = USVT (5.28)
Uy =U(1:n);S1 =5S(1:n),n modelorder (5.29)

L =Ui/S1,Tim1 =T (5.30)
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Solve the set of linear equations for calculating A and C,

F;'rfl-Z'H& A T
ST ()T Z+ KU+ P 5.31
Y, (g)TiZi+ KUy + (5.31)
BIT! | .HY, — AT!.HY
K= B TH; D (5.32)
D|o— .0}

where Z; = Yy /[WpUy| \Ziy1 = [Y; W, U] and P is the residual.And then B and D is
calculated by solving the least square problem described in (6.10). The details of how to

solve the least square problem can be found in (61)).

rf 1-Zit1 Al
T (O rizi 4 K P 5.33
Y, (C) i Zi + KUy + (5.33)
Bl . HE  — AT! HY
K=( e ) (5.34)
Do —CT!

The matrices extracted are used to formulate the identified model of the system.
5.3.4  Balanced Truncation Based Reduced Order Model of Power System

Similarity transformation is first represented by Lyapunov equations as

AP +PAT 1 BBT =0 (5.35)

ATQ+QA+CcTc=0

From this balancing equations can be constructed as
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%=Tx (5.36)

eAB = TeAMTITB = TeA'B (5.37)

P = TPT (5.38)

CeAl = CTITeA'T ! = CeAlT ! (5.39)
Q=1qQr? (5.40)

where P is the transformed controllability matrix and Q is the transformed observability
matrix. Computing the balancing transformation Tp and ensuring that the states of the
system are preserved, this problem will be equivalent to minimizing the following linear

optimization problem.

i T)= min ¢ TPT + T VQT! 5.41
o J(T) = uin trace(TPT +T72QT™) (541)

N
subject to, f(Tg) = 2 Zai
i=1

AP +PAT +BBT =0

ATQ+QA+CTCc=0

pry
Il
o]l
I
we]l
Il
91
@z

A, = Aj1eR™", B, = B1eR™*?

Cr = C1 = [, eR”"| D, = 0eRI*P
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5.3.5  Offline construction of Model Dictionary

At a given time, the power system model is expressed as a combination of differential and

algebraic equations.

T = f(x,u) (5.42)

Y= g(fc,u)

where z is the state vector, u is the input vector and y is the output vector to the system.
The differential equations represent different power system components and the algebraic
equations represent the network topology. For stability analysis these nonlinear equations
are linearized at an operating condition and the small signal model of the system is formed

as

Az = AAx + BAu (5.43)

Ay =CAzx + DAu

where Az is the state vector, Ay is the output vector, Awu is the input vector. A is the
state matrix, B is the input matrix, C is the output matrix, and D is the feed-forward
matrix. The frequency and damping ratio of the oscillatory model are calculated from the

eigenvalues (9). The A matrix can then be converted to Canonical Jordan form using

D =T, ATy (5.44)

where T is the right eigenvector of A. The size of T varies depending on the size of A.
This transformation matrix T is stored in the dictionary. Overall flowchart to construct the
model dictionary is represented in Fig. [5.2] Small signal stability analysis is performed on

the power system model of the power grid for different operating conditions. Also, reduced
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order models are derived for each operating conditions. The similarity transformation matrix

is calculated for each scenarios and are stored in an offline dictionary.
5.3.6  Approach for Studying the Unmodeled Response

In this section, how different responses are calculated and how these responses can be used
to update the power system model continuously to perform what if scenarios to predict the
response of actual nonlinear system is discussed. Moreover, how analysis of these responses
can help to identify different oscillations are also discussed. Fig. illustrates the steps of
calculating different responses. First, the operating condition of the system is determined.
Then the actual response of the power system is captured from measurement data and the
linear response of the system is obtained from the linearized model. The difference between
these two response is calculated to capture the unmodeled response. Then all three responses
are passed to three RCDSSI algorithm block which applies the algorithm mentioned in
section [5.3.3] on three separate response, identifies the mathematical models and estimates
the modes for three responses. The combination of linear model and unmodeled response
model gives the actual behavior of the power system obtained from measurement data.
Then the combination of these two mathematical model can be used to study the actual
behavior of the system for different what if scenarios. Ideally, only linear model of the
system can not predict the response of power system. So, having an additional model for
the unmodeled dynamics which captures nonlinearities, external disturbances, components
which are not modelled in detail etc, helps to accurately predict the power system response.
Moreover, these models helps to characterize power system oscillations as well. Combination
of unmodeled response and knowledge about system modes at that operating condition helps
to identify forced oscillation even if it has the same frequency as natural oscillation frequency.
Forced oscillation frequencies are prominent in unmodeled response and the characteristics
are easily identified from unmodeled response. After the forced oscillation frequencies are
determined it is compared with the natural oscillation frequencies and decision are taken on

the type of oscillation.
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5.4  An Illustrative Example

In this section, a three machine 9 bus system (Fig. [5.5) is used to show a numerical
example of the proposed method. For simplicity only classical models are considered here.

The equation of motion of synchronous machine 7 is

2H,; d%5;
w dt?

= Ppi — P.; (5.45)

where H; is the inertia constant of ith machine, §; is the machine angle of ¢¢th machine, P,,;

is the constant mechanical power and P,; is the electrical power of the ith machine.
5.4.0.1 Dictionary Construction

The linearized model equations of the three machine system are given by

2H,; d*6a; ~
22t D Paigdaig =0 (5.46)
i,j=1,ji

w

After rearranging the equations (5.46)) and then subtracting 3rd machine equation from the

first two equations we get

d*6a13 w w w
—P, —P, —P, 1) 5.47
72 +(2H1 512+2H1 s13+2H3 531) OA13 (5.47)
ail
w w
Y Py — 2 Po) Gans = 0
+(2H3 82~ 3 512)1 A23
ai2
d25A23 w w
— - —P 1) 4
72 (2H3 17 o s21) OA13 (5.48)

a21

w w w
P+ - Pyt —2 Pu) ass = 0
+(2H2 521+2H2 823+2H3 $32) 0A23

a22




The state space representation of the system is expressed as

s | [ o 0 1 0] 6y |

o3 0 0 01 893

w13 - —ay;; —aiz 0 0 w13

w3 | | —a21 —az2 1 0 | | wo3 |
A
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(5.49)

After plugging in the values of all the machine and network parameters (€) the calculated

A matrix is

0
0
—104.096

—33.841

0 10
0 01

—-59.524 0 O

~153.460 0 0 |

(5.50)

The right eigenvector of the A matrix gives similarity transformation Tjs4 which converts

A to a Canonical Jordan form D. The similarity matrix Ths4 is stored in the dictionary.

Ty4d =

_134164f 0 1 0
0 134164 0 1
0 0 880675 O
0 0 0 8.8067) |
[ 004595 0 1 0o |
0.0585] 1341647 0 1
0.6154 0 —0.9075 —0.9075b
| 07847 0.7847 04046 0.4046 |

(5.51)

(5.52)
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Model identification
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The response of the system is captured through nonlinear simulation (Fig. |5.14)) following

a load change at bus 8 of the 3 machine 9 bus system. The identified 4th order system matrix

is given by,

0.0035 —4.8922 7.2137 —1.5919
4.8879  0.0017 —1.5599 —11.4508
Aldentified = (553)
—7.2159 1.5639  0.0010 —6.7216
| 1.5804  11.4517  6.7350  —0.0046 |
The identified model is expressed in Jordan canonical form as,
13.41455 0 1 0
0 —13.41155 0 1
Tldentified = (554)
0 0 8.79635 0
i 0 0 0 8.7963; |
5.4.0.3  Identified Model Transformation

The T7gentifiea model is then converted to system small signal model with the help of

similarity transformation matrix Tjs4 stored in the dictionary. The transformed matrix

ATrans formed is comparable with the system small signal model state matrix A as the norm

of ’ATransformed - A‘ is 0.0103.
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(5.55)
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Figure 5.5: Three machine nine bus study system ().

5.5

Simulation Results and Discussion

Fig. shows the test system used for studying the proposed approach of analyzing

unmodeled dynamics and how it can be used to characterize power system oscillations. The

test system used is a classical two area four machine system which has been used widely in

literature for studying oscillations. For the studies performed in this paper, all the generators

are modeled in detail along with exciters, governors and power system stabilizers (PSS). The

Power System Toolbox package (91)) is used to perform linear simulations and Real-Time

Digital Simulator (RTDS) is used for nonlinear simulations.
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Figure 5.7: Two-area four-machine study system.

5.5.1  Case 1:Analysis of unmodeled response on a linear system

The goal of this study is to simulate a forced oscillation at a different frequency than
natural oscillations and study how extracting the unmodeled dynamics helps to characterize

forced oscillations. For, this case a linearized model of two areas system is used. System
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response to a step change is termed as linear response and to a periodic external distur-
bance is termed as actual response as it simulates system response with forced oscillation.
Forced oscillation is simulated as a square wave of 1Hz frequency and 0.05pu magnitude,

and is applied to exciter voltage reference of generator 1 to represent a limit cycle on the
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exciter voltage limit. Modal analysis of the linear system gives the electromechanical modes
that are mainly excited by applying disturbance to machine 1 exciter. These modes have
frequencies of 1.36 Hz, 0.6125 Hz, 2.48 Hz, 1.31 Hz and damping ratio of 35.33%, 13.5%),
30.7% and 36.5% respectively. Machine speeds are recorded as output and machine field
excitation voltages are taken as input to the RCDSSI algorithm for estimating the oscilla-
tion frequency and corresponding damping ratios. Fig. shows the comparison of linear
response of the systems with the actual response and it also shows the difference between
these two response which is termed as unmodeled response. Fig. illustrates that linear
response dampens very quickly as all the excited modes have good damping ratios but actual
response shows sustained oscillation throughout the simulation as it is excited by an external
source. Fig. [5.8p, and gives the unmodeled response of speed, linear and actual
response of voltage excitation and unmodeled response of voltage excitation respectively.
Forced oscillation response is also visible in the extracted unmodeled response. Similarly,
unmodeled dynamics are extracted for all machine speeds and excitation voltages. Then
excited oscillation frequencies and damping ratios are estimated using RCDSSI for three
types of response signals linear, actual and unmodeled. Normalized value of residue for the
excited modes is also calculated to find out the relative contribution of each mode in the
output signals. Table summarizes the results for different, responses. As expected linear
response properly estimates the excited modes. Actual response captures the natural modes
as well as the forced oscillation frequencies. As the simulated forced oscillation is a square
wave of 1 Hz frequency it consists of odd harmonics sinusoids. Presence of odd harmonics
in the system response is an indication of the presence of forced oscillation (5)). The forced
oscillation frequency of 1 Hz and it’s odd harmonics at 3 Hz and 5 Hz are identified. The
unmodeled response also captures the forced oscillation and natural oscillation frequencies.
It is noticeable from Table that in unmodeled response the normalized residue of natu-
ral oscillation frequencies are very low compared to the forced oscillation frequencies which
mean unmodeled response is dominated by the forced oscillations. Hence, analyzing the
unmodeled response along with the natural response can help to get more insight into the

oscillation type. Also, the identification of forced oscillation from unmodeled response helps
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Figure 5.9: Power spectral density (PSD) comparison for different responses of linear
system machine 1 speed.

to update the linear model of the system and give an external periodic signal of 1 Hz square
wave to the linear model. In that case the linear model response matches exactly with
the actual response. Thus, the model of the system can be constantly updated to match
with the actual system response. The results of the RCDSSI algorithm is verified using
a nonparametric method called Welch’s Periodogram with a sampling frequency of 20 Hz,
windows size of 1024 samples and an overlap of 128 samples. Fig. [5.9] illustrates power
spectral density (PSD) for different responses. For actual and unmodeled response there are
multiple peaks at the odd harmonics of 1 Hz and it matches with the results of RCDSSI

algorithm.
5.5.2  Case 2: Analysis of unmodeled response on a non linear system with resonance

This case studies the effect of unmodeled response on an nonlinear system. In this case,
the test system is solved by numerical integration to mimic the behaviour of a nonlinear
power system. A forced oscillation is applied with a frequency of 0.62 Hz which is close to the
inter-area oscillation frequency to simulate a resonance scenario. As the system is nonlinear,
the effect of nonlinearity is also observed in this case. Fig. shows that applying a forced
oscillation at the reference voltage of voltage regulator of machine 1 with a magnitude of
0.05pu, causes the exciter voltage to hit its limit of 5pu. Because of this nonlinearity effect
the estimated modes from the nonlinear system varies to some extent from the linear system

modes. Fig. (.11] shows the different captured response for the machine speeds. Fig. [5.11p
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Table 5.1: Estimation of modes for different responses of linear system.

Responses  Frequency (Hz) Damping ratio (%) Normalized residue

Linear 0.6125 13.4300 0.6900
1.3100 29.7000 1.0000

1.3600 34.2700 0.3361

2.4800 35.4500 0.6630

Actual 0.6125 13.5100 0.2900
1.3100 36.4600 0.0080

1.3600 35.2800 0.1900

2.4800 36.2500 0.0080

1.0000 0.0000 1.0000

3.0000 0.0000 0.6900

5.0000 0.0000 1.0000

Unmodeled 0.6125 13.5100 0.0190
1.3100 36.4600 0.0080

1.3600 35.2800 0.0800

2.4800 36.2500 0.0080

1.0000 0.0000 1.0000

3.0000 0.0000 0.5700

5.0000 0.0000 1.0000

illustrates the unmodeled dynamics as seen in the machine speeds, Fig. presents
the total actual response of the machine speeds which contains the effect of nonlinearities
and forced oscillations. Finally, Fig. shows the linear response of the system at the
given operating point. RCDSSI algorithm is applied on the captured input-output signal as
mentioned in Fig. [5.3] The results of the RCDSSI algorithm is summarized in Table
For the natural response, the estimated modes deviates a little from the modes estimate
by the linear model for that operating condition and this happens because of nonlinearity
effect. Actual response of the system shows zero damping for the inter-area oscillation
frequency of 0.6134 Hz and for its odd harmonics. Other natural modes are also present in
this response. Unmodeled response shows the similar results as the forced response case.
However, it is noticed that in the unmodeled response the contribution of forced oscillation

modes are significantly higher than natural oscillation modes. This conclusion is deduced by
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comparing the normalized residue values between the forced and natural response in Table
.2l So, analyzing the unmodeled response for characterizing forced oscillations provides
more reliable information. The linear response shows a well damped oscillation frequency
of 0.6134 Hz. Unmodeled response shows sustained oscillation at 0.6199 Hz and represent
the characteristics of forced oscillations (peaks at odd harmonics Fig. . Combining
these information from linear and unmodeled response, decisions can be taken on classifying
system oscillations into natural or forced. Additionally, the identified transfer function
models of linear and unmodeled response can be used to dynamically track the changes in

the actual system, which is shown in next case study.
5.5.2.1  Case 3: Validation of Identified Model

In this section, a simulation case is performed to show that the identified model based on
measured data can accurately capture the dynamic response of the actual system. For this
purpose, first, the nonlinear power system model is simulated, and a series of disturbances
is applied in the form of load changes which is visible in fig. The power system model
has detailed generator models, exciters, power system stabilizers, and turbine governors.
The machine bus frequencies are input, and the angle of tie-line bus 101 is output to the
identification algorithm.

For larger power systems, the original model order can be significantly higher, and the
identified model order depends on the number of modes which are excited following a dis-

turbance. For a more extensive system, a reduced-order model is created from the system



140

4><10‘3
(a)
BN w ikt
g 'J:'f | ,ilt'r;, |' IHLh 'H IE'r
a2l " )
) \—W1— “W2eenee W3 = -W4\
1.004 0
— 1002 !
= T i “W [ Ry
R ”{ Fbtb ikl l‘t' ,Jr' L H[H!f !F Ll Il
2 0.998] J
\—Wl— W2 — -W3—--W4\
0.996 ‘ ‘ ‘ ‘
1.0005 ‘ ‘
—Wlm -W2ee W3— -W4| (©)
50.9995 ]
g,
@ 0.999 0.9995 |
0.999
0.9985 ‘ ‘ ‘ ‘
10 20 30 40 50 60
Time (sec)

Figure 5.11: Different response of nonlinear system, a) unmodeled, b) actual and c)
linear

model using the method described in section A comparison is made between the
identified model and the reduced-order model to compare the accuracy of the identified
model. Due to page limitation, the detailed matrices are not presented here, but the norm
of |AReducedModel — AldTransformedModel] = 0.015 shows the difference between the identi-
fied model and the reduced model. The norm is very negligible and which proves that the

identified model does captures the system behavior if the modes are appropriately excited.
5.6  Applications of Proposed Architecture

One of the main advantage of developing a model of the system including unmodeled

dynamics is that we can use this updated model for studying 'what if’ scenarios in the
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Table 5.2: Estimation of modes for different responses of nonlinear system.

Responses  Frequency (Hz) Damping ratio (%) Normalized residue

Linear 0.6197 13.1900 0.5300
1.2500 25.4600 1.0000
1.3914 36.7000 0.3600
2.4700 23.4600 0.6957
Actual 0.6134 0.0000 0.0944
1.3338 30.6400 0.0200
1.3720 21.9200 0.0040
2.4803 36.2500 0.0154
1.8600 0.0000 1.0000
3.1000 0.0000 0.1589
4.3400 0.0000 1.0000
Unmodeled 0.6199 0.0000 1.0000
1.3100 24.0200 0.0010
1.3500 24.2900 0.0030
2.4803 17.2600 0.0015
1.8600 0.0000 1.0000
3.1000 0.0000 0.1571
4.3400 0.0000 0.1571
- [inear response

= =Unmodeled response| |
----- Actual response

I o L UL TS LT Py RPN

i

6 8 10

Frequency (Hz)

Figure 5.12: Power spectral density (PSD) comparison for different responses of non-
linear system machine 1 speed.

power grid. We are going to illustrate one possible application of developing a system

architecture with unmodeled dynamics.
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5.6.1  Case 1: Study of Identified Unmodeled Response for Studying Different Scenarios

Previous sections shows that the combination of identified system models based on un-
modeled response and linearized system model response can capture the actual behaviour
of a nonlinear system. Now, these two identified models are used to study the behaviours
of actual nonlinear system for different scenarios of interest. Ideally, it is very difficult to
predict the true behaviour of a complex nonlinear power system and models can only match
the actual system response to limited capacity. The proposed method enables to account for
the mismatch between the model response and power system measurement data (which rep-
resent the actual system response) and can help to study how system unmodeled dynamics

effect the overall behaviour of the system. This case uses the identified models for natural
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Figure 5.14: a) Input signals and b) output signals used for identification.
and unmodeled responses from section [5.3] . The identified models are perturbed with a
periodic disturbance in the the voltage regulator reference of machine 1 with a frequency of
0.6125H z and magnitude of 0.1pu. The goal of the study is to predict the actual response
of the power system using the identified linear and unmodeled response. First the identified
models are given the disturbance and the linear and unmodeled response are shown in Fig.
and respectively. Then the same disturbance is given to the nonlinear model of
the power system which mimics the behaviour of an actual power system. The comparison
of the actual power system response and the combined response of linear plus unmodeled re-
sponse is shown in Fig. [5.13c. The predicted response from the identified models are almost
same with the actual system response with an mean absolute percentage error (MAPE) of
0.1%. So, the proposed method can help to capture the unmodeled dynamics of the model
and the can create identified mathematical models which helps to predict the nonlinear

system behaviour.
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5.6.2  Case 2: Use of Proposed Method for Predicting System Stability

The ability of the proposed architecture to capture the effect of unmodeled dynamics
is presented in this case. This characteristics of the proposed architecture can also help
updating the power system model. Malfunctions in generator control system can lead to
lightly damped oscillations (92). To simulate such a scenario in time domain, the PSS gain is
reduced from 100 to 50. This reduces the damping ratio of inter-area oscillation mode from
13.5% to 4.67%. The data from the simulation is used as synthetic PMU data. It can be
noted that the system model used in the control center cannot incorporate such changes and
predict the damping of the the oscillatory mode. Fig. [5.15h shows the change in governor
reference set point which acts like disturbances and excites the inter-are oscillation mode.
Fig. [5.I5b shows the frequency of generator at busl and Fig. [5.I5c shows the tie line
power between bus 7 and 8 for three cases. Initially validation data is used to identify the
model. Close observation shows that the identified model forecasts the system behaviors
more closely than the system model. Thus, it can be concluded that such measurement
based identified model can help in identifying the shortcomings of power system models
which are usually validated not very frequently. The proposed architecture can capture the

presence of unmodeled and nonlinear dynamics in system response.
5.6.3  Case 3: Application of Proposed Method for a Larger System

IEEE 39-Bus system is a reduced equivalent of the New England test system (NETS).
Fig. shows the one line diagram of the test system (7).This system has 10 generators
and 39 buses. Generator 1 located at bus is an aggregated generator and hence has high
inertia and output power. Exciter model used for voltage regulation is of 'IEEE type 1’
and governor model is of type "TGOV’.The generator data and governor data is modified
slightly for EMT simulation studies compared to (7). Forced oscillations are introduced
using periodic disturbances at the governor mechanical torque output of the generators.
Fig. [A-4] shows the disturbance locations for different cases.

Similar to the response shown for the two area system, this section simulates a case

for showing the combined response of a medium scale system. Random load changes are
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Figure 5.15: a) Input disturbance at the governor reference point , b) frequency at
generator bus 1 ¢) tie-line power between line 7 and 8.

simulated by adding Gaussian white noise with a magnitude of 5% of the connected loads. A
load increas is applied at bus 39 to simulate transient response. And an external disturbance
of 0.4 Hz is applied to the generator 8 governor response to simulate forced response. Fig.
illustrates the combined response of the system for a 4 minute window.Fig. The result
shows that the identified model can be used to predict the response of the system and it
gives an accurate estimation of actual system response.Fig. [5.17b shows the time frequency
analysis of the response The ambient response shows that a electromechanical frequency of
1.28 HZ is excited and this conforms with the small signal stability analysis of the system.
Small signal stability analysis shows that generator 10 speed is the dominant state for the
oscillation mode with 1.28 Hz frequency. The frequency of 1.28 Hz is more visible in the
time between 70 second to 100 second when the transient response of the system is excited.
Response of the system between time 140 second to 200 second shows the forced oscillation

frequency of 0.4 Hz.



146

23
29 38 3B, 22 5
<« @ @ Q
1 -+
24 [2 1 | C
28 16 33

L
20

— |—>17 |—>14

[ 13, 10] 32

5 el
| [ -

||

v
®®
@

G2

S
v
N
v
o~
w
~
e

A 4

@O¢%

Figure 5.16: IEEE 39 bus test system ([7]).

5.7  Summary

This chapter illustrates an approach for identifying the unmodeled response of power
system for characterizing system oscillations. The proposed method use a nonlinear power
system model and the linearized model of the same power system to extract the unmodeled
response of the system. This characteristics is then used to estimate the modes of oscillation
from the unmodeled response. The method can not only find the reduced order model of
the power grid based on system oscillation mode, but can also identify the order of the
system and the physical states that is being excited. This helps one to understand and
evaluate system nonlinearity and unmodeled dynamics. The methodology is evaluated with
a numerical example and a test power grid model.It is observed that the approach can be
used to differentiate between natural and forced oscillation if they have the same frequency.
Also, the approach can be used to study scenarios of interest in the power grid. Future

studies will be to test the architecture on real life data sets. The methodology proposed in
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this chapter helps operator to take better corrective actions. But, with changing system
conditions it is difficult for system operators to take corrective actions fast enough. For
this an adaptive wide area damping controller is proposed in next chapter that can mitigate

oscillations by controlling multiple damping resources.



CHAPTER 6: IDENTIFICATION BASED OSCILLATION MITIGATION APPROACH

In this chapter, a multi-channel system identification (SI) based adaptive wide-area damp-
ing controller (WADC) is proposed for a distributed energy resources (DER) integrated
power grid. The proposed design identifies the multiple-input multiple-output (MIMO)
reduced order transfer function model of the system using recursive least square (RLS) al-
gorithm and utilizes adaptive control framework to adjust the power output of DER based
upon the identified model to improve the transient stability of the system. The concept
is to utilize the proposed controller to augment converter based local control of DER to
damp the system oscillations faster. The benefit of the proposed control methodology has
been validated by conducting simulation studies on a modified two area system to damp
the inter-area oscillations. The results demonstrate that through coordinated control of dif-
ferent DERSs, oscillations can be damped faster compared to using only local power system
stabilizers (PSS) and conventional wide area damping controllers (WADC). The results of

this chapter is summarized in the form of papers (93) and (94).
6.1  Introduction

Distributed energy resources are increasing their footprint in the power grid as there is
a move towards clean energy demand. However, with the increase in DER and gradual
replacement of conventional generation sources from the grid, the stability behavior of the
grid is a concern. As most of the DER are asynchronous machines decoupled from the
system with power electronic converters, the direct interaction between the synchronizing
forces and the total system inertia is absent in these generation sources. With the increased
penetration of DER the operating condition and the inertia of the system are increasingly
time varying. This causes the frequency and damping ratio of electromechanical modes to
change more frequently (95; 06). If these modes are not damped properly in time, it can

create growing oscillations and can pose threat to reliable operation of the power system.
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Conventionally, PSS (both local and wide-area) provide supplementary damping control.
Generally, the DER do not take an active part in damping the power system oscillations.
However, studies have shown that increased penetration of DER in power grid with reduced
number of synchronous generators can have a damping effect that limit the power system
oscillations. The studies also report that this behavior is dependent on the location of the
DER and the way they impact the tie-line power flows (97; [98). So DER has the potential
to suppress the oscillations by controlling the power output, if the power outputs from each
units can be coordinated for this purpose. The coordination among all the DER can be
performed through a WADC architecture.

Generally, WADC are designed using linear feedback control techniques based on the small
signal model obtained by linearizing the dynamic model of the system around an operating
point. Control techniques reported in literature utilizing DER is based upon either mimick-
ing the droop based control (45]), PSS (46; [47), compensator based (48)), or by injecting the
power into the system out of phase with the inter-area oscillation(49),(99). Other studies
based on optimization algorithm and energy function approach has been demonstrated in
(47; 50). However, one of the issues related with these previous studies is that their success
is dependent on having an accurate knowledge of system and linearization of the non-linear
dynamic system such as power grid. Also, the controllers are static and designed for a par-
ticular operating condition, considering a particular mode of oscillation which may not work
well for different operating condition especially with higher penetration of variable renewable
resources. Artificial intelligence (AI) based techniques have been demonstrated to capture
the nonlinearities and uncertainties in the power grid and can learn and map the system
dynamics from set of system inputs and outputs (51)). However, the issues related to such
Al based techniques is that they require sets of offline data for training and performance
validation and has larger computational burden.

Several measurement based methods have also been developed to estimate the modes
of the system from wide area measurements (WAMs) data. These methods identify the
model of the system from measurement data in two forms 1) subspace state space form

(52)) and 2) transfer function form (53)). In (53]), it has been demonstrated that both the
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subspace state space and MIMO transfer function model can capture the dominant modes
of the system accurately from both ring-down data (data generated from event like line
tripping, generation loss etc.) and ambient data (data obtained from random small load
changes). These identified models can be used to design adaptive and coordinated damping
controller (DC). Compared to subspace state space model MIMO transfer function model
has improved computational efficiency and lower order aggregation capability. In (g]), the
parameters of conventional WADC form as well as time delay compensator are updated
online based on low order single-input single-output (SISO) model determined based on the
residue analysis of the MIMO model. In (8)), it was assumed that the critical inter-area
mode can be well represented by the mode with largest residue in the identified transfer
function model of the system. This approach ignores the other nearby modes whose residue
can be in close approximation with the electromechanical modes that may have significant
impact on system low frequency oscillations. Such modes are generally associated with the
poor design of controllers (54)).

In this chapter, a multi-channel RLS identification based adaptive WADC has been pro-
posed for DER integrated bulk power grid. RLS identification is used for SI, as opposed to
the block processing algorithm (53). As RLS does not require fixed memory allocation, this
approach is suitable for online applications. In this method, the MIMO transfer function
model of the system is identified using autoregressive exogenous (ARX) model structure
based on ring-down data obtained using measurements. Then a oscillation DC based on
minimum variance control (MVC) architecture is designed using the transfer function model
and is used to augment with the local controller (LC) of the DER. The advantage of the
MVC control is that it looks certain steps ahead in the future and regulates the system
output as close as possible considering the identification error and noise for control. The
effectiveness of proposed method is demonstrated by case studies on a two area four machine
system.

The major advantages of the proposed approach are:

e It is based on the online identification of the system dynamics which results in ad-

justing the controller output as the system operating condition changes.
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e It is independent of the network topology and only requires WAMs for identification

and control.
e [t can be augmented with the existing LLC in the DER.

e It adapts to various operating conditions and can consider the complete order of

identified system model as opposed to considering the mode with highest residue.
6.2  System Modeling
The classical second order model of a synchronous machine is often used to study the

transient stability of a power system during the period of time in which the system dynamics

depend largely on the stored kinetic energy in the rotating masses (100). The equations of
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motion for a classical representation of power system are given by,

1 n
W; = — | Pm; — Diw; — E; E Ej(BijSin(Sij + GijCOS(sij)
M,; .
7=1 (61)
Szwi—ws t=1,---,n

where n is the number of synchronous machines, w, is the synchronous angular frequency,
2H;
S

coefficient of the machine i. B;; and G;; are the elements of the reduced admittance matrix

0ij = 0; — 05, M; =

, and H; is the inertia constant in seconds and D; is the damping

Y at the internal nodes of the machine. The loads are modeled as constant impedances
which are then absorbed into the admittance matrix.

The DER connected on the various buses modeled as a constant negative PQ load or a
PV bus depending on the mode of control employed in the DER system. Considering DER

as constant negative PQ load, (6.1]) can be rewritten as,

) 1 n m o
%= (Pmi = Diwi =3 Pt =3 P+ 3 I%DER>
' i=1 i=1 i=1

0 = w; — ws i=1,---,n

(6.2)

where m is the number of lines, and o is the number of DER in the network. P4, represents
the load connected at the ith bus, P, represents the line losses in the ith line and PiDER
represents the active power injected by DER on ¢th bus.

The power injected by the DER on the ith bus is given by,

DER*
per _ b

: = 15 s7DFF (6.3)
(2

where PiD ER" hower reference for ith DER system and TiD ER is the DER system response
time constant for ¢th DER.

From ((6.2)) and , it can be observed that the power output of DER can have an impact
on system frequency dynamics even though DER themselves are operating in asynchronous

mode.
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6.3  Multichannel Identification Applied to Power System

Based on the subspace identification framework proposed in Chapter 1 the projected
matrix is calculated from the Hankel matrices

The projected matrix O is expressed as,

Loy, if only output measurements are used

O = (6.4)
L3o, if both input and output are used

The system matrices A, B,C, D can be extracted with the help of weighted projection
matrix O. Singular value decomposition (SVD) is performed on the weighted projected

matrix to obtain U; and S7. Both W7 and W5 are considered to be identity matrices.

W1OW, =USVT (6.5)
Uy =U(1:n);S1 =5S(1:n),n modelorder (6.6)
Iy =Uiv Sl,l“i_l = fz (67)

Solve the set of linear equations for calculating A and C,

! 1-Zit1 A
ST (DI Z, 4+ KU+ P 6.8
BIIT_,.HE , — AT! HY
K= ( 1 ) (6.9)
Dlo—cCI)

where Z; = Y3 /[WpUy| \Zip1 = [Y[W;U;] and P is the residual. And then B and D is
calculated by solving the least square problem described in (6.10). The details of how to

solve the least square problem can be found in (61)).
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TZT-,l-ZiH A

—(Oriz, + KU, + P 6.10
Y, (C) Zi+ KUy + (6.10)
BTt ..HY  — ATl Hd
K =( T Hisy HdZ D (6.11)
plo—cri'h

The matrices extracted are used to formulate the identified model of the system.
The transfer function for the multi-input-multi-output(MIMO) system is derived from

the state space matrices,

G(s)=CSI - A'B+ D (6.12)

If the inputs and outputs of the system are determined, the system model can be repre-

sented as:

Gii(s) -+ Gir(s) u1(s) y1(s)
G(s) _ G21. (5) ... GQT:(S) UQ.(S) _ yz.(S) (6,13)
L Gpi(s) -+ Gpr(s) 1L ur(8) ] L Yp(s) i

where u;(s) and y;(s) are the ith and jth elements of the input vector and the output vector,
respectively. Gj; is the element of the G matrix at position (4,j). p and r are the number

of system outputs and number of system inputs, respectively.
6.4  Augmentation of DER Local Controller with Proposed WADC Technique

A general representation of the proposed SI based adaptive controller applied to DER
is shown in Fig. The controller action of DER with the proposed augmentation with

WADC comprises of two parts as,

u(t) = ud(t) + uloe(t) (6.14)
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where u¢ is the damping component of the control input provided by the DC designed using
identified system parameters in and u!'°¢ is the component of control signal required to
track the local reference input. For the SI, inter-area speed deviation Aw;; is considered
as the system output and the APpggr is considered as the system input. The identified
linearized model of the system is then utilized for the design of DC. The goal is to enhance
the overall system stability while minimizing the inter-area speed deviation.

It is worth noting that in this work the focus is to utilize this architecture and augment
DER LCs such that DER can take part in damping the system oscillations. For DER,
the objective of LC is to track the reference set-point provided either by maximum power
point tracking (MPPT) controller or by the DER operator. The goal of the WADC is
to damp the system oscillations by appropriately modifying the active and reactive power
output of DER system. The augmentation of the LC of DER to incorporate the damping
functionality is shown in Fig. [6.2] Overall, the active power set-point given to the DER
system comprises of three terms: (AP, AQ!¢) for load sharing or MPPT control as local

reference, (AP%,AQ%®) as a set-point provided by secondary/tertiary level controller from
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DER. control center and (AP? AQ?) as a remote set-point signal provided by DC. Once
the sum of these three different set-points is available, the tracking of these set-point is
achieved through the conventional vector control techniques implemented in DER systems
(101)). The outer loop controls (Cp,Cq) the active and reactive power set-points and provides
an equivalent current reference to the inner loop control (C;q,Cjq) which track the current
flowing out of the DER system.

By controlling the active and reactive power output of the DER system, the speed os-
cillation brought about by local and wide area disturbances could be mitigated. Thus, the
goal of the multichannel identification based WADC is to monitor and identify the local and
inter-area oscillations and send proper damping signals to DER systems in order to dampen

the system oscillation.
6.4.1  SI Based DC Design

The DC designed for this work is based on MVC architecture used in polynomial methods
(102) which solves the optimal control problem of minimizing the output variance of the ARX
system identified in Section k steps ahead of time. Polynomial method is chosen in this
work as opposed to state space form (I03]) due to easier and simpler implementation and
application for practical purposes. The controller designed in this work is based on nth order
identification of the system. For n = 2, the controller takes in the following form (L02):

atyy (k) + ay1(k — 1) — bbul(k - 1)

ul(k:) = b%l (6.15)

for a step ahead prediction error minimization.

6.5  Simulation Results and Discussion

Fig. [6.3] shows the test system that has been utilized to assess the performance of the
proposed SI based DC with respect to conventional PSS that has been implemented in
the synchronous machine. The test system is a modified version of classic two area four
machine system (100). The test system has been implemented in MATLAB-Simulink. The
model consists of two areas connected through a tie-line. Area 1 has two synchronous

generators each generating 690 MW power and area 2 also has two synchronous generator
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Figure 6.3: Modified classical two-area four-machine system with integrated DER.

each generating 710 MW and 690 MW respectively. In this chapter, the full-order model
of the synchronous generators is used with LCs of governor, exciter, and PSS. On top of
synchronous machine, each area consists of aggregated DER models. In area 1, a 100 MW
PV farm coupled with a 50 MW storage unit is connected to bus 6 along with a 150 MW load
and in area 2, a 210 MW wind farm is connected to bus 5 along with a 140 MW load. Two
case studies are performed to test the performance of the proposed SI based DC. Fig.
shows the performance of the proposed multi-channel identification technique for properly
capturing the system dynamics. At 10 seconds, when the fault is applied, there is a large

error but the parameters are updated recursively and they converge quickly to stable values.
6.5.1  Fault in Middle of Transmission Line

In this case, a bolted three phase fault for 6 cycles is applied to middle of the tie-line
connecting Area-1 and Area-2. It is assumed that the fault is auto-cleared after 6 cycles and
the circuit breakers on the either end of the line are not opened. This disturbance excites
the interarea oscillation in the system.

The purpose of this study is first to show that if not explicilty asked to take part in
mitigating the system oscillation, the DER systems basically continue to send the same

amount of power to the grid irrespective of the system oscillation. This primarily happens
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Figure 6.4: Estimation error of the recursive least square multi-channel identification
routine.
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Figure 6.5: Inter-area speed deviation comparison with PSS and proposed technique
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Figure 6.6: Tie-line power flow transfer comparison with PSS and proposed technique
with multiple combination of DER.

because of the asynchronous nature of operation of DER systems i.e. their power output
naturally does not depend on system speed. Once that is demonstrated, next the capability
of WADC augmented DER. systems to dampen the system oscillation is shown and the

performance is compared with the damping performance of PSS employed in synchronous
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machine.

Fig. shows the inter-area speed deviation for four different cases: a) PSS of syn-
chronous machines are enabled and damping control in DERs are disabled b) PSS of syn-
chronous machines are enabled along with DC in DER of area 1 ¢) PSS of synchronous
machines are enabled along with DC in DER of area 2 d) PSS of synchronous machines are
enabled along with DC in DER of both area 1 and area 2. It can be observed that with
the proposed DC enabled, the dynamic response of system following the fault improves in
terms of less overshoot and better damping. It can also be observed that better damping
is obtained when DER in both area are utilized and also DER in sending end can provide
more damping effect than the DER in area 2.

Fig. shows the tie-line power flow for the different cases studied. It can be observed
that with the proposed WADC controller implemented on DER, the tie-line power oscillations
is minimized as well. Fig. [6.7] shows the variation of DER power output in area 1 and area
2 from its local set-point in order to contribute for damping the inter-area mode. It can be
observed that the DER only contributes to damping the system oscillation when the WADC

signal is enforced. Without the WADC signal it can be observed that the DER strictly forces
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Figure 6.8: Inter-area speed oscillation damping comparison for different WADC
schemes.

its power output to the reference level. Also, note that the DER power output variation on
both area is limited to 45 MW to be utilized for WADC application which is low compared

to the net system generation of 2800 MW.
6.5.2  Comparison with the Existing WADC architecture for DER

This test case presents the comparison of the proposed WADC with the existing WADC
architecture for DER systems proposed in literature. The cases compared are a) No PSS and
damping control implemented in DER systems b) With supplementary damping wind PSS
designed as conventional WADC as in (48)) ¢)Energy Function based direct intelligent WADC
as in (5I) and d) Proposed multichannel identification based WADC controller. A fault is
applied at the middle of line as in section at 10 secs for a 300 ms period and various
WADC schemes are comapred. The result shown in Fig. [6.§ shows that the proposed
WADC technique outperforms the other existing WADC schemes, the major advantage
comes in from the fact that the proposed technique is not dependent on knowing the system
parameters as the parameters are estimated online on the proposed control technique. Thus
it can be seen that the proposed control technique can be a better alternative to the existing

WADC scheme employed for DER systems.
6.5.3  Comparison with the Existing SI based Adaptive WADC architecture

This test case presents the comparison of the proposed adaptive WADC with the existing
adaptive WADC architecture. The adaptive WADC proposed in (8) was implemented for

DER in area 1 and the performance comparison between technique in (8) and proposed
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with proposed DC.

technique was performed. Fig. shows the performance of the proposed DC and DC in
(8) for fault conditions mentioned in Section It can be observed that the proposed

technique has a better response as compared to the technique presented in (8)).
6.5.4  Proposed DER DC on System without PSS and Effect of Time Delay

Fig. shows the performance of the proposed WADC without the presence of PSS
in synchronous machine. As can be seen from Fig. [6.10] without the PSS and no damping
control in DER, the interarea speed deviation continues to grow overtime, however with the
proposed DER based WADC implementation on both area and area 1 the inter area speed
deviation settles down to zero. With the WADC implemented on area 2 DER it can be
observed that the oscillation are contained. The delay of the signals in the communication

network for WADC implementation can have an detrimental impact on the performance
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of the WADC (50). However utilizing the time stamp data from the WADC signal can
help determine the delay that have occured between dispatch and arrival of control signal.
Once the delay is determined a local time delay compensator can be designed to ensure
that the WADC based DER DC still performs well. Fig. [6.11] shows the inter-area speed
oscillation damping performance of the proposed controller at different time delays and with
and without delay compensation. It can be observed that at larger time delays the proposed
DC can damp the first swing however because of larger time delay a sustained oscillation
is introduced in the system. It can also be observed that with proper compensation the

inter-area oscillations can be damped even with presence of significant time delay.
6.6  Summary

In this chapter, an adaptive WADC for DER integrated power grid is proposed in order
to damp the system speed oscillations. Multichannel RLS estimation technique has been
utilized to identify the relation between the power system speed deviation as a system
output and the power output of DER as a system input. The proposed approach augments
the existing LC of DER to achieve the goal of damping the system speed oscillations. The
results based on dynamic simulation of two area system in MATLAB Simulink shows better
damping functionality of the proposed technique. Some of the issues regarding the practical
implementation of the proposed method are model order selection, signal selection, and
identifying the system from ambient data which is the data. These issues will be studied in

the extension of this work.



CHAPTER 7: CONCLUSIONS

In this dissertation, an integrated framework based on subspace identification is proposed
that can detect the presence of forced oscillation in PMU measurements and can estimate
the electromechanical modes accurately in the presence of forced oscillations.Comparison
of proposed approach is performed with state of the art mode estimation approaches and
the proposed framework accurately estimates the oscillatory modes. Further, to decrease
the computational time of mode estimation algorithm for large power systems a spectral
clustering based method is proposed. The proposed method shows uses subspace affinity
to form a similarity graph and then uses spectral clustering to divide the signals into weak
and small groups for critical mode of interest. This helps to reduce the number of signals
needed for estimating the critical oscillatory mode accurately. The proposed grouping also
helps to indicate the location of oscillation source. An oscillation source location method is
proposed that can locate the source of oscillation properly for single and multiple oscillation
source locations. Locating the source of oscillation is the most crucial step in mitigating
oscillation.

Moreover, a model-measurement based hybrid model is proposed which can help studying
the effect of unmodeled dynamics. The proposed approach can help the system operators in
short time planning giving them an indication about the difference between model and mea-
surement response. This enhances the situational awareness of the operators. The system
identification based approach developed is used further to design a minimum variance con-
troller for mitigating the oscillations using renewable energy resources (RER). The proposed
controller is a multi-input-multi-output (MIMO) controller and can effectively coordinate
between multiple damping resources to mitigate power system oscillations.

The work proposed in this dissertation leads to an number of research plans for developing

analytical tools that can provide in depth power system dynamics analysis and for developing
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robust control approaches that can adapt with the changing system condition to damp

oscillations faster. Some of the future works are

e All the methods developed in this dissertation are being compiled to create a MATLAB

based tool that can help increasing research and understanding in this field of work

e In this dissertation, network and communication constraints have not been consid-
ered. As part of future work the effect of latency, communication protocol etc on the

proposed approaches will be studied

e The proposed system identification techniques can be used to study other data driven
power system problems like voltage stability, microgrid inverter coordination, MIMO

DFIG control,

e The proposed adaptive control architecture can be enhanced to include the forced
oscillation detection in control action, The control action will widely vary depending

on the type of oscillation
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APPENDIX A: TEST SYSTEMS DESCRIPTION

A.1l  Two Area System

Two area test system is a well known model studied for inter area oscillation (9).The
model consists of two areas connected through a tie-line. Area 1 has two synchronous
generators each generating 700 MW power and area 2 also has two synchronous generator
each generating 719 MW and 700 MW respectively. Area 1 has a local load of 967 MW
and area 2 has a local load of 1767 MW. Both the areas are connected through a weak
transmission line and area 1 exports 400 MW to area 2. The 'TEEE Type EXAC4A’ is used
for voltage regulation, governor type "TGOV1’ is used for governor model and type ’STAB1’

is used for power system stabilizer model. Details are given in Figs. and

Figure A.1: Two area test System (9).

GEN R il Vmax Vmin 12 T3 Dt
1 0.05 0.05 10.00 -10.00 2.1 7.0 0.0
2 0.05 0.05 10.00 -10.00 21 7.0 0.0
3 0.05 0.05 10.00 -10.00 2.1 7.0 0.0
4 0.05 0.05 10.00 -10.00 2l 7.0 0.0

Figure A.2: Governor data for the two area system.
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GEN K/T T T1/T3 T3 T2/T4 T2 HLIM
1 3.0 2.0 2.0 0.04 2.0 0.04 0.1
2 3.0 2.0 2.0 0.04 2.0 0.04 0.1
3 3.0 2.0 2.0 0.04 2.0 0.04 0.1
4 3.0 2.0 2.0 0.04 2.0 0.04 0.1

Figure A.3: Power system stabilizer (PSS) data for the two area system.

A2

IEEE 39 Bus Test System

IEEE 39-Bus system is a reduced equivalent of the New England test system (NETS).

Fig. shows the one line diagram of the test system (7).This system has 10 generators

and 39 buses. Generator 1 located at bus 39 is an aggregated generator and hence has high

inertia and output power. Exciter model used for voltage regulation is of 'IEEE type 1" and

governor model is of type "TGOV1’.The governor data is added for EMT simulation studies

compared to (7). Details are given in Figs.
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Figure A.4: IEEE 39 bus test system (7).

@

32

@Jr



181

GEN R T1 Vmax Vmin T2 T3 Dt
2 0.05 0.05 1.00 -1.00 2.1 7.0 0.0
3 0.05 0.05 1.00 -1.00 2.1 7.0 0.0
4 0.05 0.05 1.00 -1.00 2.1 7.0 0.0
5 0.05 0.05 1.00 -1.00 2.1 7.0 0.0
6 0.05 0.05 1.00 -1.00 2.1 7.0 0.0
7 0.05 0.05 1.00 -1.00 24 7.0 0.0
8 0.05 0.05 1.00 -1.00 2.1 7.0 0.0
9 0.05 0.05 1.00 -1.00 2.1 7.0 0.0
10 0.05 0.05 1.00 -1.00 2.4 7.0 0.0

Figure A.5: Governor data for the 39 bus system.

A.3 IEEE 68 Bus Test System

The 68-bus system is a reduced order equivalent of the inter-connected New England test
system (NETS) and New York power system (NYPS), with five geographical regions out of
which NETS and NYPS are represented by a group of generators whereas, the power import
from each of the three other neighboring areas are approximated by equivalent generator
models. Fig. shows the one line diagram of the test system (L0).This system has 16
generators and 68 buses. Generator 14,15 and 16 are aggregated generators and hence has
high inertia and output power. Exciter model used for voltage regulation is of 'DC4B’ and
'ST1A’. Governor model is of type "TGOV1’.The governor data is added for EMT simulation

studies compared to (10). Details are given in Figs.
A4  miniWECC System

miniWECC system is consist of a reduced WECC 179-bus, 29-machine system (IJ). The
one-line diagram of the system is shown in Fig. All generators are represented as the
GENCLS model from Siemens PTT PSS/E, i.e. a classical second-order differential model
reflecting the motion of the rotor; damping parameter D for all generators are set to 4;
all loads are modeled as constant MVA. Generators where the disturbances are applied are
represented as GENROU model from Siemens PTI PSS/E.

Note: (i) generator inertia data were recreated reflecting the dynamics of interests in the
Western Interconnection system and does not match exactly the actual system parameters;
(ii) damping parameter D for each generator was artificially created such that the natural

modes not of interests are reasonably damped.
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Figure A.6: IEEE 68 bus test system (10).

IBUS |Bus |Area|l R T1 |VMAX|VMIN (T2 |T3|Dt|MVA Base |Pgen (Powerflow) |Pmax (Powerflow) [Pmin (Powerflow) |Status
1 1 1/1] 0.002| 0O 500 0| 0|1/ 0 200 250 9999 0 1
2] 2 1/1) 0.002| 0 500 0| 0] 1/ 0 200 545 9999 0 1
3 3 1/1] 0.002| O 500 0| 0] 1/ 0 200 650 9999 0 3k
4l 4 1/1| 0.002| 0 500 0| 0] 1/ 0 200 632 9909 0 g
5[, 5 1/1] 0.002| 0 500 0| 0] 1/ 0 200 505 9999 0 1
6| 6 1/1] 0.002| 0 500 0| 0] 1/ 0 200 700 9999 0 1
7 7 1/1] 0.002| 0 500 0| 0] 1/ 0 200 560 9999 0 1
8 8 1/1] 0.002| 0O 500 0| 0] 1/ 0 200 540 9999 0 1
9. 9 1/1] 0.002) 0 500 0| 0|1/ 0 200 800 9999 0 1

10| 10 2|1| 0.002] O 500 0| o] 1/ 0 200 500 9999 0 1
11 11 21| 0.002] O 500 0 0] 1/ 0 600 1000 9999 0 1
12| 12 21| 0.002] O 500 0| 0] 1/ 0 200 1350 9999 0 1
13| 13 21| 0.002] 0 500 0| 0] 1/ 0 6000 3591 9999 0 1
14| 14 3/1| 0.002| O 500 0| 0] 1/ 0 3000 1785 9999 0 1
15| 15 4/1| 0.002| 0 500 0| 0|1/ 0 3000 1000 9999 0 3k
16| 16 5/1| 1E-04| O 500 0| O] 1/ 0 6000 3379.5681 9999 0 1

Figure A.7: Governor data for the 68 bus system.
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APPENDIX B: SIGNAL PROCESSING METHODOLOGY

In this section, the typical process of dealing with PMU measurements are presented.
And some preliminary background for method like prony, periodogram are shown. It also

shows how mode shape can be extracted from measurement.

- illation
PMU data N Data . . Oscillation N Cellim
. > . P Signal selection > . > shape
concentration preprocessing detection R .
estimation

Figure B.1: Flow chart of the study method .

B.1 PMU Data Concentration

First step is to gather the PMU measurements for different output channels. In this study,
results are obtained from simulation, so data integrity problems related to PMU data which
includes outliers and missing data are not considered. Fig. [B.2| shows the active power

output of 29 generator buses in the miniWECC system for a studied case.

10000

=t

Active Power output of 29 generators in Mini WECC system

s000p—m™ - ————

Power (kW)

0.5 1 1.5 2 2.5 3 3.5 4 4.5 5
Time (Sec)

Figure B.2: Data acquisition from different output channels.
B.2  Data Preprocessing

Acquired data is generally preprocessed before detection algorithms are applied to it.
Data preprocessing includes passing the data through a low pass filter and down sampled
as only the electromechanical modes are of interest. Then the data is detrended to remove
any DC offset which might bias the oscillation detection algorithms. Fig. [B.3] shows the

detreneded and downsampled data for this example.
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0Processed Active Power of 29 generators in Mini WECC system

Power (kW)

0.5 1 1.5 2 2.5 3 3.5 4 4.5 5
Time (Sec)

Figure B.3: Processed data from different output channels.

B.3  Signal selection

After processing the data signals are selected based upon oscillation magnitudes for de-
tecting oscillation and it’s characteristics. Fig. [B:4] shows the signals which has the highest
oscillation magnitude. Highest magnitude of oscillation is seen at generator 10 which is

located at bus 159 and this signal is used for further analysis.

Processed Active Power of 29 generators in Mini WECC system
500 T T T T T T T T

Power (kW)
o

-500 -

G1 G2 G3—G10—G_14  Other|

0.5 1 1.5 2 2.5 3 3.5 4 4.5 5
Time (Sec)

Figure B.4: Selected signals from different output channels.

B.4  Oscillation detection

The selected signal from previous step is analyzed to estimate the frequency of oscillation.
Both parametric and non parametric methods have been used for the estimation. The
data window length used for estimation is 20 second. Prony analysis have been used for
parametric method and welch’s periodogram is used for non parametric method. Table

shows that both the parametric and nonparametric methods are able to identify the same
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oscillation frequency. Fig. illustrates the selected signal and the estimation from welch’s
periodogram. Prony analysis approximates a signal as a summation of damped sinusoids
and the general expression is given in . For the example case order of the system n = 6
and table shows the phase, amplitude and damping estimates of different frequencies

for prony analysis.

n

yr(t) = Z Apme®mtcos(wWimnt + dm) (B.1)

m=1

Table B.1: Estimation of oscillation frequency and damping ratio.

Method (Hz) Frequency Damping ratio
Prony analysis 1.41 0
Welch’s Periodogram 1.41 NA
1000
&
g
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B
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Figure B.5: Selected signal and oscillation frequency identification.

B.5  Oscillation shape estimation

Once thee oscillation frequency is identified then it is important to know which generator

are contributing to that particular oscillation and at which generator output power that



Table B.2: Prony analysis signal components.

Frequency(f,,) (Hz) Amplitude(4,,) Phase (¢,,) (rad)

damping (o,,)

1.4026 245.2940 -2.3410
1.4026 245.2940 2.3410
2.5357 9.4039 0.2040
2.5357 9.4039 -0.2040
3.4037 5.3608 3.0988
3.4037 5.3608 -3.0988

0

o O O O O

—
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Figure B.6: Portion of the regenerated signals using Prony
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Figure B.7: Oscillation shape estimation.
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oscillation is more prominent. A combination of these two factors is seen in the oscillation
shape. Oscillation shape involves extracting the magnitude and phase of the oscillation
frequency of interest from all the available output channels. Fig. [B-7] shows the normalized
oscillations shape for the 1.41 Hz oscillation mode. It shows that the highest magnitude is
seen in generator at bus 159 although the source of the oscillation is at generator at bus
45 for this case. So, the bus near the oscillation source will have highest magnitude is not

necessarily true always.
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