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Abstract

In recent times, lots of emphasis is given towards the utilization of renewable sources
of energy to generate electrical power in the grid. The increasing capacity of generation
from the renewable sources of energy has complicated the operational challenges related
to stability, economic operation etc., of an interconnected power system. Thus, there is an
urgent need of on-line stability monitoring tools that can capture the system dynamics and
help the operators with a better decision support system and control. In recent times, with
the advancement of phasor measurement unit (PMU) based wide area monitoring systems
(WAMSs) which provides time-stamped phasors with high accuracy, it is now possible
to develop a system for on-line monitoring of the small signal rotor angle stability of the
power system. The present thesis mainly aims at developing robust algorithms to estimate

low frequency critical modes corresponding to the oscillations in the power system.

Most of the methods reported in the literature to estimate the low frequency modes are
mainly based on minimizing the /,-norm of the error. It is observed that the estimated
modes from these methods are severely affected in the presence of an outlier or bad
measurements which can occur in wide area monitoring systems due to various environ-
mental effects like lightning or temporary faults in the network or measuring instruments.
Hence, there is a need to develop robust methods which can provide a good estimate of
the modes even in the presence of outliers in the measurements. In order to mitigate the
effect of such bad data or outliers, the first part of the thesis proposes a robust modified
Prony estimator for estimating the low frequency modes of power system using the ring-
down data obtained from PMU. The proposed method is based on minimum covariance
determinant (MCD) technique to find the robust covariance matrix followed by improved

Prony to estimate the modes. To further improve the performance, a total least squares -
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estimation of signal parameter via rotational invariance techniques (TLS-ESPRIT) along
with the use of robust covariance based on MM estimator is proposed in the second part

of the thesis.

The events associated with major disturbances such as fault, adding/removing of a large
load or generation provides the data associated with the free response that can be easily
observed in the presence of ambient noise. As these major disturbance are less frequent,
hence, the methods utilizing the ringdown data provides a very accurate estimation of the
modes, but are updated typically after a long duration. Hence, there is a need to develop
estimating algorithms which can continuously monitor the stability of the power system.
These algorithms are mainly based on the use of ambient data corresponding to the flow
of active power. The ambient data corresponding to the active power flow in the line is
observed to have the presence of nonlinear trends along with noise of high variance, thus
the proposed NwT-RD-TLS-ESPRIT method has used a combination of nonlinear filter,

wavelet, random decrement (RD) and modified TLS-ESPRIT for mode identification.

Finally, a more accurate method which uses a sparse based signal recovery technique in
conjunction with random decrement (RD) and modified TLS-ESPRIT for identification
of inter-area oscillatory modes for the ambient data has been proposed. The proposed
method is compared with NwT-RD-TLS-ESPRIT method for the sample test signal re-

sembling ambient data.

Thus the present thesis tries to address some of the problems associated with the low
frequency mode estimation using both ambient and ringdown data to have a better ob-

servability of the dynamics of the power system.
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Introduction

1.1 General

In the present scenario of large interconnected power systems with continuously increasing elec-
trical power demand, there is the requirement of rapid expansion of existing transmission network.
However, the rapid expansion of transmission network is observed to be less feasible due to econom-
ical, environmental and the problems associated with right of way, thus forcing the system to operate
close to its stability limits. Further, the situation gets more aggravated with the inclusion of renewable
energy sources such as wind, solar etc, into the existing grid. The power system operating with the
conventional generation, the load uncertainty and disturbances were the major causes of concern, but
with the increasing generation through the renewable energy sources, the system operators have to
consider the effect of uncertainty even in the generation. Under these circumstances, to operate the
power system in a stable and economical way, better on-line monitoring and decision support systems
are required. Earlier, supervisory control and data acquisition system (SCADA) have been used to
collect data related to the power system through remote terminal unit (RTU) placed at various buses
in the network. The estimated measurements from RTU such as magnitude of the bus voltage, branch
currents and active and reactive power flows on lines are typically updated in the interval of 2 — 10

seconds [1-3] at the control center. These measurements at the control center are given to a nonlinear
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state estimator which updates the state of power system in an interval of 5 — 10 minutes. Thus, it is
observed to be suitable for steady state observability of the power system.

With the rapid development of phasor measurement units (PMUSs) based wide area monitoring
systems (WAMSs) [4] which utilize GPS clock as time reference to estimate the phasors. Due to
its high refreshing rate (i.e, one or two cycles) of the estimated phasors, it is possible to capture the
dynamics of the system close in real time, thus enabling the online monitoring and assessment of
system stability.

In the recent years, several projects on WAMS have been set up by countries like USA, China
etc [5]. In India, establishment of WAMS and analysis of several off-line and on-line applications of
synchrophasor measurements have been undertaken by the Ministry of Power, Government of India
from 2010 [5]. One of those initiative is to develop tools for real time stability monitoring of Indian
power system. Hence, the primary focus of the present thesis is on the development of algorithms for
low frequency mode estimation both for ringdown and ambient data for real time assessment of small
signal stability of the system using synchrophasor data.

1.1.1 Synchrophasor-based Wide Area Monitoring Systems (WAMSs)

Figure 1.1 shows the conventional SCADA/Energy Management System (EMS). Remote termi-
nal units (RTUs) connected at a bus in a SCADA based wide area monitoring systems (WAMSs),
measures the magnitudes of bus voltage, line currents and power flows in the lines. Typically, the
measurements are received at control center with the time interval of 2 — 10 seconds. These mea-
surements which are obtained from the RTUs are then fed to a nonlinear state estimator to estimate
voltage magnitude and phase angle at various buses in the system. As the nonlinear estimator involves
iterative steps for estimating the phasors, the estimated phasors gets updated in the interval of 2 — 10
minutes for a large interconnected power system. The SCADA based WAMSs finds its application for
various static analysis but is found to be not suitable for observing the dynamics of the power system
due to its significant delay in updating the states.

Recent trends is to have a phasor measurement units (PMUs)-based wide area monitoring system
(WAMS), as shown in Figure 1.2. These PMUs placed at various buses measures the magnitude and
phase angle of bus voltages, branch currents, frequency and rate of change of frequency with a report-
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Figure 1.1: Block diagram of SCADA.

ing rate of 10/25/50 or 10/12/15/20/30/60 frames per second for 50 or 60 Hz systems, respectively.
Phasor data concentrator (PDC) collects the measured data from the PMU by using links having high
bandwidth and minimum noise interference, such as fiber optics etc. The high refreshing rate and
time stamped measurements have made PMU-based WAMS suitable for observing the dynamic re-
sponse of the power system in near real time. Based on these measurements, various control actions
or the control strategies can be developed to enhance the stability, security and reliability of the power
system.

A typical block diagram of a PMU is shown in Figure 1.3. The GPS clock utilizes Inter Range
Instrumentation Group time code format B (IRIG-B) signal [6, 7] for providing the time tag for the
estimated phasors by the PMU. The voltage and current from the secondary side of the potential and
current transformers are converted to the corresponding voltage and current signals by the voltage and
current sensors. These analog voltage and current signals are pre-processed by an anti-aliasing filter to
filter out the unwanted high frequency components. The pre-processed analog signal is then converted
into digital signal by the analog to digital converter. Finally, the phasor estimating algorithm running
on the microprocessor estimates the phasors, frequency and rate of change of frequency from the
converted digital signal and is transmitted to the PDC through communication links using the IEEE
C37.118 format.
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1.1.2 Power system stability

The joint Task Force of the IEEE-CIGRE group has defined power system stability [8] as * the
ability of an electric power system, for a given initial operating condition, to regain a state of operat-
ing equilibrium after being subjected to a physical disturbance, with most system variables bounded
so that practically the entire system remains intact”. The power system may experience different
forms of instabilities, and it is difficult to analyse it by considering as a single problem and hence,
requires proper classification. As cited in [8], the power system stability is mainly classified on the
basis of 1) physical characteristics of the resulting mode of instability 2) size of the occurred distur-
bances and 3) the time duration during which the stability phenomena occurs. On the basis of these
criteria, the power system stability is broadly categorized into three types:

1) Rotor angle stability

2) Frequency stability

3) Voltage stability

The classification of power system stability is shown in Figure 1.4. The voltage stability [8] is
defined as * the ability of a power system to maintain steady voltage at all buses in the system after
being subjected to a disturbance from a given initial operating condition ”. It is again subclassified
into small disturbance and large disturbance voltage stability. These instability problems may range
from a few seconds to tens of minutes and therefore these phenomenon may either be a short term or
long term. Frequency stability [8] is defined as “ the ability of a power system to maintain steady
frequency following a severe upset resulting in a significant imbalance between generation and load”.
It is further categorized into short term or the long term phenomenon. As the main focus of this thesis
is on the estimation of the small signal rotor angle stability, a detail discussion of these instability
phenomena is provided in the subsequent section.
1.1.2.1 Rotor angle stability

Rotor angle stability is defined [8] as “ the ability of synchronous machines of an interconnected
power system to remain in synchronism after being subjected to a disturbance”. It depends on the
ability to maintain or restore equilibrium between electromagnetic torque and mechanical torque of

each synchronous machine connected to the power system. The change in electromagnetic torque of a
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Figure 1.4: Classification of power system stability.

synchronous machine following a disturbance can be resolved into two components- 1) Synchronizing

torque component which is in phase with the rotor angle deviation. 2) Damping torque component,

which is in phase with the speed deviation. Lack of the first component causes non-oscillatory insta-

bility, while the latter causes oscillatory instability. The rotor angle stability is further characterized

into two subcategories.

e Small disturbance or small signal rotor angle stability: It is defined as the ability of the
power system to maintain synchronism under small disturbances. Small signal stability analysis

is done using a linear time invariant model. This instability can be observed in two forms:

1) Lack of synchronizing torque resulting in increase in rotor angle through non-oscillatory

mode.
2) Lack of damping torque resulting in rotor oscillations of increasing amplitude.

Nowadays, rotor oscillations arising due to insufficient damping torque is mostly observed in
the power system. The non-oscillatory instability problem has been eradicated to a great extent
by using continuously acting exciters, yet, this problem may emerge on operation of generators
with constant excitation, under the presence of field current limiters. Insufficient damping

torque causing rotor oscillations, are further classified as,

1) Local modes of oscillations- It involves swinging of units at a generating station against
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rest of the power system. The damping of these oscillations depends upon the strength of the
transmission system as seen by the power plant, the generator excitation control systems and

the output of the plant [9]. Typically, the frequency range is 0.8 — 2 Hz.

2) Inter-area modes of oscillations- It involves swinging of many machines in one part of the
system against machines in other parts. These oscillations have a short time duration, in the

range of 10 — 20 s. Typically, the frequency range is 0.1 — 0.7 Hz.

e Large disturbance rotor angle stability or transient stability: It is defined as the ability of
the power system to maintain synchronism, when subjected to a severe disturbance, such as
a short circuit on a transmission line. It involves large rotor angles deviation which is influ-
enced by the nonlinear power verses angle relationship. The system stability to these transients,

depends both on the initial operating state of the system and the severity of the disturbance.
1.2 State-of-the-Art

Extensive literature and a few important books [9-11] related to power system stability phe-
nomenon is available. These extensively referred books highlights the major aspects of angle sta-
bility. Recently, a wide number of literature and some books [12, 13] emphasizing the importance of
synchrophasor for application in real time stability monitoring could be observed. A detail review of
the existing literature on the topic of real time small signal stability prediction which are related to
the present research work is presented below.

Modal identification algorithm for analyzing the low-frequency oscillatory modes associated with
the large system has been cited in [14]. In this work, a computer program called as analysis of
essentially spontaneous oscillations in power system (AESOPS) is developed which calculates the
eigenvalues associated with electromechanical modes without constructing the system state matrix.
However this algorithm works for 2000 buses and 350 machines system. In [15] an improvement over
AESOPS called the program for eigenvalue analysis of large systems (PEALS) is presented, which
employs the concept of modular modelling and sparsity to handle a system up to 12000 buses and 1000
machines. An extensive small signal stability program (SSSP) package has been developed in [16]
which utilizes alternative programs like, QR transformation, the AESOPS and the modified Arnoldi
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method for eigenvalue computation. Using sparsity the methods such as, simultaneous iterations and
the modified Arnoldi for eigenvalue estimation has been cited in [17]. Other significant techniques for
determining the eigenvalue mentioned in the literature are [18-22]. In a practical power system, the
change of the operating conditions and system topology always induces a change in the oscillations
characteristics. Therefore, the modes estimated using the off-line methods are suitable for analysis
and design of the system, but do not provide the actual dominant modes present in an operating power
system in real time.

In the recent times, with the development of phasor measurement unit (PMU) based wide area
monitoring systems (WAMS), it is now possible to develop a system for on-line monitoring of low
frequency modes present in the power system. These methods derives the real time data, namely
ringdown and ambient data, from the phasor data concentrator (PDC) to estimate the low frequency
modes. The data associated with the occurrence of large disturbances, such as line tripping, adding
or removing of large load or generator fault is called as ringdown data, whereas, the ambient data is
associated with small perturbation of power system due to random load variations. A brief literature
review of PMU based on-line methods applicable to ringdown and ambient data are described below.
1.2.1 Low frequency critical mode estimation using ringdown data

Discrete Fourier transform (DFT) was frequently used for frequency analysis, as it employed Fast
Fourier transform (FFT) [23], which had the advantage of being fast, noise resistant and easy to
implement. However, FFT has a frequency resolution [24] problem for less number of data samples
and fails to give information about the attenuation factor of the modes directly. The estimated signal
parameter by the FFT has precision errors, owing to its picket-fence effect and energy leakage. To
minimize the leakage phenomenon of FFT, interpolated window has been proposed in [25], yet the
problem of frequency resolution still persist in this method to some level. Kalman filter [26] has also
been used for mode identification, but as it follows an iterative system identification approach, it may
cause numerical instability.

The Prony method [27-37] which is a high frequency resolution parametric method, is used to
analyze the low frequency oscillations. This method extends the Fourier analysis by directly calcu-
lating the attenuation factor, frequency, amplitude and phase of the low frequency oscillations from
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the real time measurements derived from the PMU. However, it is found to be sensitive to the pres-
ence of noise which results in incorrect mode identification. To minimize the effect of noise in the
Prony method, several improvement are suggested in the literature like Kumaresan-Tufts (KT) algo-
rithm [38,39] which is based on the separation of signal and noise space, but still these methods are
affected by the presence of noise. Improved Prony method [40] uses a median filter to minimize the
variance of the estimated modes, therefore, it induces delay in the estimated modes and may provide
inaccurate results. A nonlinear regression based Prony method is cited in [41-43], which is used to
estimate the model parameters, but the iterative nature of these methods poses a problem for their
convergence. A portable software tool based on ERA/Prony algorithm is referred in [44], which fol-
lows a least square minimization approach. A nonlinear least-squares optimization method known
as variable projection method is proposed in [45], which is based on iterative orthogonal projection
onto the signal space. However, in this method, the initial conditions of the parameters along with the
partial derivatives of the basis functions needs to be defined.

A comparative assessment of Prony analysis and Hilbert transform based methods for mode es-
timation has been presented in [46]. In Hilbert transform based method, time domain data are pre-
processed using an iterative signal decomposition procedure called as empirical mode decomposition
(EMD) algorithm. Since Hilbert transform is usually obtained using the FFT of the signal, it also
suffers from the drawback of frequency resolution and spectral leakage problems. Further, imple-
mentation of empirical mode decomposition (EMD) algorithm [46], makes this method very slow
and may generate spurious modes due to the frequency-mixing phenomenon [47].

Recently, estimation of signal parameters via rotational invariance techniques (ESPRIT) [48-50]
has been applied for estimating the attenuation factor and frequency. These signal subspace methods
utilizes the rotational shift invariance property of the signals for the formation of an auto-correlation
matrix, in order to recast the problem as a generalized eigenvalue problem. Various methods are
applied to solve this generalized eigenvalue problem which leads to different types of ESPRIT. A
sliding-window ESPRIT [51] has been proposed to estimate the inter-harmonics frequencies, however
the selection of proper window to obtain the best tradeoff between frequency and time resolution is
still an issue. Most of these work on the ESPRIT, have not considered the high variance noise and
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outliers.

Total least squares estimation of signal parameters via rotational invariance techniques (TLS-
ESPRIT) has been used for estimating the oscillatory frequency and attenuation factor for developing
new islanding detection method [50]. Total least square approach takes into consideration the errors
present in both the observation vector and the system matrix, while the least square method accounts
for the error present in the observation vector. Hence the TLS-ESPRIT proves to be superior in
estimating the modes as compared with the least squares estimation of signal parameters via rotational
invariance techniques (LS-ESPRIT). However, this method has taken the assumption of noise to be
Gaussian.

ESPRIT has been proposed for the direction-of-arrival (DOA) estimation [49] by exploiting the
entire invariance structure for parameter estimation. In the original version of the ESPRIT, it is as-
sumed that with each dimension of the parameter space, there exist only a single invariance in the
data. An extension of the ESPRIT algorithm known as multiple invariance (MI) ESPRIT is presented
in [49] for exploiting data with multiple invariance. This algorithm exploits multiple invariance along
a single spatial dimension and it is based on a subspace fitting formulation of the DOA problem. This
method outperforms the TLS-ESPRIT, but fails to provide the closed form solution, as it deals with
minimization of complex nonlinear cost function. Hence, the computation time for estimating the
parameters by this method is more as compared to the TLS-ESPRIT.

1.2.2 Low frequency critical mode estimation for ambient data

Several parametric approaches for mode identification of ambient data are available in the litera-
ture. A non recursive Yule-Walker (YW) algorithm of an autoregressive (AR) model is cited in [52]
and the extension of this method to estimate an autoregressive moving average (ARMA) model is
presented in [53]. As these are block processing algorithm, choice of proper block size remains a
cause of concern for estimating the damping ratio. To enhance the convergence speed, an adaptive
technology [54,55] is adopted into the ARMA method. Random decrement (RD) technique in con-
junction with TLS-ESPRIT, known as RD-TLS-ESPRIT has been proposed in [56] which performs
better as compared to RD-Prony method. However, these methods do not include an effective method
to address the issues related to the presence of nonlinear trends in the ambient data.
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A robust recursive least squares (RRLS) algorithm as proposed in [57] is found to have better
convergence than LMS algorithm [54]. An extension of this method known as regularized robust
recursive least squares (R3LS) has been cited in [58], where the AR model is extended to an au-
toregressive moving average exogenous (ARMAX) model, which has the advantage of processing
probing data and including moving average (MA) terms for the noise. A dynamic regularization term
is also included in this algorithm while solving the least squares problem for enhancing the numerical
efficiency. However, these methods are found to be sensitive towards the choice of initial filter states.

In [26], the AR model parameters are determined recursively by using a combination of AR
algorithm and Kalman filter (KF), but it gives reliable damping estimates provided a known excitation
is applied to the power system [59]. Hence, this method is not suitable for ambient data.

Extended modified Yule Walker with spectral analysis (YWS) for mode identification has been
proposed in [60]. The performance of YWS has been compared with extended modified Yule Walker
(YW) and sub-space system identification (N4SID) [61] methods. It is observed from the simulation
results that the performance of YW and the YWS methods are superior as compared to the N4SID
method in estimating the oscillatory modes. However, YWS method is sensitive to the order of the
model.

A frequency domain decomposition (FDD) method has been proposed [62, 63], in which singu-
lar value decomposition (SVD) is applied to decompose the power spectrum density (PSD) matrix.
However, a proper threshold technique is needed in order to decide the dominant singular values.
Moreover, due to truncation and leakage phenomenon, damping may not be correctly estimated.

In [64], analysis of inter-area oscillations is performed based on system identification by utilizing
subspace techniques which performs better for non-Gaussian excitation in the system. However,
these system identification based methods requires both the input and the output response of the
system. Random decrement (RD) technique in combination with wavelets has been proposed in [65],
where the criteria for selecting the most optimal mother wavelet functions for damping estimation
for power system under study is defined and the wavelets satisfying the required criteria are selected.
However, the estimated damping may deteriorate significantly for high damping ratio due to limited
time resolution of the wavelet function. Independent component analysis method in conjunction with
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random decrement (RD-ICA) has been cited in [66], but it involves computation of higher order
statistics and is also not valid for scarce data. A comparative review of [64], [65] and [66] has been
presented in [67].

In [68], natural excitation technique (NExT) [69] in combination with eigensystem realization
algorithm (ERA) [70] is used for mode identification which utilizes the cross-correlation functions
to extract the impulse responses of the system. However, this method requires proper selection of
reference variable for computing the cross-correlation functions.

Random decrement (RD) technique in combination with Ibrahim time domain (ITD) known as
RD-ITD has been proposed in [71]. This method requires less computational time as compared to the
stochastic subspace identification (SSI) method, while having similar accuracy, but requires a zero-
phase band-pass filter to minimize the effect of the measurement noise present in the signal which
doubles the filter order.

1.3 Motivation

Rotor angle instability phenomenon is often found to be the main cause for most of the blackouts
in the world, such as the major blackout on 10" August, 1996 [72] of the Western Electricity Co-
ordinating Council (WECC). Conventionally, the low frequency oscillatory modes are analyzed by
the small-signal analysis [14], [16], [17] which utilizes a linearized time-invariant model. Since, the
generation or demand characteristics in a practical power system always varies with some changes in
system topology, the off-line identification based methods may fail to provide the real-time critical
modes present in the system.

With the development of synchrophasor based WAMS, the methods based on on-line identification
of the modes have widely gained popularity. Measurement based methods applicable to low frequency
critical modes estimation for ringdown data, includes the Fast Fourier transform (FFT) [24], the Prony
methods [27], [29], [30], [32], [33], [34], [35] and the estimation of signal parameters via rotational
invariance techniques (ESPRIT) [48], [49], [50]. The computational complexity and noise sensitivity
of FFT is less and it is easy to implement. However, it has a drawback of frequency resolution problem
for data having less number of samples and is unable to provide the attenuation factor of the modes

directly. The Prony method [27] can provide the estimate of attenuation factor, amplitude, phase
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and frequency of oscillations from measurements derived from the PMU. However, its use is limited
due to its sensitivity towards the presence of noise. A few modifications are suggested based on
signal and noise space separations, like the Kumaresan and Tufts (KT) method [38], but these are also
found to be sensitive towards noise. These Prony based methods as available in the literature, have
not considered high variance noise and outliers. Recently, some works have recommended the use
of ESPRIT for mode estimation [48], [49], [50]. These ESPRIT based methods mostly exploits the
rotational shift invariance property of the signals for the formulation of an auto-correlation matrix and,
thus, it transforms the problem to a generalized eigenvalue problem. Different types of ESPRIT are
proposed based on the methods used to provide solution to this problem. A sliding-window ESPRIT
as proposed in [51] induces significant delay in estimating the inter-harmonic frequencies because of
the use of sliding windows. The ESPRIT based methods differs from the Prony based methods as the
former uses the correlation matrix, while the later directly uses the data samples for constructing the
data matrix. Therefore, even though the ESPRIT based methods are computationally more expensive
than the Prony based methods, they can provide higher noise immunity. Most of these ESPRIT based
works have considered white Gaussian noise to represent the noise but have neglected the presence of
outliers and high variance noise in the measurements.

Several mode estimating techniques applicable to ambient data are suggested in the literature.
In [56], Random decrement (RD) technique in combination with TLS-ESPRIT has been used for
estimating the modes from the free response of the system. In [52], an autoregressive (AR) model has
been proposed and several modification of this algorithm has been presented in [53], [54], [55]. These
methods have used downsampling and filtering techniques to remove the nonlinear trends. Other
approaches include extended modified Yule Walker with spectral analysis (YWS) [60] and stochastic
subspace based methods which also depends on proper model order selection. Random decrement
technique in combination with wavelets as proposed in [65] may provide inaccurate damping estimate
owing to limited time resolution. Other methods applicable for ambient analysis like NExXT-ERA and
RD-ITD requires a reference variable and use of zero-phase band-pass filter respectively, to obtain
correct mode estimation. It is necessary to separate the signal from the high amplitude noisy ambient

data without depending much on the model order or use of reference variable or zero-phase band-pass
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filter.
In view of the limitations of the existing methods in the real time monitoring of the small signal
rotor angle stability of the power system, the objectives behind the research work carried out in the

present thesis are as follows:

e To modify improved Prony based estimator suitable for estimating the low frequency modes

with the presence of high variance noise and outliers in the measured ringdown data.

e To further enhance the performance of the above estimator, the MM estimator and modified
TLS-ESPRIT are utilized to mitigate the presence of outliers and high variance noise in the

ringdown data.

e To develop a suitable method which can be effective towards the presence of high variance

noise and nonlinear trends in the ambient data.

e To develop an improved estimator which exploits the sparsity of the signals in the ambient data.

1.4 Thesis Organization

The work carried out in this thesis is organized into six chapters. A few basic concepts of syn-
chrophasor based wide area monitoring system (WAMS) and power system rotor angle stability are
discussed in the present chapter. A state-of-the-art survey of some of the important published litera-
ture, on the estimation of low frequency modes for ringdown and ambient data are presented and also
the motivation behind the present research work is highlighted in this chapter.

In Chapter 2, a robust modified Prony method has been proposed to reduce the effect of the high
variance noise and outliers present in the signal utilizing the synchrophasor measurements derived
from the phasor measurement units (PMUs). This method uses a minimum covariance determinant
(MCD) technique to mitigate the effect of outliers followed by low rank approximation of the esti-
mated covariance to obtain a robust estimation of the modes. The estimated modes by the proposed
method has been compared with improved Prony and modified TLS-ESPRIT utilizing Monte-Carlo

simulations. The effectiveness of the proposed method is studied on two sample test signals corre-
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sponding to local and inter-area mode, two-area system and real time probing data of the Western
Electricity Coordinating Council (WECC) system in presence of outliers.

Chapter 3 proposes a robust covariance approach based TLS-ESPRIT method using a MM esti-
mator to mitigate the effect of outliers on mode estimation. A comparative analysis of the estimated
modes by the proposed robust TLS-ESPRIT method with modified TLS-ESPRIT and robust Modified
Prony method are carried out using Monte-Carlo simulations. The robustness of the proposed method
in dealing with outliers has been demonstrated, for inter-area as well as local modes of oscillations,
on the two sample test signals, on a two-area system and real time probing test data of the Western
Electricity Coordinating Council (WECC) system.

In Chapter 4, a nonlinear filter to mitigate the effect of nonlinear trends, along with wavelet method
has been proposed to provide an accurate estimate of low frequency oscillatory modes in the ambient
data. The performance of the proposed method, i.e., NWT-RD-TLS-ESPRIT is compared with the
nonlinear filtering, natural excitation technique- eigensystem realization algorithm (NExT-ERA) and
random decrement technique- Ibrahim time domain (RD-ITD) for the test signals, simulated second
order system corresponding to the modes present in a two-area system, two-area system simulated on
real time digital simulator (RTDS) facility at IIT Kanpur, and real time PMU data for Indian power
systems and WECC.

Chapter 5 uses a sparsity based de-noising technique to extract the signal from a low dimensional
space. A comparative analysis of the proposed S-RD-TLS-ESPRIT method with the NwT-RD-TLS-
ESPRIT method has been done for the test signals, simulated second order system corresponding to
the modes present in a two-area system, two-area system simulated on RTDS facility at IIT Kanpur,
and real time PMU data for Indian power systems and WECC.

Chapter 6 provides the general conclusion of the thesis with major contributions and some poten-

tial future research problems.
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Estimation of Low-Frequency Modes in
Power System with Robust Modified Prony

2.1 Introduction

In the present scenario, increasing power demand leads to a vast and complex network of power
which consist of interconnected generating stations, renewable energy sources, transmission lines and
the control centers. The major challenges faced by power system operational engineers is to ensure
stability and sustainability with increasing generation and demand. These complex network poses
many challenges, such as maintaining small signal rotor angle stability with proper damping for the
critical modes. Hence, it is important to identify the critical modes and design suitable controllers
to minimize the poorly damped low-frequency oscillations, which otherwise may result into island-
ing or blackout. Conventionally, the small signal rotor angle stability analysis is done using modal
analysis to find the critical modes. Traditionally, the technique based on eigen value analysis is used
for mode identification by using a linear time invariant model approximated in the neighborhood of
the operating point of the nonlinear system [14, 16, 17]. This method utilizes an off-line approach
for modal analysis and suffers from the drawback of inaccurate model. With the development of syn-

chrophasor based wide area monitoring systems (WAMSs), it is possible to develop an on-line method
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for monitoring modes corresponding to the power oscillations. Major classes of these online estima-
tion methods are based on spectral estimation algorithms such as the Fast Fourier transform (FFT),
the Kalman filter [26], Prony analysis [27,29, 30,32, 34,36] and estimation of signal parameters via
rotational invariance techniques (ESPRIT) [51,73]. The computational complexity and sensitivity to-
wards noise is less for FFT, but it has less frequency resolution if the available data points in a window
are less [24] and also the model does not support damped exponentials. The use of Kalman filter for
mode identification is also reported in the literature, but the recursive nature of the filter may lead to-
wards numerical instability. The model used in Prony method is better than FFT in terms of modeling
the response of complex modes [27], however, it is found to be sensitive to the presence of noise. To
improve the performance of Prony method in presence of noise, several modifications are proposed in
the literature like Kumaresan-Tufts (KT) algorithm [35,38,39] which is based on separation of signal
and noise spaces. Improved Prony method [40] tries to minimize the variance of the estimated modes
by using median filter, hence, induces delay in the estimated modes and may not be very accurate.
In [41-43], a nonlinear regression based Prony method is utilized to estimate the parameters of the
model, but because of its iterative approach these methods have an issue related to their convergence.
In [74], N4SID method is utilized for mode estimation, but it can only be used for probing data as it is
based on system identification which requires both input and output responses of the system. In [45],
a variable projection method is used for mode estimation which is based on iterative orthogonal pro-
jection on the signal space. In presence of noise, TLS-ESPRIT [51, 75] method seems to be less
sensitive as compared to the Prony method in estimating the modes. In [44], a portable software tool
based on eigensystem realization algorithm (ERA)/Prony algorithm is proposed which gives reliable
estimate of modes in presence of noise. However, the performance of all these methods are based on
minimizing the /,-norms of the error between the estimated signal and original signal which are very
much sensitive to the presence of the outliers.

All these conventional estimation techniques are based on classical least square technique. Some
of these approaches have prior assumption about the Gaussian noise model, and tends to fail under
high variance noise or noise with a flat tail distribution [76]. These estimates are also biased under
anomalies which is referred in statistical terminology as outliers. These outliers are common in sensor
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networks, the main source of these bad data are environmental effects like lightning or electromag-
netic pulses, hardware faults, data corruption or data packet loss over communication networks or
man-made data injection attacks. The basic idea behind least square minimization technique is to
minimize the /,-norm of the estimation error ||y — J||,. It has a quadratic cost function (CF) and linear
influence function (IF), i.e. large sample will have large influence on the estimation. There are many
robust techniques to handle such issues which includes /; minimization, Huber loss functions etc. [;
minimization (least absolute deviation) has a linear cost function and a step influence function which
gives equal influence to all the errors as shown in Figure 2.1 and 2.2, respectively, but it involves an
optimization problem with high computational cost, high convergence time and also the convergence
is not guaranteed. Huber function combines the characteristics of both /; and [, minimization [77]. It

is defined as

fx) = x? if x| <6
f(x)= 26|x|=6% ifl|x]|>¢

2.1)

This function has a quadratic cost characteristic for absolute value of the sample less than 6,
otherwise has a linear cost characteristic. Figure 2.1 and 2.2 uses ¢ which is equal to 0.5. Here, 0
sets a limit over the range of outliers and the crucial part lies in deciding the ¢ value for a particular
estimation. The problem becomes more complex when the error distribution is itself changing over
the period of time. So, there is a need to have data independent methods for modal analysis of power
system oscillations.

This chapter proposes a robust covariance based improved Prony method which uses a minimum
covariance determinant (MCD) technique to mitigate the effect of outliers followed by low rank ap-
proximation of the estimated covariance to estimate the low frequency modes corresponding to the
power oscillations. The proposed method is compared with the improved Prony [38,40] and modified
TLS-ESPRIT [75] methods for different types of signals with and without outliers, followed by the
estimation of the modes for a two-area system [9]. Further, a comparative analysis of the proposed
method with the improved Prony [38,40] and modified TLS-ESPRIT and ERA/Prony [44] is carried

out for real time data of the Western Electricity Coordinating Council (WECC) system [78,79].
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Figure 2.1: Cost function (CF) comparison for (a) /; minimization; (b) /; minimization; (¢) Huber minimiza-
tion.
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Figure 2.2: Influence function (IF) comparison for (a) /; minimization; (b) /; minimization; (c) Huber mini-
mization.
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2.2 Improved Prony

This chapter motivates towards the modification of the existing improved Prony method, so that it
can provide good estimate of power system modes corresponding to the low frequency power oscil-
lation in the presence of outliers in the measured data. Section 2.2, briefly explains improved Prony
method. Section 2.3, explains how the presence of outlier distorts the structure of the covariance
matrix. Section 2.4, explains the proposed method. Section 2.5, discusses the results followed by the
conclusions in Section 2.6.

2.2 Improved Prony

2.2.1 Power system signals

The power system response is represented as a linear combination of damped sinusoidal signals
with white Gaussian noise. The measured signal y(n), at time instant n, for a given block of data is

represented as

y(n) = s(n) + w(n)
K
= age® " cos(nwy + ¢y) + w(n) 2.2)
k=1
where s(n) is the signal component and w(n) is the zero mean white Gaussian noise. Here {a;} , {w;},
{¢¢), K and {b;} are the amplitude, angular frequency, initial phase, number of sinusoids and unknown

attenuation factor respectively.

Complex exponential representation of equation (2.2) is given as

y(n) = s(n) +w(n)

M
= > @ +wn), n=0,1,2..,N~1 (2.3)
j=1

where «; = (a;/2)e¥i, M = 2K. For real signal there are two complex conjugate exponents 3; =
bj+iw;, where @; > 0 and w; € [-nx, n].
2.2.2 Prony estimation and modifications

Since «a; is independent of §;, the nonlinear estimation problem can be written as a linear regres-

sion problem as suggested by Hildebrand [80]. The original work of Prony [27] uses one dimensional
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null space to find the coefficients of the characteristic polynomial, where the roots are the modes
present in the signal. The recent trends is to formulate the problem as a backward or forward linear

predictive model, which utilizes a high dimensional null space, as shown in equation (2.4).

¥(1) o e o el | o
¥2) & o @enfle] |
V-1 yN-L+1) . yN=D||e|  pv-rL-1)
A-g = -h 2.4)
g = —[ATA]'ATh (2.5)

where, g is the vector of backward prediction coefficient. L is chosen such that M < L < N—M, where
M are true signal components and the rest L — M are extraneous noise components. This also provides
noise immunity as it tries to fit the noise components by additional exponent terms of the model. The
above equation can also be written in augmented form as A’ g’ = 0, where A’ = (h|A) and g’ = (1, g7)".
If the data is noiseless, then solution to polynomial G(z) = 1 + g1z + 2zt + .+ gt will provide
Zeros z; = ePi,j=1,2,..... , L. The location of these extraneous zeros depends on the choice of
g’ belonging to the null space of A’. By constraining g vectors as min Y-, |g;/%, the extraneous zeros
lies inside the unit circle [39], hence, the signal modes could be estimated by reflecting the identified
modes inside the unit circle. Further to reduce the sensitivity of zeros towards noise, Kumaresan-
Tufts [38] have suggested a subspace decomposition based technique which reduces the effect of
noise on the location of zeros. They have used singular value decomposition (SVD) to determine
a low rank approximation of the matrix A. The approximation is done by considering only larger
singular values, as they corresponds to the signal subspace while ignoring other smaller singular
values as they corresponds to the noise subspace.

For doing so, in [35], an index is defined as

1
2, 2 212
pitpyt-+pi |

K(i) (2.6)

PrHpy
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2.3 Effects of outliers

where p; is the i-th singular value and K(i) is monotonously increasing index. As i approaches to the

real signal order, K(i) is very close to unity.

2.3 Effects of outliers

To explain the sensitivity of the improved Prony (as explained in the above Section 2.2) and
robustness of the proposed method towards outlier, we have taken a test signal x(t) = e *¥cos(2nt)
with an additive Gaussian noise. Figure 2.3(a) shows the zeros corresponding to the signal zeros
and extraneous zeros obtained with improved Prony without outlier. The signal zeros fall outside the
unit circle and hence could be identified. Figure 2.3(b) shows the zero plot obtained by improved
Prony for the signal corrupted with outlier. It is hard to identify the signal zeros as both signal zeros
and extraneous zeros are inside the unit circle. Figure 2.3(c) shows the effectiveness of the proposed
method, which is a robust version of improved Prony method by utilizing the robust estimation of
covariance matrix. Here, we have used the data with outliers, and could see that signal zeros fall

outside the unit circle and hence can be identified.
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Figure 2.3: Zero plot of signal and noise for (a) Prony method without outlier; (b) Prony method with outlier;
(c) Proposed method with outlier.
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Figure 2.4: Covariance ellipsoidal using classical technique for clean data and outlier corrupted data.

Figure 2.4 shows the scatter plot of data matrix A obtained from the signal x(t) = e *¥*cos(2nt)
having an order L = 2 along with a single outlier and the covariance ellipsoid constructed using
the classical technique of covariance estimation (i.e., covariance ellipsoid containing 98% of data
points) on the data de-noised using SVD. The classical technique being the solution of an optimization
problem involving squared error [81-83] is known to be very sensitive to outliers or high variance
noise. As seen in Figure 2.4, the covariance ellipse strongly changes its direction depending on
the position of the outliers and also area of the ellipse increases by a significant factor. Thus the
correlation between the variables is affected along with the increase in the volume of the covariance

ellipse. This leads towards error in the estimated modes.

2.4 Proposed Robust Modified Prony
The proposed method i.e., robust modified Prony for mode identification is based on robust esti-
mation of the covariance matrix used in (2.4) and (2.5) which can be rewritten as
ATA. g = -ATh (2.7)
Ri-g8 = Ry (2.8)
where R, is the covariance matrix of A and Ry, is ATh. Since the covariance matrix Ry is corrupted by

noise and outliers, the proposed robust method utilizes the robust estimation of the covariance matrix

using minimum covariance determinant (MCD) followed by low rank approximation as shown in the
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2. Estimation of Low-Frequency Modes in Power System with Robust Modified Prony

following subsection.
2.4.1 Minimum Covariance Determinant (MCD)

Rousseeuw and Driessen [84] suggested this technique and is found to be useful for time series
data analysis. It searches iteratively for the best samples to represent the covariance structure with the
lowest possible covariance determinant.

The basic computation steps are as follows:

Step 1: The rows of matrix A are considered as samples a; and columns as dimensions, where L
is the dimension of each sample and (N — L) are the number of samples. A set of random k samples

are taken as K.
k=12«x|(n+L+1)/2]|—-n
+2x(m—|(n+L+1)/2)]%0.75)

where 7 is the number of observations.

Mean and covariance are calculated as,

1
T, = - ) a (2.9)
kiGKl
1
Si = o) @=T) @-T) (2.10)
i€k,

where K; C 1,...,(N - L)and |[K|| = k

Step 2: The Mahalanobis distance is computed for each sample as d, (i) = \/ (a; — Tl)TSI1 (a; —T))
fori=1,2,...,(N — L) and det(S;) # 0

Step 3: Distances are sorted in increasing order and only the samples with first k£ shortest distances
are considered and a set of new samples K, is taken.

Step 4: The new mean and covariance T, and S, are computed and the same procedure is followed
iteratively until det(S;,;) = det(S;) for the j-th iteration. Now, S; is the estimate for the covariance
matrix.

Each step iteratively selects samples with decreasing covariance determinant. These steps are
known as C-step where C represents the concentration steps. This is because in each step the area

of ellipsoidal decreases and hence more concentrated samples with less covariance determinants are
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Figure 2.5: Comparison of the classical and MCD algorithm based covariance ellipse for outlier data with
covariance ellipse with clean data.

obtained. Similar simulation is done with matrix A obtained from the signal x(f) = e %*cos(2nt)
having an order L = 2 along with a single outlier. The two-dimensional scatter plot and classical and
robust ellipsoidal are plotted together in Figure 2.5. Here outlier free ellipse and the robust covari-
ance ellipse with outlier overlaps with each other with almost similar covariance ellipse, whereas the
classical covariance ellipse becomes circular. This shows the robust performance of MCD algorithm
in presence of outlier where the classical technique fails.
2.4.2 Low rank approximation
The minimum covariance determinant (MCD) calculated using MCD algorithm is designed to
estimate a covariance matrix which is close to the covariance corresponding to the original data in
terms of their determinant, it tends to retain the effect of the noise in the original data. Since, outliers
would have been eliminated by MCD and the estimated covariance matrix is affected only by noise, an
SVD is utilized to determine the low rank approximation by considering only larger singular values,
as they corresponds to signal subspace and ignoring other smaller singular values as they corresponds
to noise subspace [85].
2.4.3 Identification of Power System Modes using the Proposed robust modified Prony Method
Block diagram in Figure 2.6 shows the various steps for on-line monitoring of low frequency
modes of power system corresponding to the generator’s swing. The estimation of these low fre-

quency mode can be done using power signal acquired through the phasor measurement units (PMUs),
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Figure 2.6: Block diagram for on-line estimation using proposed method i.e, robust modified Prony.

which may contain bad data.

The steps for estimating the modes using the proposed method are as follows:

Step 1: The proposed technique i.e., robust modified Prony method uses a block of N recent
samples of the active power acquired through the PDC, where N is approximately taken as the ratio
of the phasor data rate of the PMU and the minimum limit of the frequency of the estimator.

Step 2: These samples are then down sampled.

Step 3: The proposed method is mainly concentrated on estimating the robust covariance matrix
R, of the Hankel data matrix A using minimum covariance determinant technique [84]. The best
samples having the lowest possible covariance determinant is iteratively searched using C-steps to
represent the covariance structure of the matrix. Thus, the estimated covariance matrix is free from
the effect of outlier which depicts the robust performance of the MCD algorithm.

Step 4: As the proposed method requires an accurate estimation of the signal components to
mitigate the effect of noise, equation (2.6) is used to estimate the signal order. SVD is done on the
robust matrix R, and polynomial co-efficient are calculated from C, i.e., low rank approximation of
Ra.

Step 5: The estimated modes which corresponds to a block of N most recent samples, are stored
in the PDC.
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Step 6: The whole process is repeated for the arrival of N new recent samples.

2.5 Simulation Results

To illustrate the effectiveness of the proposed method i.e., robust modified Prony, the simulations
are done on two synthetically generated sinusoidal signals with known attenuation factor and fre-
quency in the presence of outlier (=10x the peak of the signal value) at different SNR corresponding
to local mode and inter-area mode of oscillations. Performance evaluation is done by performing
10000 Monte Carlo simulation for the proposed method, the improved Prony and the modified TLS-
ESPRIT method. The simulation also includes the comparison of the proposed method with the other
methods on two-area system and real data obtained from the PMU connected in the WECC system.
For a comparative analysis of the effect of an outlier, the present work has taken a signal with differ-
ent values and position of outlier. For the synthetic test signal, a time window having a duration of
20 s with 251 samples of active power acquired from the PMU at the sampling frequency of 12.5 Hz,
while for two-area system, a time window of 10.16 s with 128 samples of active power acquired at a
sampling rate of 12.5 Hz. For WECC system a time window having a duration of 8.55 s is utilized

for estimations of low frequency modes.

2.5.1 Test signal Corresponding to Local Mode

—-0.1¢

A test signal x(t) = e 'cos(2nt + ¢) corresponding to local mode is considered for mode estima-

tion to carry out simulation in this section.
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Table 2.1: Mean and Variance of the estimated mode for the improved Prony, the modified TLS-ESPRIT and
the Proposed Method for outlier (=10 X peak value) placed towards the end of the signal at different SNR (Test
signal- local mode)

Improved Prony

Estimated Attenuation factor (True value=-0.1)

Estimated Frequency (True value= 1 Hz)

SNR (dB) |u (Mean) o? (Variance) i (Mean) o? (Variance)
40 0.0229 9.206x1078 1.006 1.984x107°
30 0.0229 9.209x1077 1.006 1.984x1078
20 0.0231 9.226x107° 1.006 1.983x1077

Modified TLS-ESPRIT

Estimated Attenuation factor (True value= -0.1)

Estimated Frequency (True value= 1 Hz)

SNR (dB)|u (Mean) o? (Variance) i (Mean) o? (Variance)
40 -0.0869 3.292x1078 1.0011 4.342x107°
30 -0.0869 3.267x107’ 1.0011 3.464x1078
20 -0.0870 3.301x107° 1.0011 3.396x107’

Proposed Method (Robust Modified Prony)

Estimated Attenuation factor (True value=-0.1)

Estimated Frequency (True value= 1 Hz)

SNR (dB) |u (Mean) o? (Variance) 1 (Mean) o? (Variance)
40 -0.1000 5.571x1078 1.0000 1.482x107°
30 -0.1000 5.622x1077 1.0000 1.471x1078
20 -0.1000 5.774x107° 1.0000 1.456x1077

Performance comparison among all the methods for this test signal for the estimated attenuation

factor and frequency with the outlier injected at the end of the sample is shown in Table 2.1. It is ob-

served that the estimated mean value of attenuation factor degrades highly for improved Prony while

the proposed method provides much more close results ( i.e, estimated mean value of attenuation

factor is equal to —0.1) than that of modified TLS-ESPRIT (which has a mean value of —0.0869 for

SNR= 40 dB and SNR=30 dB and —0.087 for SNR= 20 dB). For estimated frequency all the methods

gives good results with the proposed method estimating much more accurate results as depicted by its

mean and variance values as provided in Table 2.1.
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Table 2.2: Mean and Variance of the estimated mode for the improved Prony, the modified TLS-ESPRIT and
the Proposed Method for outlier (=10 X peak value) placed towards the beginning of the signal at different SNR

(Test signal- local mode)

Improved Prony

Estimated Attenuation factor (True value=-0.1)

Estimated Frequency (True value= 1 Hz)

SNR (dB)|u (Mean) o? (Variance) 1 (Mean) o? (Variance)
40 0.0093 6.484x1078 1.0024 1.651x107~°
30 0.0093 6.364x1077 1.0024 1.657x1078
20 0.0095 6.354x107°¢ 1.0024 1.576x1077

Modified TLS-ESPRIT

Estimated Attenuation factor (True value=-0.1)

Estimated Frequency (True value= 1 Hz)

SNR (dB)|u (Mean) 0% (Variance) u (Mean) o? (Variance)
40 -0.0676 1.831x1078 1.0028 3.144x107°
30 -0.0676 1.787x1077 1.0028 2.450x1078
20 -0.0676 1.752x10°¢ 1.0028 2.454x1077

Proposed Method (Robust Modified Prony)

Estimated Attenuation factor (True value= -0.1)

Estimated Frequency (True value= 1 Hz)

SNR (dB)|u (Mean) o (Variance) 1 (Mean) o? (Variance)
40 -0.1000 1.533x1077 1.0000 3.896x107°
30 -0.1000 1.513x10°° 1.0000 3.932x1078
20 -0.1000 1.551x107° 1.0000 3.857x1077

Performance check of all the methods for this test signal corresponding to the estimated mean

value of attenuation factor and frequency for outlier injected towards the beginning of the sample is

shown in Table 2.2. Improved Prony gives incorrect attenuation factor while the proposed method

gives correct mean, i.e, the estimated mean value of attenuation factor is equal to —0.1 as compared

to the modified TLS-ESPRIT which is equal to —0.0676. For estimated frequency, it is observed that

all the methods gives good results even with high noise level with the proposed method giving more

accurate mean, i.e, estimated mean value of frequency is equal to 1 Hz.
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Table 2.3: Estimated Attenuation factor and Frequency for the improved Prony, the modified TLS-ESPRIT,
ERA/Prony and the Proposed Method for test signal without noise and without outlier (Test signal- local mode)

Methods Attenuation factor (True value=-0.1) Frequency (True value= 1 Hz)
Improved Prony -0.1000 1.000
Modified TLS-ESPRIT -0.1000 1.000
ERA/Prony -0.1000 1.000
Proposed Method -0.1000 1.000

Table 2.4: Estimated Attenuation factor and Frequency for the improved Prony, the modified TLS-ESPRIT,
ERA/Prony and the Proposed Method for test signal without noise but with outlier (=10 X peak value) (Test
signal- local mode)

Methods Attenuation factor (True value=-0.1) Frequency (True value= 1 Hz)
Improved Prony 0.0229 1.0006
Modified TLS-ESPRIT -0.0869 1.0011
ERA/Prony -0.1223 1.0009
Proposed Method -0.1000 1.0000

Performance comparison for all the methods for the test signal without noise and without outlier
is shown in Table 2.3. It is observed that all the four methods gives accurate attenuation factor and
frequency estimates. Performance analysis is also done for test signal without noise, but with outlier
(whose value is 10 times the peak signal value) as shown in Table 2.4. Improved Prony method
provides more erroneous estimates in presence of large outliers as seen in the estimated attenuation
factor value from Table 2.4, while the proposed method is better as compared to the modified TLS-

ESPRIT and ERA/Prony method in estimating the attenuation factor and frequency.

TH-1796_11610239

32



2.5 Simulation Results

Table 2.5: Mean and Variance of the estimated mode for the improved Prony, the modified TLS-ESPRIT,
ERA/Prony and the Proposed Method for outlier (=10 X peak value) placed towards the beginning of the signal
at different SNR (Test signal- inter-area mode)

Improved Prony

Estimated Attenuation factor (True value= -0.07)

Estimated Frequency (True value= 0.4 Hz)

SNR (dB)|u (Mean) o? (Variance) 1 (Mean) o? (Variance)
40 0.0365 1.477x1077 0.3973 2.747%x107°
30 0.0365 1.482x1076 0.3973 2.733x1078
20 0.0368 1.482x1073 0.3973 2.813x1077

Modified TLS-ESPRIT

Estimated Attenuation factor (True value= -0.07)

Estimated Frequency (True value= 0.4 Hz)

SNR (dB)|u (Mean) o? (Variance) 1 (Mean) o? (Variance)
40 -0.0811 4.105x1078 0.3981 5.475%107°
30 -0.0811 3.992x1077 0.3981 4.793x1078
20 -0.0811 3.953x107°¢ 0.3981 4.712x1077
ERA/Prony

Estimated Attenuation factor (True value=-0.07)

Estimated Frequency (True value= 0.4 Hz)

SNR(dB) | (Mean) o? (Variance) 1 (Mean) 0% (Variance)
40 -0.0929 2.249x1078 0.3995 1.630x107%
30 -0.0929 2.189x1077 0.3995 1.668x1077
20 -0.0929 2.259%107¢ 0.3995 1.672x1076

Proposed Method (Robust Modified Prony)

Estimated Attenuation factor (True value= -0.07)

Estimated Frequency (True value= 0.4 Hz)

SNR (dB)|u (Mean) o? (Variance) 1 (Mean) o? (Variance)
40 -0.07 5.148x1078 0.4000 1.336x107°
30 -0.07 5.093x1077 0.4000 1.351x107%
20 -0.07 5.055x107° 0.4000 1.339x1077
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Table 2.6: Mean and Variance of the estimated mode for the improved Prony, the modified TLS-ESPRIT and
the Proposed Method for outlier (=10 X peak value) placed towards the end of the signal at different SNR (Test
signal- inter-area mode)

Improved Prony

Estimated Attenuation factor (True value = -0.07) || Estimated Frequency (True value = 0.4 Hz)

SNR (dB)|u (Mean) o? (Variance) 1 (Mean) o? (Variance)
40 0.0736 2.922x1077 0.4032 4.243%x107°
30 0.0737 2.999%x107° 0.4032 4.203%x1078
20 0.0744 3.024x1073 0.4032 4.315%1077

Modified TLS-ESPRIT

Estimated Attenuation factor (True value = -0.07)

Estimated Frequency (True value= 0.4 Hz)

SNR (dB)|u (Mean) o? (Variance) u (Mean) o? (Variance)
40 -0.1230 1.072x107~7 0.4036 1.048x1078
30 -0.1230 1.070x107¢ 0.4036 1.001x1077
20 -0.1230 1.067x1073 0.4036 9.796x107’

Proposed Method (Robust Modified Prony)

Estimated Attenuation factor (True value = -0.07)

Estimated Frequency (True value= 0.4 Hz)

SNR (dB)|u (Mean) o? (Variance) u (Mean) o? (Variance)
40 -0.07 1.157x1077 0.4000 2.727x107°
30 -0.07 1.154x107°¢ 0.4000 2.729%x1078
20 -0.07 1.179%1073 0.4000 2.733x1077

2.5.2 Test signal Corresponding to Inter-Area Mode

This section uses a test signal x() = e % cos(270.4t + ¢) corresponding to inter-area mode for
mode estimation.

The mean and variance of the estimated mode in terms of attenuation factor and frequency by
the improved Prony, modified TLS-ESPRIT, ERA/Prony and the proposed method for outlier placed
towards the beginning of the test signal is provided in Table 2.5. Estimated attenuation factor with

improved Prony method gives inaccurate attenuation factor while the proposed method has a mean
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value of —0.07 which is better than modified TLS-ESPRIT and ERA/Prony which have mean of
—0.0811 and —0.0929 respectively. For estimated frequency, the mean estimated by the proposed
method is 0.4 Hz and has low variance as compared with the other methods. Table 2.6 provides the
performance of all the methods for this test signal corresponding to estimated attenuation factor and
frequency for the outlier placed towards the end of the samples. It is observed that the mean of the
estimated modes by the proposed method is accurate as compared to the other methods.

2.5.3 Mode estimation for different ranges and position of outliers

The test signal of Section 2.5.1 i.e., x(t) = e *'cos(2nt + ¢) is used for the analysis in this section
with a SNR of 40 dB.

Table 2.7 provides a comparison of all the methods without outlier. It is observed that the proposed
method works well for a signal with no outliers and is comparable in performance with the other
methods. Figure 2.7(a) and 2.7(b), shows the plot of estimated attenuation factor and frequency,
respectively for all the methods with varying magnitudes of outliers. It is observed that the proposed
method is almost insensitive to the presence of outliers, whereas the error in the estimated modes by
the other methods increases significantly. Table 2.8 shows the effectiveness of the proposed method
in estimating modes for different position of the occurrence of outlier in the signal. It is observed that

the proposed method is almost insensitive towards the location of the outlier.
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Table 2.7: Mean and Variance of the estimated attenuation factor and frequency for the improved Prony, the
modified TLS-ESPRIT, ERA/Prony and the Proposed Method for test signal without outlier with SNR=40 dB
(Test signal- local mode)

Estimated Attenuation factor (True value=-0.1)

Methods i (Mean) ¢ (Variance)
Improved Prony -0.1000 4.46x1078
Modified TLS-ESPRIT -0.1000 4.05x1078
ERA/Prony -0.1000 1.88x1078

Proposed Method (Robust Modified Prony)  -0.1000 4.41x1078
Estimated Frequency (True value= 1 Hz)

Methods i (Mean) o (Variance)
Improved Prony 1.000 1.15x107°
Modified TLS-ESPRIT 1.000 1.29%x107°
ERA/Prony 1.000 4.29x107°
Proposed Method (Robust Modified Prony)  1.000 1.14x107°

Table 2.8: Mean and Variance of the estimated attenuation factor and frequency for the improved Prony,
the modified TLS-ESPRIT and the Proposed Method for the test signal for different position of outlier with
SNR=40 dB (Test signal- local mode)

Estimated Attenuation factor (True value=-0.1)

Outlier Position Improved Prony Modified TLS-ESPRIT Proposed Method
(Sample No) | u (Mean) | o (Variance) || u (Mean) | o (Variance) || u (Mean) | o> (Variance)
50 0.0093 6.321x1078 -0.0676 | 1.881x1078 -0.1000 | 1.533x1077
100 0.0149 | 6.916x1078 -0.0753 | 2.495x1078 -0.1000 | 1.109x1077
150 0.0194 | 8.347x1078 -0.0818 | 2.878x107® -0.1000 | 7.189x1078
200 0.0229 | 9.077x1078 -0.0869 | 3.343x1078 -0.1000 | 5.414x1078

Estimated Frequency (True value= 1 Hz)

Outlier Position Improved Prony Modified TLS-ESPRIT Proposed Method
(Sample No) | u (Mean) | o (Variance) || u (Mean) | o (Variance) || u (Mean) | o> (Variance)
50 1.0024 | 1.621x107° 1.0028 | 3.205x107° 1.0000 | 3.899x107~°
100 1.0017 1.362x107° 1.0021 3.214x107° 1.0000 | 2.982x107°
150 1.0011 1.630x107° 1.0016 | 3.642x107° 1.0000 1.857x107°
200 1.0006 | 2.053x107° 1.0011 4.395%x107° 1.0000 1.474x107°
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Figure 2.7: Test signal- local mode (a) Estimated attenuation factor against outlier; (b) Estimated frequency
against outlier.
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2.5.4 Mode estimation for the two-area test system

Mode estimation is done for a two-area power system [9], as shown in Figure 2.8. Table 2.9 shows
the estimated modes for the two-area system which corresponds to low-frequency oscillations of the
power in line 10 — 9. The data for estimating the modes is obtained by considering the loss of 40 MW
of load at bus 8 which causes low-frequency oscillations. The measurements corresponding to the
power oscillations are taken from a PMU installed at bus 9 with an outlier of magnitude 1.2 times the
peak value of signal injected into the measurements. The mean and variance of the estimated mode
is shown in Table 2.9 at SNR= 20 dB by running 10000 Monte Carlo runs. Since, the magnitude
of an outlier is very small, the mode estimated by the other methods are also comparable to the
proposed method. The modes estimated by the proposed method are very close to the values obtained
from the small signal stability analysis (SSA) based on the eigen values of the state matrix [9] as
compared to the other methods. Table 2.10, which shows the effect of large outlier (=10x the peak
value) on various methods. It could be observed from the comparison provided in the Table 2.10 that
the proposed method is insensitive to outlier while the estimation of modes by the other methods is

severely affected with the presence of outlier.
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Figure 2.8: Single line diagram of the two-area system.
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Table 2.9: Estimated Critical Modes of Low-frequency oscillations for a 2-Area System with loss of 40 MW
for SNR=20 dB with outlier (=1.2x peak value of the signal, Test signal- inter-area mode)

Mode 1 (Attenuation factor= -0.25, freq= 0.5374 Hz) obtained from SSA

Attenuation factor

Frequency

Methods i (Mean) || o (Variance) || u (Mean) || o (Variance)
Improved Prony -0.2520 1.826x107* 0.5352 4.983x107°
Modified TLS-ESPRIT -0.2442 9.457x107° 0.5363 1.854x107°
Proposed Method (Robust Modified Prony) || -0.2482 1.890x107* 0.5355 4.515x107°
Mode 2 (Attenuation factor=-0.25, freq= 1.1950 Hz) obtained from SSA
Attenuation factor Frequency

Methods i (Mean) || o (Variance) || u (Mean) || o (Variance)
Improved Prony -0.1923 2.40x 1073 1.1648 1.515x107*
Modified TLS-ESPRIT -0.0974 3.00 x 1073 1.1640 6.079 x 10~
Proposed Method (Robust Modified Prony) -0.2101 2.50x 1073 1.1800 4.384x107*
Mode 3 (Attenuation factor=-0.25, freq= 1.2047 Hz) obtained from SSA
Attenuation factor Frequency

Methods u (Mean) || o (Variance) || u (Mean) || o (Variance)
Improved Prony -0.1064 2.30x 1073 1.225 1.433x107*
Modified TLS-ESPRIT -0.1554 1.33x1072 1.2074 5.10x1073
Proposed Method (Robust Modified Prony) -0.1772 5.70 x 1073 1.220 2.038x107*
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Table 2.10: Estimated Critical Modes of Low-frequency oscillations for a 2-Area System for outlier (=10x

peak signal value) without noise

Mode 1 (Attenuation factor= -0.25, freq= 0.5374 Hz) obtained from SSA

Methods Attenuation | Frequency
Improved Prony 1.3599 0.5628
Modified TLS-ESPRIT 0.0958 0.5416
Proposed Method (Robust Modified Prony) -0.2651 0.5355

Mode 2 (Attenuation factor=-0.25, freq= 1.1

950 Hz) obtained from SSA

Methods Attenuation | Frequency
Improved Prony 0.4405 1.1484
Modified TLS-ESPRIT -0.0318 1.1698
Proposed Method (Robust Modified Prony) -0.1531 1.1813

Mode 3 (Attenuation factor= -0.25, freq= 1.2047 Hz) obtained from SSA

Methods Attenuation | Frequency
Improved Prony 1.2628 1.667
Modified TLS-ESPRIT 0.1162 1.3864
Proposed Method (Robust Modified Prony) -0.2443 1.2325

2.5.5 Mode estimation utilizing the probing test data of the WECC system

A data corresponding to the probing test of the WECC system obtained on September 14, 2005
[78] is used for the performance evaluation of the proposed method as shown in Figure 2.9 [75].
Window 1 (20 : 10 : 11.993 — 20 : 10 : 20.526 UTC) and Window 2 (20 : 15 : 13.324 — 20 :
15 : 21.857 UTC) corresponds to the data acquired after the first and second sequential signal mode
probing of £125 MW respectively. Window 3 (20 : 00 : 03.333 =20 : 00 : 11.866 UTC) corresponds
to ambient data. The estimated modes for the North-South Swing was reported in literature to be 0.318
Hz and 8.3% damping [79]. Each analysis window of real probing data utilized for mode estimation
is artificially corrupted by an outlier of strength 3 times the peak value. From the Table 2.11, it

is observed that for each analysis window the improved Prony method fails to give correct mode

estimation. For the analysis window 1, the proposed method gives a better estimate of the frequency
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as compared to TLS-ESPRIT and ERA/Prony algorithm. For analysis window 2, the proposed method
gives the value of damping (8.86% damping) almost same as the reported value [79] (8.3% damping)
as compared to the other methods. For analysis window 3, the proposed method gives a better mode
estimate as compared to the other methods. Table 2.12 compares the methods without an outlier, it is

observed that the estimated modes are comparable to each other.
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Figure 2.9: Probing data corresponding to the real power flow.
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2.6

Table 2.11: Estimated mode analysis for outlier (= 3x peak signal value) placed in each window

Estimated mode for Analysis window 1
Attenuation || Frequency || % Damping
Improved Prony -2.66 0.0318 99.71
Modified TLS-ESPRIT -0.1313 0.323 6.45
ERA/Prony -0.2204 0.3267 10.67
Proposed Method (Robust Modified Prony) -0.1204 0.3179 6.01
Estimated mode for Analysis window 2
Attenuation || Frequency |[ % Damping
Improved Prony -2.1711 0.0246 99.74
Modified TLS-ESPRIT -0.1527 0.3178 7.62
ERA/Prony -0.1533 0.3155 7.70
Proposed Method (Robust Modified Prony) -0.1753 0.3135 8.86
Estimated mode for Analysis window 3
Attenuation || Frequency || % Damping
Improved Prony -2.1779 0.3216 73.32
Modified TLS-ESPRIT -0.0443 0.2984 2.36
ERA/Prony -0.0555 0.2804 3.14
Proposed Method (Robust Modified Prony) -0.0669 0.3199 3.32

Table 2.12: Estimated mode analysis without outlier for Analysis window 2

Methods Attenuation || Frequency || % Damping
Improved Prony -0.1513 0.3159 7.61
Modified TLS-ESPRIT -0.1867 0.3153 9.38
ERA/Prony -0.1817 0.3062 9.40
Proposed Method (Robust Modified Prony) -0.1529 0.3114 7.79

Conclusion

This chapter proposes to modify improved Prony method by suggesting to use robust covariance

matrix based on minimum covariance determinant (MCD) algorithm to take care of the outliers in the
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sample data followed by low rank approximation to mitigate the effect of noise. Thus, the proposed
method i.e., robust modified Prony can estimate modes very effectively in the presence of sample
outliers, and also suitable for high variance Gaussian noise. To show the effectiveness of the proposed
method, the performance of the method has been evaluated on known test signals, 2-area system and
real PMU data taken from WECC system with the data sample corrupted with outlier.

From the simulation results as shown in Section 2.5, it could be inferred that the proposed method
is indeed robust towards the presence of outliers as compared with the other methods such as improved
Prony and modified TLS-ESPRIT. Simulation results are also included for a test signal with varying
magnitude and different position of outlier sample on the mode estimated by different methods. It
is observed that when the magnitude of outlier is less, i.e., 1.2 times the peak value of the signal,
the performance of all the methods are comparable, but as the magnitude of outliers increases the
proposed method tends to give more accurate results as compared with the other methods, since, the

other methods are not designed to mitigate the effect of the presence of outlier sample.
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Estimation of Low-Frequency Modes in
Power System with Robust TLS-ESPRIT

3.1 Introduction

Robust modified Prony based low frequency critical mode estimation method, as proposed in
Chapter 2, uses minimum covariance determinant (MCD) technique to find the robust covariance
to mitigate the effect of an outlier. This method is more effective as compared to the improved
Prony, modified TLS-ESPRIT and ERA/Prony methods. MCD algorithm involves computing the
determinant of the sample covariance matrix for all the subsamples which comprises of 50% of the
initial data [86]. To make it more suitable for its implementation, the code FAST-MCD [84] utilizes
the p-subset algorithm which considers only a reduced number of subsets. However, this algorithm
may lead to a relatively unstable results, particularly for small datasets. The MCD estimator has
high breakdown point, but comes at the expense of low Gaussian efficiency. Even though the MCD
estimator is widely used, there are other highly robust estimators which are more efficient than MCD
and have smooth influence function [87]. One of the method among them is a MM estimator [82, 88].
Since, TLS-ESPRIT [51, 75] method is less sensitive to noise as compared to the Prony method in

estimating the modes, this chapter has combined the advantage of MM estimator and TLS-ESPRIT
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for estimating modes, where the MM estimator is utilized to minimize the effect of outliers.

This chapter motivates towards the improvement of the existing modified TLS-ESPRIT method,
so that it can provide more accurate estimate of the low frequency oscillatory modes in the presence
of outliers in the measured data. Section 3.2, briefly explains the modified TLS-ESPRIT method.
Section 3.3, explains briefly how the covariance matrix used in the modified TLS-ESPRIT method
is affected by outliers. Section 3.4, explains the proposed robust TLS-ESPRIT method. Section
3.5, discusses the results. Comparison of the modified TLS-ESPRIT [75] with the proposed method
are performed for two test signals in the presence of an outlier with different SNR corresponding
to local mode and inter-area mode, respectively. The proposed method is further compared with
robust modified Prony for different position of outliers in the signal and also for two-area system [9].
The effectiveness of the proposed method is also demonstrated for real time signal of the WECC

system [78,79]. Section 3.6, presents the conclusions.
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3.2 ESPRIT Estimation

3.2.1 Power system signals

The model of the power system signal used in the proposed method is same as presented in Chapter
2, Section 2.2.1. This consists of exponentially-damped sinusoids with additive white noise. The

complex exponential form representation as given in equation (2.3), is expressed below as

y(n) = s(n) +w(n)

M
= Z a ;" + w(n) (3.1)

J=1
3.2.2 Modified TLS-ESPRIT

The details about the modified TLS-ESPRIT is given in reference [75]. Considering the complex

exponential signal model and assuming a data vector of size L, equation (3.2) is obtained as
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The signal is expressed as a linear combination of M basis vectors which are exponentially damped.

M

s(n) = Y si(n). The k™ component of the signal vector can be expressed as
k=1

Sk(l’l) 1
sp(n+1) e
se(n) = . = ape™| (3.3)
s+ L—=1) [ g

Substitution of equation (3.2) in (3.3) yields

y(n) = AS+ w(n) (3.4
Here A is denoted as
1 1 1
eﬂl 6'82 eﬁM
A =
eL-DBl oL-DB  (L-DBy
— [a(ﬁl)’ a(ﬁZ)a a(ﬁM)] (35)

S=[&1, &2, ....&M]T and &k = a/ke”ﬁ"

The vectors are defined below as

p(”) = [)’(”), ,)’(” +L— 1)]T

=AS +w,; (3.6)

qn) = [y(n+1),...y(n+ L)]"

= ATS + w, (3.7
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r(n) = [yn+2),...y(n+ L+ 1D]"

= A)’S + w; (3.8)

The vectors p(n), q(n) and r(n) are related to each other by the I' matrix which is defined as I' =
diag[eP eP>...e#"] and wy, w, and ws are the noise vectors of p(n), q(n) and r(n) respectively. Equa-
tions (3.7) and (3.8) can be obtained by exploiting the shift invariance signal properties. In TLS-
ESPRIT method, the data must be divided into two orthogonal subspaces namely signal and noise
subspace. Singular value decomposition (SVD) technique is used to separate the data into two sub-

spaces. Noise is assumed as zero mean white Gaussian.

Ryy = E[y(n)y*(n)]

= ARA" + ¢’1 (3.9)

Here R; is the signal covariance matrix and o represents the variance of the noise. After application

of SVD on the covariance matrix R,,, the following equation is obtained.
R, = EAE; +E,LE; (3.10)

Where A; is the singular value of the signal subspace and A, is the singular value of the noise subspace.
Since, A and Eg span the same signal subspace, therefore a linear transform T exists such that E; =
E, = AT. Thus the basis corresponding to the data vectors p(n), (n) and r(n) must satisfy the

following equations

E AT
[ E: ] - [ AT ] G.11)

[ gp ] - [ iITQT ] (3.12)

The basis vectors for the signal subspace containing the data vectors p(n), q(n) and r(n) are rep-
resented in the columns of the matrices E,, E, and E, respectively. Equations (3.11) and (3.12) are

obtained by exploiting the shift invariance properties of the signal [48]. Total least square method [81]
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is used to get the approximated solution of these two equations having the objectives

min | [ g;’ ]—[ :ITT ] P (3.13)

| E, AT >
min || [ E, ]— [ AL2T ] | (3.14)
The modes estimated by the equation (3.13) and (3.14) are averaged to get the estimated modes by

the modified TLS-ESPRIT.
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3.3 Effects of outliers

Since the modified TLS-ESPRIT method is also based on least square approach, it is highly sen-
sitive to the presence of an outlier. These outliers induces a change in the magnitudes of eigenvalues,
direction of eigenvector and covariance structure of the matrix [82]. The covariance ellipsoid strongly
changes its direction with respect to the position of outliers resulting in increase in the ellipsoidal area.

The details about it has already been discussed in Section 2.3 of Chapter 2.
3.4 Proposed Robust TLS-ESPRIT

In the proposed robust TLS-ESPRIT, the classical covariance matrix as given by equation (3.9) is

replaced by the estimated robust covariance as explained in the subsection below.

3.4.1 Robust Covariance using MM Estimator

The data matrix D is constructed from the given data samples as shown in the equation below

v(0) y(1) ... y(N-L+1)

1 2) .. YN-L+2
D= y(.) y(_) A & = [X1, X2, corr X (3.15)
YL =1) yL) .. Y(N)

Modified TLS-ESPRIT has utilized the covariance matrix R,,, which is observed to be sensitive to-
wards the presence of outliers. To mitigate the effect of the presence of an outlier in the data matrix D,
the present work uses MM estimator to estimate the robust covariance matrix (R,y4ifica), and hence

the proposed robust TLS-ESPRIT method is found to be robust with the presence of an outlier.
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3.4.2 MM Estimator

MM estimators are robust to outliers as well as efficient to normal data. At first a S estimator is
used to obtain a robust scale estimate and then the shape matrix and the location vectors are deter-
mined by a much more efficient M estimator [89,90]. The proposed method which provides the esti-
mate of the covariance matrix based on S and M estimator, which is also known as MM estimator. The
various steps involved in estimating the covariance matrix using the data matrix D = [xy, Xy, .....X,]
based on MM estimator are as follows:

Step 1: For independent and identically distributed observations Xi,X,,....,X,, from a p- variate
population, having location g, and covariance X, the multivariate S estimator (f,, ¥,,) can be defined

as the one that minimizes |C| subject to

LS oy =T C =T = b (3.16)
n i=1

over all T € R” and C € PDS (p). Here, PDS (p) denotes the class of positive definite symmetric
p X p matrix.
To attain consistency at normal model, b is taken as b = Eyq,p¥(l| r [[), where r has N(0, I)

distribution, and

2 4 6

%_23?_'_657 | s 1< ko
Yols) =4y . 7 7

= | s[> ko

The default value of kg is 2.9366 so that the consistent scale estimate has 25% breakdown value. This
gives (/Jn,f.,,). The robust scale estimate is then calculated as &, = |X,|'/?".
o e . A Lo} . n V X;— - X;—
Step 2: The minimizer (x,.I',) is found for % D wl(%l(T)), overall T € R? and G €
i=1 "

PDS (p), for which |G| = 1, and

2 4 6

Sosd g2k
i) =4 . ! !

< |'s >k

6

The default value of k; is 3.440 so that the MM estimate has 85% Gaussian asymptotic efficiency.

The robust covariance matrix is then calculated as, ¥, = &,°L,..
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Figure 3.1: Block diagram of the proposed method i.e, robust TLS-ESPRIT for mode estimation.

3.4.3 Identification of Power System Modes using the Proposed robust TLS-ESPRIT Method

As the low frequency power oscillation corresponds to the electromechanical modes, the critical
modes oscillation can be estimated using the power signal obtained from the PMU. These measure-
ments from the PMU are provided to the PDC through various communication links. A block diagram
for the proposed method as shown in Figure 3.1, describes the various steps for estimating the mode
using the proposed method.

The steps for estimating the modes using the proposed method i.e, robust TLS-ESPRIT are de-
scribed as follows:

Step 1: The proposed technique i.e., robust TLS-ESPRIT method utilizes a block of N number of
measurements from PDC, corresponding to the active power of a particular line. The window size is
typically taken as the ratio of PMU’s reporting rate and lower limit of estimator’s frequency [91].

Step 2: Perform down sampling to reduce the effect of noise and to decrease the computational
complexity.

Step 3: Generate the data matrix D as given in equation (3.15).

Step 4: Estimate the robust covariance matrix using MM estimator as explained in sub-section
34.2.

Step 5: To further reduce the effect of noise, perform the low rank approximation [92] of the
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estimated robust covariance matrix Ry,,4iica. TO get the model order, which is required for low rank
approximation of the robust covariance matrix, the index [35] as given below is used by the proposed

method.

1
2., 2 212
. PrAp3+ e+
ki) = |4 : (3.17)
pitpyt -t pp

where K(i) is monotonously increasing index and p; is the i-th singular value. As i approaches to the
actual signal order, K(7) is almost close to unity.

Step 6: The low rank approximated robust covariance matrix is used by the modified TLS-
ESPRIT to calculate the modes.

Step 7: The estimated modes corresponding to a block of N most recent samples, are stored in
the PDC.

Step 8: The entire procedure is repeated after the arrival of N new samples.

3.5 Simulation Results

To illustrate the effectiveness of the proposed method i.e., robust TLS-ESPRIT, the simulations are
done on two test signals with known attenuation factor and frequency in the presence of outlier. Out of
the two, one of them corresponds to the local mode and the other corresponds to the inter-area mode,
respectively. The performance evaluation of the modified TLS-ESPRIT method and the proposed
method is done by simulating 10000 Monte Carlo runs for different noise levels. The simulation also
includes the comparison of the proposed method with robust modified Prony on two-area system and
real data obtained from the PMU connected in the WECC system. For a comparative analysis of the
effect of an outlier, the present work has taken a signal corrupted with outlier at different position.
For the synthetic test signal, a time window having a duration of 20 s with 251 samples of active
power acquired from the PMU at the sampling frequency of 12.5 Hz. For the two-area system, a time
window of 10.16 s with 128 samples and sampling rate of 12.5 Hz is used. For WECC system, the

length of sample window is taken as 8.55 s.

3.5.1 Test signal Corresponding to Local Mode

-0.1¢

A test signal x(¢) = e7'cos(2nt+¢) corresponding to local mode is considered for the simulation.
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3.5 Simulation Results

Table 3.1: Mean and Variance of the estimated mode for the modified TLS-ESPRIT and the Proposed Method
for outlier (=10 X peak value) placed towards the beginning of the signal at different SNR (Test signal- local

mode)
Modified TLS-ESPRIT
Estimated Attenuation factor (True value= -0.1) || Estimated Frequency (True value= 1 Hz)
SNR (dB) | (Mean) o (Variance) 1 (Mean) o? (Variance)
40 -0.3627 3.37x1077 1.0085 2.43x107°
30 -0.3627 3.29x107° 1.0085 9.503x107°
20 -0.3627 3.24x107° 1.0085 8.32x1078
Proposed Method (Robust TLS-ESPRIT)
Estimated Attenuation factor (True value= -0.1) || Estimated Frequency (True value= 1 Hz)
SNR (dB) {1 (Mean) o? (Variance) i (Mean) 0% (Variance)
40 -0.1000 5.71x1078 1.0000 1.85x107°
30 -0.1000 5.10x1077 1.0000 1.37x1078
20 -0.0999 4.28x107° 1.0000 1.06x1077

3.5.1.1 Comparison of the Proposed Method With the modified TLS-ESPRIT for outlier placed
towards the beginning of the test signal for different SNR

The mean and variance of the attenuation factor and frequency of the estimated modes on the test
signal with outlier (=10 X peak value) placed towards the beginning is provided in Table 3.1 for the
modified TLS-ESPRIT and the proposed method. It is observed that the estimated mean value of
attenuation factor degrades significantly for the modified TLS-ESPRIT (i.e. estimated mean value
of attenuation factor is equal to —0.3627) while the proposed method gives almost accurate results
(which has a mean value of —0.1 for SNR = 40 and SNR = 30 dB and —0.0999 for SNR = 20 dB)
with lesser variance than the modified TLS-ESPRIT. For frequency estimation, the proposed method
gives exact value (i.e, estimated mean value of frequency is equal to 1 Hz) than the modified TLS-

ESPRIT (which has a mean value of 1.0085 Hz) for all the SNR as shown in Table 3.1.
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Table 3.2: Mean and Variance of the estimated mode for the modified TLS-ESPRIT and the Proposed Method
for outlier (=10 X peak value) placed towards the end of the signal at different SNR (Test signal- local mode)

Modified TLS-ESPRIT
Estimated Attenuation factor (True value= -0.1) ||Estimated Frequency (True value= 1 Hz)
SNR (dB) | (Mean) o? (Variance) i (Mean) o? (Variance)
40 0.0170 7.69x1078 0.9972 3.26x107°
30 0.0170 7.49%1077 0.9972 2.51x1078
20 0.0171 7.58x107° 0.9972 2.37x1077
Proposed Method (Robust TLS-ESPRIT)
Estimated Attenuation factor (True value= -0.1) || Estimated Frequency (True value= 1 Hz)
SNR (dB) | (Mean) o? (Variance) i (Mean) o? (Variance)
40 -0.1000 5.71x1078 1.0000 1.93x107°
30 -0.1000 5.102x1077 1.0000 1.36x1078
20 -0.1000 4.33x10°6 1.0000 1.04x1077

3.5.1.2 Comparison of the Proposed Method With the modified TLS-ESPRIT for outlier placed
towards the end of the test signal for different SNR

The mean and variance of the attenuation factor and frequency of the estimated modes on the
test signal with outlier (=10 X peak value) placed towards the end is provided in Table 3.2 for the
modified TLS-ESPRIT and the proposed method. Modified TLS-ESPRIT gives positive attenuation
factor while the proposed method gives accurate attenuation factor (i.e, estimated mean value is equal
to —0.1) with less variance for all noise levels. For estimating frequency, the proposed method gives
accurate mean value (i.e, estimated mean value of frequency is equal to 1 Hz) than the modified TLS-
ESPRIT (which has a mean value of 0.9972 Hz) and also has lesser variance than the later, for all

noise levels as shown in Table 3.2.
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Table 3.3: Mean and Variance of the estimated mode for the modified TLS-ESPRIT and the Proposed Method
for outlier (=10 X peak value) placed towards the beginning of the signal at different SNR (Test signal- inter-
area mode)

Modified TLS-ESPRIT

Estimated Attenuation factor (True value=-0.07) ||Estimated Frequency (True value= 0.4 Hz)

SNR (dB)|u (Mean) o? (Variance) i (Mean) o? (Variance)
40 -0.2291 1.38x1077 0.4008 5.29x107!!
30 -0.2291 1.39%107°¢ 0.4008 3.95x107°
20 -0.2291 1.39%1073 0.4008 3.13x10°8

Proposed Method (Robust TLS-ESPRIT)

Estimated Attenuation factor (True value= -0.07)||Estimated Frequency (True value= 0.4 Hz)

SNR (dB)|u (Mean) o? (Variance) i (Mean) o? (Variance)
40 -0.0700 4.32x1078 0.4000 1.13x107°
30 -0.0700 3.33x107’ 0.4000 1.07x1073
20 -0.0699 3.32x10°¢ 0.4000 7.78x1078

3.5.2 Test signal Corresponding to Inter-Area Mode

A test signal x(t) = e *%"cos(270.4t + ¢) corresponding to inter-area mode is considered for the

simulation.

3.5.2.1 Comparison of the Proposed method With the modified TLS-ESPRIT for outlier placed
towards the beginning of the test signal for different SNR

The mean and variance of the attenuation factor and frequency of the estimated modes on the test
signal with outlier (=10 X peak value) placed towards the beginning is provided in Table 3.3 for the
modified TLS-ESPRIT and the proposed method. Attenuation factor estimation with modified TLS-
ESPRIT gives incorrect results (i.e, estimated mean value is equal to —0.2291) while the proposed
method gives better results (which has a mean value of —0.07 for SNR = 40 and SNR = 30 dB
and —0.0699 for SNR = 20 dB) with less variance. Table 3.3 shows that for frequency estimation,
the proposed method gives better results (which has a estimated mean value of 0.4000 Hz) than the

modified TLS-ESPRIT (i.e, estimated mean value of frequency is equal to 0.4008 Hz) for all the SNR.
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Table 3.4: Mean and Variance of the estimated mode for the modified TLS-ESPRIT and the Proposed Method
for outlier (=10 X peak value) placed towards the end of the signal at different SNR (Test signal- inter-area

mode)
Modified TLS-ESPRIT
Estimated Attenuation factor (True value= -0.07) ||Estimated Frequency (True value= 0.4 Hz)
SNR (dB) |u (Mean) o? (Variance) i (Mean) o? (Variance)
40 | -0.0174 4.17x107® 0.4055 3.12x107°
30 -0.0174 4.16x1077 0.4055 2.39x1078
20 -0.0174 4.09x10°6 0.4055 2.31x1077
Proposed Method (Robust TLS-ESPRIT)
Estimated Attenuation factor (True value= -0.07) ||Estimated Frequency (True value= 0.4 Hz)
SNR (dB)|u (Mean) o? (Variance) 1 (Mean) 0% (Variance)
40 -0.0700 4.24x1078 0.4000 1.12x107°
30 -0.0700 3.53x1077 0.4000 1.107x1078
20 -0.0701 3.31x10°° 0.4000 8.12x1078

3.5.2.2 Comparison of the Proposed method With the modified TLS-ESPRIT for outlier placed
towards the end of the test signal for different SNR

The mean and variance of the attenuation factor and frequency of the estimated modes on the test

signal with outlier (=10 X peak value) placed towards the end is provided in Table 3.4 for the modified

TLS-ESPRIT and the proposed method. Modified TLS-ESPRIT gives inadequate attenuation factor

(i.e, estimated mean value is equal to —0.0174) while the proposed method gives a better performance

(which has a mean value of —0.07 for SNR = 40 and SNR = 30 dB and —0.0701 for SNR = 20 dB).

It can be seen that for frequency estimation the proposed method performs better (i.e, estimated mean

value of frequency is equal 0.4000 Hz) than the modified TLS-ESPRIT (which has a mean value of

0.4055 Hz) with lesser variance as compared to the other method.
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Table 3.5: Mean and Variance of the estimated attenuation factor and frequency for the modified TLS-ESPRIT,
robust modified Prony and the Proposed Method for the test signal for different position of outlier with SNR=40
dB (Test signal- local mode)

Estimated Attenuation factor (True value=-0.1)

Outlier Position | Modified TLS-ESPRIT | Robust Modified Prony Proposed Method

(Sample No) | u (Mean) | o (Variance) || u (Mean) | o> (Variance) || u (Mean) | o> (Variance)
50 -0.0676 | 1.881x1078 -0.1000 | 1.533x1077 -0.1000 | 1.195x1077
100 -0.0753 | 2.495x1078 -0.1000 | 1.109x1077 -0.1000 | 9.061x10°%
150 -0.0818 | 2.878x1078 -0.1000 | 7.189x10°% -0.1000 | 6.000x10°%
200 -0.0869 | 3.343x1078 -0.1000 | 5.414x1078 -0.1000 | 5.297x10°%

Estimated Frequency (True value= 1 Hz)

Outlier Position | Modified TLS-ESPRIT | Robust Modified Prony Proposed Method
(Sample No) |u (Mean) | o (Variance) || 4 (Mean)| o (Variance) || 4 (Mean) | o (Variance)
50 1.0028 | 3.205x10~° 1.0000 | 3.899x10~° 1.0000 | 1.887x10~°
100 1.0021 3.214x107° 1.0000 | 2.982x107° 1.0000 1.993x107°
150 1.0016 | 3.642x107° 1.0000 | 1.857x107° 1.0000 | 1.835x107°
200 1.0011 4.395x107° 1.0000 1.474x107° 1.0000 1.325%x107°

3.5.3 Mode estimation for different position of outliers

The test signal of Section 3.5.1, i.e., x(t) = e *"cos(2nt + ¢) is used for mode estimation in this
section with a SNR of 40 dB. Table 3.5 shows the effectiveness of the proposed method in estimating
modes for different position of outlier occurrence in the signal. It is observed that the proposed robust
TLS-ESPRIT method gives better estimate of attenuation factor and frequency as compared to the
robust modified Prony as shown by their variance values. As it is observed that the performance of
the modified TLS-ESPRIT method in estimating the low frequency mode is highly sensitive to the
presence of outlier, hence, in the subsequent sub-section of the work, the comparison of the proposed

method is done with the robust modified Prony method.
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3.5.4 Mode estimation for the two-area test system

The proposed method is compared with robust modified Prony for a two-area power system [9],
as shown in Figure 3.2. Table 3.6 shows the estimated modes for the two-area system corresponding
to low-frequency oscillations of the power in line 10 — 9. The data for mode estimation is obtained
by considering the loss of 40 MW of load at bus 8 which induces low-frequency oscillations. PMU
installed at bus 9 provides measurements corresponding to the power oscillations. Table 3.6 shows
the estimated mode at SNR= 20 dB by running 10000 Monte Carlo runs for outlier of magnitude 1.2
times the peak value of signal injected into the measurements. The modes estimated by the proposed
method are very close to the values obtained from the small signal stability analysis (SSA) based on
the eigen values of the state matrix [9] as compared to the robust modified Prony method. Table 3.7
shows the effect of large outlier (=10 the peak value) on the two methods. It is observed from the

Table 3.7 that the proposed method performs better as compared to the robust modified Prony method.

Table 3.6: Estimated Critical Modes of Low-frequency oscillations for a 2-Area System with loss of 40 MW
for SNR=20 dB with outlier (=1.2x peak value of the signal, Test signal- inter-area mode)

Mode 1 (Attenuation factor= -0.25, freq= 0.5374 Hz) obtained from SSA
Attenuation Frequency
Methods i (Mean) || 0% (Variance) || u (Mean) || o (Variance)
Robust Modified Prony -0.2482 1.890x10~* 0.5355 4.515%107°
Proposed Method (Robust TLS-ESPRIT) || -0.2483 1.861x1074 0.5355 7.200x107°
Mode 2 (Attenuation factor= -0.25, freq= 1.1950 Hz) obtained from SSA
Attenuation Frequency
Methods i (Mean) || 0% (Variance) || u (Mean) || o (Variance)
Robust Modified Prony -0.2101 2.50 x 1073 1.1800 4.384x107*
Proposed Method (Robust TLS-ESPRIT) | -0.2390 1.31 x 1072 1.1839 2.647x107*
Mode 3 (Attenuation factor= -0.25, freq= 1.2047 Hz) obtained from SSA
Attenuation Frequency
Methods i (Mean) || 0% (Variance) || u (Mean) || o (Variance)
Robust Modified Prony -0.1772 5.70 x 1073 1.220 2.038x107*
Proposed Method (Robust TLS-ESPRIT) || -0.2242 1.00 x 1072 1.217 2.570x107*
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Figure 3.2: Single line diagram of the two-area system.
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Table 3.7: Estimated Critical Modes of Low-frequency oscillations for a 2-Area System for outlier (=10x peak

signal value) without noise

Mode 1 (Attenuation factor=-0.25, freq= 0.5374 Hz) obtained from SSA

Methods Attenuation Frequency
Robust Modified Prony -0.2651 0.5355
Proposed Method (Robust TLS-ESPRIT) -0.2539 0.5360

Mode 1 (Attenuation factor= -0.25, freq=

1.1950 Hz) obtained from SSA

Methods Attenuation Frequency
Robust Modified Prony -0.1531 1.1813
Proposed Method (Robust TLS-ESPRIT) -0.2496 1.1995

Mode 3 (Attenuation factor= -0.25, freq=

1.2047 Hz) obtained from SSA

Methods Attenuation Frequency
Robust Modified Prony -0.2443 1.2325
Proposed Method (Robust TLS-ESPRIT) -0.2486 1.2001

3.5.5 Estimation of modes using the real test signal of the WECC system

A probing test data of the WECC system obtained on September 14, 2005 [78] is used for the
performance evaluation of the proposed method as shown in Figure 3.3 [75]. The data set utilized
for the analysis is given at the B.P.A website [79]. The estimated modes for the first and the second
window was reported to be 0.318 Hz and 8.3% damping [79] for the North-South Swing.

The proposed method is compared with robust modified Prony method for a random outlier of
strength 3 times the peak value injected into the sample as listed in Table 3.8. For the analysis widow
1, the proposed method gives better value of damping as compared to the robust modified Prony
method. For the second analysis window, the proposed method gives the value of frequency and
damping almost close to the reported value [79]. For analysis window 3, it has been observed that the
proposed method gives a better estimate for the damping (6.13% damping) as compared to the robust

modified Prony method.
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Figure 3.3: Probing data corresponding to the real power flow.

Table 3.8: Estimated Mode Analysis for outlier (= 3x peak signal value) placed in each window

Estimated mode for Analysis window 1
Attenuation || Frequency || % Damping
Robust Modified Prony -0.1204 0.3179 6.01
Proposed Method (Robust TLS-ESPRIT) -0.1401 0.3102 7.17
Estimated mode for Analysis window 2
Attenuation || Frequency || % Damping
Robust Modified Prony -0.1753 0.3135 8.86
Proposed Method (Robust TLS-ESPRIT) -0.1657 0.3223 8.15
Estimated mode for Analysis window 3
Attenuation || Frequency || % Damping
Robust Modified Prony -0.0669 0.3199 3.32
Proposed Method (Robust TLS-ESPRIT) -0.1237 0.3204 6.13
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3.6 Conclusion

This chapter has proposed a robust TLS-ESPRIT method by employing a robust covariance matrix
utilizing MM estimator, which is observed to be efficient than MCD estimator to handle the outliers
in the sample data. Thus, the proposed method i.e., robust TLS-ESPRIT can mitigate the effect of the
presence of outliers as well as high variance Gaussian noise. A comparative analysis of the proposed
method is carried out with modified TLS-ESPRIT for the signals with different SNR values.

It is observed that the proposed method performs far better than the modified ESPRIT method
and has the negligible bias in presence of outliers. Simulation results are also included for a test
signal with different position of outliers in the data sample. It is observed that the proposed method
performs better than the robust modified Prony method in terms of variance of the estimated modes.
The effectiveness of the proposed method in identifying low-frequency modes is also provided on a
two-area power system along with real time probing measurement signal of the WECC system. It can
be observed through various simulations that the proposed method has some improvement over the

robust modified Prony method.
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Estimation of Low-Frequency Modes from
Ambient Data using Wavelet, RD and
TLS-ESPRIT

4.1 Introduction

The low frequency mode estimation methods as proposed in Chapter 2 & 3 of the thesis are based
on the use of ringdown data generated during large disturbance in the power system. The events asso-
ciated with major disturbances such as fault, adding/removing of a large load or generation provides
the data associated with the free response that can be easily observed in the presence of ambient noise.
As these major disturbance are less frequent, hence, the methods utilizing the ringdown data provides
a very accurate estimation of the modes, but are updated typically after a long duration. Due to long
and random update of the estimated modes, the current stability status of the system may not be pro-
vided, and hence, becomes a cause of concern for its suitability for providing the real-time stability
of the system. On the other hand, the class of algorithms based on the use of ambient data i.e., the
measurement data corresponding to the random load switching persistently excites the power system.
These random perturbation of the system with nonlinear trends subtracted appears as noise with very

small magnitude and is difficult to extract the impulse response out of it. Hence, the focus of this
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chapter is on the ambient modal estimation known as operational modal analysis (OMA) to develop
an algorithm which uses ambient data for getting the information about the stability of the system.

Extraction of the oscillatory modes from ambient data is difficult as the data has very low SNR
and also corrupted with nonlinear trends. Various methods suitable for analysis of ambient signals
are available in the literature, such as, in [53] ARMA model is used to estimate the oscillatory modes.
Methods based on stochastic subspace identification [64] and distributed frequency domain [63] have
also been used for identifying the oscillatory modes. The use of random decrement (RD) technique
along with TLS-ESPRIT is proposed in [56]. In [66], combination of spectral independent compo-
nent analysis and random decrement technique is described. A comparative study of subspace [64],
wavelet [65] and independent component analysis methods [66] are illustrated in [67]. In [68], natural
excitation technique (NExT) [69] in conjunction with eigensystem realization algorithm (ERA) [70]
is used for identification of inter-area modes for ambient data of the power system. RD technique
in combination with Ibrahim time domain (ITD) is presented in [71]. As the estimated modes using
the ambient data are not very accurate, hence, significant improvement is required on the existing
methods.

This chapter presents a robust method for identification of low frequency modes by utilizing a
nonlinear filter and wavelet transform for detrending and de-noising the signal followed by random
decrement (RD) technique for obtaining the free decay response. Finally, the modified TLS-ESPRIT
is used to estimate the attenuation factor and frequency from the free decay response. The proposed
method is compared with the nonlinear filtering [93], natural excitation technique- eigensystem re-
alization (NEXT-ERA) [68] and random decrement- Ibrahim time domain (RD-ITD) [71] methods
for simulated data corresponding to ambient data and corrupted with nonlinear trends. The perfor-
mance of the proposed method i.e., NWT-RD-TLS-ESPRIT is also carried out on the ambient data
contaminated with nonlinear trends which is generated from an equivalent second order system rep-
resenting a particular mode with dynamics corresponding to the modes present in a two-area power
system [9] and also on the data obtained from a real time digital simulator (RTDS). The robustness
of the proposed method is further established for real data obtained from North Eastern Regional
Electricity Board (NEREB) and on the probing data of the Western Electricity Coordinating Council
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(WECC) [78,79].

This chapter motivates towards the application of wavelet technique to extract the significant and
best set of coefficients for signal reconstruction, so that, it can provide reasonably good estimate of
low frequency modes for the ambient data using the proposed method i.e., NWT-RD-TLS-ESPRIT.
Section 4.2 gives a brief description of the techniques that constitutes the proposed method and
presents an overview of the proposed method ( NwT-RD-TLS-ESPRIT). Section 4.3 provides the
simulation results and finally, the conclusion is presented in Section 4.4.

4.2 Methods for modal parameter estimation
4.2.1 Nonlinear filter

It is required to pre-filter the nonlinear trends present in the ambient data obtained from the PMU.
The mathematical equation corresponding to the nonlinear pre-filter [93] proposed in this work for

removing the nonlinear trends is given by the equation (4.1)

1
yli] = 5{(96[1'] —w(k = 1)) + (x[i] - w(k))}

= x[i] - %{W(k — 1)+ wh)} Vi = w;...00 (4.1)

where,

w(k) — k-th window.

l,, — length of the window (W). The size of window in this work is always a multiple of 2.
k — index of the window, where k = 2, .....co.

w; — samples by which the window is shifted, which is given as w, = [,,/2.

x[i] — input sample to the nonlinear pre-filter.

w(k — 1) — mean of samples in window w(k — 1).

w(k) — mean of samples in window w(k).

y[i] — output of the nonlinear filtered signal.

It has been observed from the simulations that the nonlinear pre-filter has significantly mitigated the

effect of the presence of nonlinear trends in the ambient data obtained from the PMU.
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4.2.2 Wavelet based signal recovery technique

The pre-processed signal derived from the nonlinear pre-filter has very low SNR with very few
modes present in it. A wavelet based recovery of the signal is then used to extract the signal lying in
a very low dimensional space. A brief description of this technique is provided in this sub-section.

The basis of a wavelets [65] is defined as the families of functions ¥, ,(#) generated by scaling and
translation of a single mother wavelet ¢ as given below:

1
Va

where a, b are the scaling and translation parameters. The function x(¢) can be represented as the

-b
Yaplt) = w<’7> 4.2)

linear combination of basis wavelet ¢, ,(?) as defined below:

(1) = D" Wapthan() (4.3)
a b

where, w,; are the wavelet coefficients corresponding to the wavelet basis function. These wavelet

coefficients w,;, of a signal x(7) are given as:

Wa,b — <X(l), wa,b(t)> (44)

The pre-processed signal are projected into the Beylkin wavelet basis vectors to get the wavelet
coefficients corresponding to the ambient data using equation (4.4). From various simulation on
ambient data, it has been observed that in wavelet transformed domain the energy of the signal is
mostly concentrated in a few largest coefficients, while that of the noise is distributed throughout
the coefficients. Hence, for selecting the most significant wavelet coefficients which mainly consist
of dominant modes present in the signal, the present work has utilized VisuShrink [94] method of
thresholding with slight modification. VisuShrink is an optimal thresholding technique with universal
threshold T defined as T = o v2In(N), where o and N represents the standard deviation and the
number of samples in the signal, respectively. In VisuShrink method, the threshold 7 is on the value
of coefficients i.e., the significant coefficients are with absolute value greater than 7' , but a slightly

modification is proposed to represent the corresponding number of coefficients as given in equation
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below:

nry = (0 +/2In(n)) x 0.683n 4.5

where, nry is the number of most significant wavelet coefficients which represents the dominant
modes present in the signal, and n represents the effective number of wavelet coefficients with their
absolute value greater than €, where € is positive real number with value close to zero.

As nry, may not be vary accurate, hence, estimated wavelet coefficients are arranged in decreasing

order based on the absolute value of wavelet coefficients as given below.
W1 W2y eeos Wirrs Whgiiors Wigpanooos WN (4.6)

The energy in the remaining insignificant wavelet coefficients (W,,,,,, > Wu,j.,---» Wn) are calculated

2 +W2

andis denoted as Ey = w,, . +w;, .

2 +wi  +..+w3 . The value of

2 —
+..+wyandalso E; =w,  +w, .

nry is then incremented by one iteratively until |E, — E;| < 6. The updated value of nyy is the number
of significant wavelet coefficients used for the signal recovery.
4.2.3 Random decrement (RD) technique

After wavelet based de-noising of the measured ambient data, the next task is to get the impulse
response. The random decrement (RD) technique developed by Cole was previously applied for space
structures, aeroelastic systems [95], [96], large structures [97] and measuring dampings [98] of the
soil.

Random decrement (RD) is a fast time-domain averaging technique utilized to estimate the cor-
relation functions for the Gaussian process [99]. Estimation of random decrement signature or the
impulse response is done by taking the sample wise average of the selected windows. The selection
of window with a fixed number of samples is based on the sample value crossing a particular thresh-
old. After selecting N number of window of length 7, random decrement signature or the impulse

response is given as:

1 N
6(r) = 5 ) ¥ttty +7) 4.7)
r=1

where N and 7 are the number and length of the window, respectively. 6(7) is called the RD signature.
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RD signature is proportional to the eigen or free response of the system perturbed with disturbance
of Gaussian distribution [99]. These small perturbation of power system operating under ambient
condition can be assumed to be uncorrelated and Gaussian. To have better estimate of modes by
the RD signature, a proper selection of the threshold and the length 7 is required. Details about the
various techniques for choosing the threshold can be found in [100]. The proposed work has utilized

a level crossing threshold defined as
Tw=c (4.8)

where c is the threshold representing some fraction of the standard deviation o of the signal. When
the signal value become greater than or equal to ¢, a segment of length 7 is collected and finally
averaged to obtain the RD signature. The impulse response or RD signature thus obtained is then fed
to the modified TLS-ESPRIT for mode estimation.
4.2.4 TLS-ESPRIT Estimation

The impulse response estimated by RD can be represented as a linear combination of exponen-

tially damped sinusoidal signals with zero mean white Gaussian noise as referred in equation (4.9).
o(n) = s(n) + w(n)

M
= > @ +win) (4.9)
J=1

The low frequency modes present in the RD signature are estimated using modified TLS-ESPRIT
[75]. A brief description of it has already been provided in Chapter 3, sub-section 3.2.2.
4.2.5 Identification of Power System Modes using the Proposed NwT-RD-TLS-ESPRIT Method
A Block diagram in Figure 4.1 illustrates the various steps for on-line identification of modes
using the proposed method i.e., NWT-RD-TLS-ESPRIT. Low frequency oscillations are observed in
ambient data as a result of random small mismatch between generation and demand. These small
oscillations of power is measured from the phasor measurement units (PMU) which provides the data
to the phasor data concentrator (PDC) connected through communication links.

To extract the modal information from the ambient data, the various steps of the NwT-RD-TLS-
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ESPRIT, as shown in Figure 4.1, are described as follows:

Step 1: The proposed technique i.e., NWT-RD-TLS-ESPRIT at first uses a block of N samples of
the active power obtained through the PDC.

Step 2: These samples are passed through the nonlinear filter. The nonlinear filter as described in
Section 4.2.1 greatly helps in minimizing the nonlinear trends present in the ambient signals.

Step 3: It is observed that the filtered signal still has noise with high variance, hence, wavelet
based signal de-noising technique is used as explained in Section 4.2.2.

Step 4: After de-noising of the measured ambient signal, the random decrement (RD) technique
is applied to the reconstructed signal to get the RD signature as given in equation (4.7).

Step S: The estimated RD signature corresponds to the impulse response which is given to the
modified TLS-ESPRIT algorithm for mode estimation.

Step 6: The estimated modes which corresponds to a block of N most recent samples, are stored
in the PDC.

Step 7: The entire process is repeated for the arrival of N new samples.

~~ Power System .
5

g
— _J___.,—/
e e 1
1 |
| |
| | Wait for the arrival |
PMU | o | | of a new sample {
pDC | | v v |
J l Take a block of N {
b l ambient data {
[ ek R e e e 1 ; t
: Estimated Modes Nonlinear filter |
|
: 1 v {
Modified - :
| TLS — ESPRIT Wavelet technigue {
: 3 . \
| Estimated RD |, RD technique |
Signature |
|

Figure 4.1: Block diagram of the proposed method i.e, NWT-RD-TLS-ESPRIT for mode estimation.
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4.3 Simulation Results

For illustrating the effectiveness of the proposed method i.e., NWT-RD-TLS-ESPRIT, a compar-
ison with nonlinear, NExXT-ERA and RD-ITD methods are provided in the sub-section below for the
test signals, simulated second order system corresponding to the modes present in a two-area system,
two-area system simulated on RTDS facility at IIT Kanpur, and real time PMU data for Indian power
systems and WECC. A performance identifier known as total vector error (TVE) [91] has been used

for evaluating the accuracy of the proposed method.

%TVE (X7 - X0 + (X7 — XP)° 100 (4.10)
= X .
i (X + (X0

where, X7, X? are the real and imaginary values of the estimated quantity and X}, X{" are the real and
imaginary values of the actual quantity respectively.
Random series
Second order LTI system
m withmode=—0.1+ j27(0.2)

Linear System

Output

Trends generating function

Figure 4.2: SIMULINK model used to generate ambient signal.

Table 4.1: Estimated Mode of Low-frequency oscillations for a test signal corresponding to ambient data

Attenuation factor=—0.1, freq=0.2 Hz
Methods Attenuation factor | Frequency | % TVE
Nonlinear -0.1033 0.1982 0.9258
NEXT-ERA -0.1049 0.1970 1.5599
RD-ITD -0.0870 0.2018 1.3554
Proposed Method ( NwT-RD-TLS-ESPRIT) -0.1049 0.2008 0.5718
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Figure 4.3: Plots for the generated test signal (a) Generated test signal resembling ambient data corrupted
with nonlinear trends; (b) Signal obtained after nonlinear filtering; (c) Significant wavelet coefficients after
thresholding; (d) Wavelet recovery signal; (e) Estimated RD signature.

4.3.1 Test signal corresponding to ambient data

A comparative analysis of the various methods with the proposed method i.e., NwT-RD-TLS-

ESPRIT is done on the measurements resembling the system behavior under ambient conditions for
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the test system. The data is generated for a time duration of 10 minutes with sampling frequency
of 10 Hz. To generate the data which resembles ambient data along with nonlinear trends, a system
with attenuation factor of (-0.1), frequency of (0.2 Hz) corresponding to a typical inter-area modes is
excited with a random Gaussian noise as shown in 4.2. Further to simulate trends, a trend generating
function is utilized. The output signal obtained from the simulink model corresponding to the ambi-
ent data is shown in Figure 4.3(a). This signal is then passed through the proposed nonlinear filter to
obtain the pre-processed data, which is shown in Figure 4.3(b). The plot of the significant wavelet
coefficients obtained after thresholding is shown in Figure 4.3(c). Figure 4.3(d) shows the signal re-
constructed using the significant wavelet coefficients. The estimated impulse response of the ambient
signal provided by the RD technique is shown in Figure 4.3(e). Table 4.1 shows the comparison of
the proposed method with the nonlinear, NEXT-ERA and RD-ITD methods for the test signal. It is
seen that the proposed method provides a better estimate of the frequency (0.2008 Hz) with a total
vector error (TVE) of 0.5718%, which is less as compared to the other methods.
4.3.2 Estimation of modes for the two-area system

In this section, two different approaches have been utilized to generate the test signal correspond-
ing to the two-area ambient data. One is by exciting the models of the second order systems cor-
responding to the modes present in a two-area system and the other by using random variation of
the load for a two-area system in real time digital simulator (RTDS). A comparative analysis of the
various methods is provided in the subsequent sub-sections.
4.3.2.1 Mode estimation for the test signal corresponding to two-area data

The ambient signal is generated by using linear combination of 3 second order model with Mode 1
= —0.25+7.5693j, Mode 2 = —0.25 +3.3765 j, and Mode 3= —0.25 +7.5084 j, and a nonlinear trends
generating functions, for 10 minutes duration with sampling frequency of 10 Hz. Figure 4.4 shows the
block diagram of the model used to generate the two-area ambient data and the output signal obtained
from the model is shown in Figure 4.5(a). The pre-processed data obtained after proposed nonlinear
filtering is shown in Figure 4.5(b) and the significant wavelet coefficients obtained after thresholding
is shown in Figure 4.5(c). Figure 4.5(d) and Figure 4.5(e) shows the reconstructed ambient signal and
the estimated RD signature, respectively. Table 4.2 shows the comparison of the proposed method
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Figure 4.4: SIMULINK model used to generate two-area data.

Table 4.2: Estimated Mode of Low-frequency oscillations for generated two-area system

Attenuation factor=—0.25, freq=0.5374 Hz
Methods Attenuation factor | Frequency | % TVE
Nonlinear -0.3188 0.5491 2.9724
NEXT-ERA -0.2063 0.5216 3.1961
RD-ITD -0.3152 0.5192 3.8954
Proposed Method ( NwT-RD-TLS-ESPRIT) -0.2076 0.5272 2.2725

with the other methods. It is observed that the proposed method is able to identify the dominant mode

more accurately with minimum TVE of 2.2725% as compared to the other methods.
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Figure 4.5: Plots for the generated two-area data (a) Generated test signal resembling two-area data corrupted
with nonlinear trends; (b) Signal obtained after nonlinear filtering; (c) Significant wavelet coefficients after
thresholding; (d) Wavelet recovery signal; (e) Estimated RD signature.
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Figure 4.6: Two-area system for ambient data.

Table 4.3: Estimated Mode of Low-frequency oscillations with RTDS for two-area system

Attenuation factor=—0.25, freq=0.5374 Hz
Methods Attenuation factor | Frequency | % TVE
Nonlinear -0.3410 0.2275 | 57.5793
NExT-ERA -0.2888 0.5025 6.5703
RD-ITD -0.3393 0.7821 | 45.4787
Proposed Method ( NwT-RD-TLS-ESPRIT) -0.2857 0.5673 5.6492

4.3.2.2 Mode estimation with RTDS data corresponding to two-area data simulated at the
facility located at IIT Kanpur

Real time digital simulator (RTDS) is utilized to simulate real time signals corresponding to inter-
area oscillations for a time duration of 20 minutes with sampling frequency of 50 Hz as shown in
Figure 4.6. Figure 4.7(a) shows the RTDS data corresponding to low frequency oscillations of the
active power flow. The low frequency oscillations takes place as a result of 0 — 10 MW of random
load changing at bus 8 in an interval of 1 sec. Figure 4.7(b) and Figure 4.7(c) shows the pre-processed
data and the dominant wavelet coefficients, respectively. The reconstructed signal and the estimated
free response are depicted in Figure 4.7(d) and 4.7(e) respectively.

Table 4.3 shows that the proposed method provides a reasonably good estimate of the dominant
oscillatory mode (i.e., attenuation factor= —0.2857, and frequency= 0.5673 Hz) and gives minimum
TVE of 5.6492%, as compared to the other methods.
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Figure 4.7: Plots for the RTDS data (a) RTDS data corresponding to active power flow of two-area system;
(b) Signal obtained after nonlinear filtering; (c) Significant wavelet coefficients after thresholding; (d) Wavelet
recovery signal; (e) Estimated RD signature.
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4.3.3 Estimation of modes using the real PMU data from North Eastern Regional Electricity
Board of Indian power grid

The effectiveness of the proposed method is further validated through real PMU measurements
obtained from the North Eastern Regional Electricity Board. The data obtained from the PMU has
a time duration of one hour and sampling frequency of 25 Hz. The data obtained from the PMU
corresponds to the active power flow of the two lines connected to the same bus, which is shown in
Figure 4.8(a) and 4.9(a), respectively. To calculate the TVE, the mean of the estimated modes for the
two lines by the respective methods is considered as the true value of the estimated modes.
4.3.3.1 Mode estimation for power flow data in line one

The plot of the pre-processed data, prominent wavelet coefficients, reconstructed signal and the
estimated free response for the data corresponding to line one are shown in Figure 4.8(b), 4.8(c),
4.8(d) and 4.8(e), respectively. Performance comparison of the proposed method with the nonlinear,
NEXT-ERA and RD-ITD method for power flow in line one corresponding to attenuation factor and
frequency is shown in Table 4.4.
4.3.3.2 Mode estimation for power flow data in line two

The plot of the pre-processed data, prominent wavelet coefficients, reconstructed signal and the
estimated free response for the data corresponding to line two are shown in Figure 4.9(b), 4.9(c),
4.9(d) and 4.9(e), respectively. Performance check of the proposed method with the nonlinear, NExT-
ERA and RD-ITD method for power flow in line two is shown in Table 4.5.

As given in Tables 4.4 and 4.5, it is observed that the estimated modes by the proposed method are
far better as compared with nonlinear and RD-ITD method and is comparable with the NExXT-ERA

method.
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Figure 4.8: Plots for the Line 1 data (a) Active power flow of line one; (b) Signal obtained after nonlinear
filtering; (c) Significant wavelet coefficients after thresholding; (d) Wavelet recovery signal; (e) Estimated RD
signature.
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Figure 4.9: Plots for the Line 2 data (a) Active power flow of line two; (b) Signal obtained after nonlinear
filtering; (c) Significant wavelet coefficients after thresholding; (d) Wavelet recovery signal; (e) Estimated RD
signature.
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Table 4.4: Mode estimation for line one power flow data

Methods Attenuation factor | Frequency | % TVE

Nonlinear -0.4672 0.2193 | 24.2883

NEXT-ERA -0.3938 0.2692 | 12.0351

RD-ITD -0.4113 0.2250 | 19.3412

Proposed Method ( NwT-RD-TLS-ESPRIT) -0.4963 0.2716 | 12.2946

Table 4.5: Mode estimation for line two power flow data

Methods Attenuation factor | Frequency | % TVE

Nonlinear -1.2741 0.2570 | 24.2899

NEXT-ERA -0.8004 0.2526 | 12.0266

RD-ITD -1.0342 0.2468 | 19.3407

Proposed Method ( NwT-RD-TLS-ESPRIT) -0.3266 0.2158 | 12.2800

4.3.4 Estimation of modes using the real test signal of the WECC system

A probing test signal of the WECC system, as shown in Figure 4.10 obtained on September 14,
2005 [78] is utilized to carry out the performance comparison of the proposed method with the other
methods. The data used for the analysis purpose is provided at the B.P.A website [79]. The estimated
modes for the ringdown data was reported in the literature as 0.318 Hz and 8.3 % damping [79].

Figure 4.11(a), 4.11(b), 4.11(c) and 4.11(d) shows the plot of the nonlinear filtered data, dominant
wavelet coefficients, reconstructed signal and the estimated impulse response for the data correspond-
ing to window 1 respectively. Similarly, the plots for the various steps of the proposed method applied
to the data corresponding to the window 2 and window 3 are provided in Figure 4.12 and 4.13 respec-
tively. Table 4.6 gives a comparison of the four methods for the real ambient data. For the analysis
widow 1, the proposed method gives better mode estimate (0.2955 Hz at 8.0835 % damping) with a
minimum TVE (7.087%) as compared to the other methods. The proposed method also gives better

damping estimate (8.176% damping) in comparison with the other methods for analysis window 2.
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Figure 4.10: Probing data corresponding to real power flow.

The proposed method provides a more accurate frequency estimate (0.2982 Hz) as well as less TVE
(6.2687%) in comparison with the other methods for analysis window 3. For analysis window 2, the

TVE of the proposed method is comparable with the other methods.
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Figure 4.12: Plots for the window 2 data (a) Signal obtained after nonlinear filtering; (b) Significant wavelet
coefficients after thresholding; (c) Wavelet recovery signal; (d) Estimated RD signature.
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4.4 Conclusion

Table 4.6: Estimated Mode Analysis for WECC system

Estimated mode for Analysis window 1

Attenuation | Frequency | % Damping | % TVE

Nonlinear -0.1394 0.2082 10.6004 | 34.4458
NExT-ERA -0.2663 0.2483 16.8259 [22.4014
RD-ITD -0.1618 0.2871 8.9376 9.6991

Proposed Method ( NwT-RD-TLS-ESPRIT) | -0.1506 0.2955 8.0835 7.0870

Estimated mode for Analysis window 2

Attenuation | Frequency | % Damping | % TVE

Nonlinear -0.1704 0.3139 8.6056 1.2982
NEXT-ERA -0.1320 0.3193 6.5646 1.7639
RD-ITD -0.1155 0.3286 5.5846 4.1717

Proposed Method ( NwT-RD-TLS-ESPRIT) | -0.1604 0.3111 8.1760 2.1843

Estimated mode for Analysis window 3

Attenuation | Frequency | % Damping | % TVE

Nonlinear -0.2607 0.2547 16.0807 [20.3948
NEXT-ERA -0.2407 0.2928 12.9698 8.7112
RD-ITD -0.1210 0.2736 7.0249 14.1090

Proposed Method ( NwT-RD-TLS-ESPRIT) -0.1849 0.2982 9.8222 6.2687

4.4 Conclusion

This chapter has proposed a mode estimation technique utilizing nonlinear filter, wavelet trans-
form, random decrement and modified TLS-ESPRIT. The proposed method selects the best set of
wavelet coefficients to represent the signal which makes it capable to withstand high noise and pro-
vides an unbias estimate of the modes present in a power system. To illustrate its effectiveness, the
proposed method i.e., NWT-RD-TLS-ESPRIT is compared with nonlinear, NExXT-ERA and RD-ITD

methods on the test signals, simulated second order system corresponding to the modes present in
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a two-area system, two-area system simulated on RTDS facility at IIT Kanpur. The robustness of
the proposed method in identifying the oscillatory mode is also demonstrated on a real PMU data
obtained from North Eastern Regional Electricity Board and probing data of the WECC system. The
results provided in Section 4.3 shows the efficiency of the proposed method in withstanding high

noise level and correctly identifying the oscillatory mode.
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Estimation of Low-Frequency Modes from
Ambient Data using Sparsity, RD and
TLS-ESPRIT

5.1 Introduction

The use of wavelet along with random decrement and TLS-ESPRIT for low frequency critical
mode identification, as proposed in Chapter 4, minimizes the nonlinear trends and extracts the signal
from the noisy ambient data, and hence, performs better as compared to the nonlinear filtering, NExT-
ERA and RD-ITD methods, as observed by the estimates of the attenuation factor, frequency and
TVE of the estimator. However, the wavelet technique requires a proper thresholding criteria for the
selection of the significant wavelet coefficients, which is to some extend utilize an heuristic approach,
hence, there is a need to develop a more improved technique which can separate the signal from the
noisy ambient data.

This chapter motivates towards the use of sparse technique, i.e, designing an efficient dictionary
from a given input signal and thereby extracting sparse set of best coefficients to represent the signal,
and hence, provides a fairly good estimate of low frequency modes in the presence of high noise in

the measured data. The proposed method based on the sparse representation of signal along with RD
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and TLS- ESPRIT i.e., S-RD-TLS-ESPRIT, consists of the following main steps to extract the modes
corresponding to ambient data: At first, using a nonlinear filter to minimize the nonlinear trends, then
by using sparse algorithm [101] [102] for de-noising followed by random decrement (RD) technique
for obtaining the free response from the ambient data and lastly using these free decay responses as
an input to the modified TLS-ESPRIT [75] for estimating the attenuation factor and frequency of the
oscillatory modes.

The proposed method, i.e, S-RD-TLS-ESPRIT is compared with the NwT-RD-TLS-ESPRIT
method, as proposed in Chapter 4, for simulated data corresponding to ambient data, followed by
the estimation of the modes for a simulated dynamics of a two-area system [9]. Further, a compara-
tive analysis of the proposed method with the NwT-RD-TLS-ESPRIT method is carried out for real
measurement from PDC from the North Eastern Regional Electricity Board (NEREB) of India and
real probing data of the Western Electricity Coordinating Council (WECC) system [79] [78].

This chapter motivates towards the application of sparse technique, i.e, to find a dictionary and
the sparse coefficients that best represents the clean signal. Section 5.2 describes the theoretical back-
ground of the techniques utilized in the proposed method and also gives an outline of the proposed
method for real time mode identification. The simulation results are provided in Section 5.3 followed
by conclusion in Section 5.4.

5.2 Methods for modal parameter estimation
5.2.1 Nonlinear filter

It is required to pre-filter the nonlinear trends present in the ambient data obtained from the PMU.
The mathematical equation corresponding to the pre-filter [93] for removing the nonlinear trends has
been provided in Chapter 4, sub-section 4.2.1.

5.2.2 Sparse Technique for recovery of signal

The signal after getting pre-processed from the pre-filter has very low SNR with very few modes
present in the signal. Hence, to extract the signal which lies in a very low dimensional space as
compared to the dimension in which the ambient signal lies, the authors proposes to use sparse based
recovery of the signal. A brief introduction to sparse based recovery is provided in this sub-section.

Sparse representation [101] [102] of vector X can be expressed as a linear combination of some of
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the columns of the matrix D.
x = Dy 5.1
satisfying
min || x =Dy |2 (5.2)

such that || ¥ |[;< B, where D is the dictionary where each columns of the dictionary is called
the atom. The vector v is called as sparse vector in which some elements are non-zero and others are
zero. B is the number of non-zero elements in the sparse vector y which is also referred as the sparsity
of the vector y . Dictionary D is created by exploiting the estimated structure of the signal using the
measured data. The core idea of the sparse technique is to select the best possible combination of
columns from the dictionary to represent the input signal. The main steps involved in the proposed
method i.e., S-RD-TLS-ESPRIT are : (a) Creation of Dictionary (b) Determination of sparse vector
(c) Signal reconstruction which are explained in the sub-section below.
5.2.2.1 Creation of Dictionary (D)

The core idea behind the construction of the dictionary is to represent the signal with minimum
set of atoms or the column of the dictionary is to learn the dictionary to perform best on the signal.

Data matrix Xi.e., X = [Xg X; ...X,_1] 1s created from the pre-filtered data using the non-overlapping
windows of samples creating a column vector x; of length / for the data matrix X. The total number
of samples utilized for mode estimation are, hence, given as [ X n. To get a low rank approximation of
the data matrix, singular vector decomposition (SVD) along with the method proposed in [35] to get
model order has been utilized. To get the model order, a index as proposed in [35] is defined in the

equation below:

1
2 2 212
pitpyt+ - +pi |
2 2 2
p1+p2+...+pD

K@) (5.3)

where K(i) is an index which increases monotonously and p; is the i-th singular value. As i tends to
the real signal order, K(i) also tends to unity. The present work has utilized this index to calculate
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the signal order. After determination of the approximated low rank data matrix, SVD is applied on it.
The left singular vectors of the low rank data matrix forms the dictionary for the proposed method.
5.2.2.2 Determination of sparse vector

Sparse vector y; with respect to the dictionary D is determined for each column vector x; cor-
responding to the data matrix X = [X¢ X; ...X,_1] using batch omp [103-105]. Orthogonal matching
pursuit (OMP) selects the atoms having the highest correlation to the current residual iteratively from
the dictionary. But it uses the current approximate an orthogonal projection onto the subspace spanned
by the selected atoms so far. Batch OMP performs faster than OMP as it involves computation of the
projection of the residual onto the dictionary and not the residual itself.

Terms used in the algorithm are given below:

n — no of iteration

I" — indices of the atom selected

" — sparse representation of x

r" — residue (x — Dy")

" — product of D'r”

G- D'D

" — product of Gy”

L" — Cholesky factorization of G

¢" — non zero coefficients of ", numbered by /"

The computation steps are as follows [105],

—

. Input: £° = D"x, G and target sparsity =B
. Output: The sparse vector y

. Initialization: Set 7 := (), L' :=[1],n:= 1

n—1|
k

2

3

4. while n < B do
5.k:= argTax{
6.g:=Gp;
7.1f n > 1 then

8. w :=Solve forw{L”‘lw = g,n}
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L 0
L" =
wl V1l —-wlw
10. end if
11. 1" := ("' k)

12. ¢ :=Solve for ¢ {L"(L")¢c = ¢}

13. X" = Gp.c”
14. "= -
15.n=n+1

16. end while

17.y:=0

18. yp :=¢"

Each sparse vector y; corresponding to each of the column vector x; of the data matrix X = [Xg Xg ...Xp_1]
obtained through batch omp, are arranged column wise to get the resultant sparse matrix ® = [yg v1... Yn-1]-
5.2.2.3 Signal reconstruction

The dictionary D is multiplied with the estimated sparse matrix @ to get the reconstructed signal
matrix Yryeconstruet- Lhe resultant signal vector y is obtained by appending all the columns of the
reconstructed signal matrix Y yeconstruct-

5.2.3 Random decrement (RD) technique

After extracting the signal from the noisy ambient data, the next step is to get the impulse response
of the system from the reconstructed signal obtained by the sparse recovery technique. Here, the RD
technique is utilized to get the impulse response of the system and is described in detail in Chapter 4,

sub-section 4.2.3. The equation corresponding to RD signature is

1 N
6(r) = 5 ) ¥ttty +7) (5.4)
r=1

A level crossing threshold 7, = ¢, representing a fraction of the standard deviation o of the signal

has been used.
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Figure 5.1: Block diagram of the proposed method i.e, S-RD-TLS-ESPRIT for mode estimation.

5.2.4 TLS-ESPRIT Estimation

The impulse response obtained through RD, is expressed as a linear combination of exponentially

damped sinusoids with white Gaussian noise of zero mean, as given in equation (5.5).

o(n) = s(n) + w(n)
M
= > ;" + w(n) (5.5)
=1

Modified TLS-ESPRIT [75] method has been used to estimate the attenuation factor and frequency
and a brief description of this method has been presented in Chapter 3, sub-section 3.2.2.
5.2.5 Identification of Power System Modes using the Proposed S-RD-TLS-ESPRIT Method
A Block diagram in Figure. 5.1 depicts the various steps for on-line mode identification of power
system utilizing the proposed method. Small and sudden mismatch between generated power and
load demand results into the excitation of low frequency modes which are measured from the phasor

measurement units (PMU). These measured data corresponding to the power swing are send to the
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phasor data concentrator (PDC) through the communication links. To extract the modal information
from the ambient data, a method is proposed as shown in Figure. 5.1. The steps for mode estimation
utilizing the proposed method are described briefly as follows:

Step 1: The proposed technique at first uses a block of N samples of the active power obtained
through the PDC.

Step 2: These samples are passed through the nonlinear filter. The nonlinear filter as explained in
Section 4.2.1 is found to be very effective in filtering the nonlinear trends, and hence resulting into a
signal which is weakly stationary.

Step 3: The filtered signal still has noise with high variance, hence, sparse based technique is
used to de-noise the signal as explained in Section 5.2.2.

Step 4: After de-noising of the measured ambient signal, the random decrement (RD) technique
is applied to the reconstructed sparse signal to obtain RD signature as given in equation (5.4).

Step S: The estimated RD signature corresponds to the impulse response and hence, it can be fed
as an input to the modified TLS-ESPRIT method for estimating the frequency and attenuation factor.

Step 6: The estimated modes thus obtained corresponds to a block of N most recent samples and
are stored in the PDC.

Step 7: The whole procedure is repeated for the arrival of N new samples.

5.3 Simulation Results

For illustrating the effectiveness of the proposed method, a comparison with NwT-RD-TLS-
ESPRIT method is provided in the sub-section below for the test signals, two-area system, and real
time PMU data for WECC and Indian Power Systems. The accuracy of the proposed method in
estimating the modes, has been evaluated by a performance identifier known as total vector error

(TVE) [91].

(X — X9 + (X¢ — X*)?
%TVE = FFraE 100 (5.6)

where, X7, X? are the real and imaginary values of the estimated quantity and X}, X?' are the real and

imaginary values of the actual quantity respectively.
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Figure 5.2: SIMULINK model used to generate ambient signal.
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Figure 5.3: Plots for the generated test signal (a) Generated test signal resembling ambient data corrupted with
nonlinear trends; (b) Signal obtained after nonlinear filtering; (c) Sparse recovery signal; (d) Estimated RD
signature.

5.3.1 Test signal corresponding to ambient data

To generate the test signal corresponding to the ambient data, a second order system with an
attenuation factor of —0.1, and frequency of 0.2 Hz as shown in Figure 5.2 is excited by Gaussian
noise and corrupted with nonlinear trends. Finally, to get the test signal corresponding to the ambient

data, the output response of the system shown in Figure 5.3(a), is sampled with a sampling frequency
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Table 5.1: Estimated Mode of Low-frequency oscillations for a test signal corresponding to ambient data

Attenuation factor=—0.1, freq=0.2 Hz
Methods Attenuation factor | Frequency | % TVE
NwT-RD-TLS-ESPRIT -0.1049 0.2008 0.5718
Proposed Method (S-RD-TLS-ESPRIT) -0.0990 0.1992 0.4025

of 10 Hz. The pre-processed signal obtained after the use of a nonlinear filter is shown in Figure
5.3(b). Figure 5.3(c) and 5.3(d) shows the signal reconstructed using the sparse coefficients and the
estimated impulse response of the ambient signal provided by the RD technique respectively. Table
5.1 shows the comparison of the proposed method, i.e., S-RD-TLS-ESPRIT with the NwT-RD-TLS-
ESPRIT method for the test signal. It is observed that the proposed method provides more accurate
estimation of modes ( i.e., attenuation factor= —0.0990 and frequency= 0.1992 Hz) with a total vector

error (TVE) of 0.4025%, which is less as compared to the other method.
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5.3.2 Estimation of modes for the two-area system

To generate the test signal corresponding to the two-area ambient data, the authors have utilized
two approach. One by exciting the models of the second order systems corresponding to the modes
present in a two-area system and the other using random variation of load for a two-area system in
real time digital simulator (RTDS).

Random series

} Second order LTI system with
MA [T mode=-0.25= j27(1.2047)

Linear System

Random series

Second order LTI system with

=]
TELci mode=-0.25+ j27(0.5374)

Li Syst
inear System :<+> —

Second order LTI system with
Md mode =-0.25+ j2(1.1950)

Linear System

Random series

Trends generating function

Figure 5.4: SIMULINK model used to generate two-area data.
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Figure 5.5: Plots for the generated two-area data (a) Generated test signal resembling two-area data corrupted
with nonlinear trends; (b) Signal obtained after nonlinear filtering; (c) Sparse recovery signal; (d) Estimated
RD signature.

Table 5.2: Estimated Mode of Low-frequency oscillations for generated two-area system

Attenuation factor=-0.25, freq=0.5374 Hz

Methods Attenuation factor | Frequency | % TVE
NwT-RD-TLS-ESPRIT -0.2076 0.5272 2.2725
Proposed Method (S-RD-TLS-ESPRIT) -0.2093 0.5283 2.0760

5.3.2.1 Mode estimation for the test signal corresponding to two-area data

The ambient signal for a two-area power system is generated using linear combination of 3 second
order model with Mode 1 = —0.25+7.5693 j, Mode 2 = —0.25+3.3765j, and Mode 3= —0.25+7.5084 j

and nonlinearity generating functions as shown in Figure 5.4. The output response of the system as
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5. Estimation of Low-Frequency Modes from Ambient Data using Sparsity, RD and TLS-ESPRIT

plotted in Figure 5.5(a) is sampled with a frequency of 10 Hz over a duration of 10 minutes, after
which the signal is passed through the nonlinear filter to obtain the filtered data as shown in Figure
5.5(b). Figure 5.5(c) and Figure 5.5(d) shows the reconstructed ambient signal and the estimated RD
signature respectively. This data is used to show a comparison of the proposed method with the other
method. Table 5.2 shows the estimated dominant mode for the two-area system by the two methods.
It is observed that the proposed method is able to estimate the dominant mode more accurately (i.e.,
attenuation factor= —0.2093, and frequency= 0.5283 Hz) with less total vector error (TVE) of 2.076%.
5.3.2.2 Mode estimation with RTDS corresponding to two-area data

Real time digital simulator (RTDS) is used to generate real time signals corresponding to inter-
area oscillations. The data is generated for a time duration of 20 min with sampling frequency of
50 Hz as shown in Fig. 5.6. Figure 5.7(a) shows the RTDS data corresponding to low frequency
oscillations of the active power flow. The low frequency oscillations have occurred due to 0 — 10
MW of random load changing at bus 8 in the interval of 1 sec. Figure 5.7(b), 5.7(c) and 5.7(d) shows
the plot of the nonlinear filtered data, reconstructed signal and the estimated impulse response for the
RTDS data respectively. It is seen from Table 5.3 that the proposed method provides a reasonably
good estimate of the attenuation factor (—0.2524) with a TVE of 5.6416%, which is less as compared
to the NwT-RD-TLS-ESPRIT method.

I 5 11 3

61(G) I I (6) a3

G2© @ G4
2 6 —l 10 4

0—-10 MW of random load changing after 1 sec

Figure 5.6: Two-area system for ambient data.
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Figure 5.7: Plots for the RTDS data (a) RTDS data corresponding to active power flow of two-area system; (b)
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Table 5.3: Estimated Mode of Low-frequency oscillations with RTDS for two-area system

Attenuation factor=—0.25, freq=0.5374 Hz

Methods Attenuation factor | Frequency | % TVE
NwT-RD-TLS-ESPRIT -0.2857 0.5673 5.6492
Proposed Method (S-RD-TLS-ESPRIT) -0.2524 0.5070 5.6416
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5.3.3 Estimation of modes using the real PMU data from North Eastern Regional Electricity
Board of Indian power grid

To further validate the effectiveness of the proposed method, PMU data with phasor reporting rate
of 25 frames/second from the North Eastern Regional Electricity Board is used for mode estimation.
The data measured from the PMU corresponds to the active power flow of the two lines incident on
the same bus is provided in Figure 5.8(a) and Figure 5.9(a), respectively. Here for calculating the
TVE, we have assumed true value of the estimated modes as the average of the estimated modes for
the two lines by the respective methods.
5.3.3.1 Mode estimation for power flow data in line one

The plot of the pre-processed data, reconstructed signal and the estimated free response for the
data corresponding to line one are shown in Figure 5.8(b), 5.8(c) and 5.8(d) respectively. Performance
comparison of the proposed method with the NwWT-RD-TLS-ESPRIT method for power flow in line
one corresponding to attenuation factor and frequency are shown in Table 5.4.
5.3.3.2 Mode estimation for power flow data in line two

The plot of the pre-processed data, reconstructed signal and the estimated free response for the
data corresponding to line two are shown in Figure 5.9(b), 5.9(c) and 5.9(d) respectively. Performance
check of the proposed method with the NwT-RD-TLS-ESPRIT method for power flow in line two are
shown in Table 5.5.

It is observed from the estimated modes corresponding to the power flows for the two lines con-
nected to a single bus as provided in Table 5.4 and Table 5.5, that the estimated modes for the data
corresponding to the active power flow in the two lines is more consistent for the proposed method
as compared to the NWT-RD-TLS-ESPRIT method. The TVE for the proposed method provided in

Tables 5.4 and 5.5 is less in comparison with the other method.

Table 5.4: Mode estimation for line one power flow data

Methods Attenuation factor | Frequency | % TVE
NwT-RD-TLS-ESPRIT -0.4963 0.2716 | 12.2946
Proposed Method (S-RD-TLS-ESPRIT) -0.4094 0.2470 | 11.0336
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Figure 5.8: Plots for the Line 1 data (a) Active power flow of line one; (b) Signal obtained after nonlinear
filtering; (c) Sparse recovery signal; (d) Estimated RD signature.
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Figure 5.9: Plots for the Line 2 data (a) Active power flow of line two; (b) Signal obtained after nonlinear
filtering; (c) Sparse recovery signal; (d) Estimated RD signature.

Table 5.5: Mode estimation for line two power flow data

Methods Attenuation factor | Frequency | % TVE
NwT-RD-TLS-ESPRIT -0.3266 0.2158 | 12.2800
Proposed Method (S-RD-TLS-ESPRIT) -0.7644 0.2375 11.0340

5.3.4 Estimation of modes using the real test signal of the WECC system

A probing test data of the WECC system, as shown in Figure 5.10, obtained on September 14,
2005 [78] is utilized for comparing the performance of the proposed method with the other method.
The data used for the estimation purpose is taken from the B.P.A website [79]. The estimated modes

as reported in the literature for the probing test signal is 0.318 Hz and 8.3% damping [79]. The plots
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for the various steps of the proposed applied to the data corresponding to window 1, 2 and 3 are
provided in Figure 5.11, 5.12 and 5.13 respectively. Table 5.6 gives a comparison of the methods for
the real ambient data. For the analysis widow 1, the proposed method gives better damping estimate
( 8.1768% damping) as compared to the other method. For analysis window 2, the proposed method
gives the value of damping (8.3896 % damping) approximately close to the reported value [79] and
minimum TVE (2.1607%) in comparison with the other method. The proposed method is able to
estimate the damping almost accurately (7.8704% damping) as compared to the other methods for
analysis window 3. For analysis window 1 and 3, the TVE for the estimated modes is comparable
with the other method.
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Figure 5.10: Probing data corresponding to real power flow.
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Figure 5.11: Plots for the window 1 data (a) Signal obtained after nonlinear filtering; (b) Sparse recovery
signal; (c) Estimated RD signature.
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Figure 5.12: Plots for the window 2 data (a) Signal obtained after nonlinear filtering; (b) Sparse recovery
signal; (c) Estimated RD signature.
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Figure 5.13: Plots for the window 3 data (a) Signal obtained after nonlinear filtering; (b) Sparse recovery
signal; (c) Estimated RD signature.
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Table 5.6: Estimated Mode Analysis for WECC system

Estimated mode for Analysis window 1

Attenuation | Frequency | % Damping | % TVE

NwT-RD-TLS-ESPRIT -0.1506 0.2955 8.0835 7.0870

Proposed Method (S-RD-TLS-ESPRIT) | -0.1498 0.2906 8.1768 8.6377
Estimated mode for Analysis window 2

Attenuation | Frequency | % Damping | % TVE

NwT-RD-TLS-ESPRIT -0.1604 0.3111 8.1760 2.1843

Proposed Method (S-RD-TLS-ESPRIT) || -0.1646 0.3111 8.3896 2.1607
Estimated mode for Analysis window 3

Attenuation | Frequency | % Damping | % TVE

NwT-RD-TLS-ESPRIT -0.1849 0.2982 9.8222 6.2687

Proposed Method (S-RD-TLS-ESPRIT) | -0.1458 0.2939 7.8704 7.6254
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5. Estimation of Low-Frequency Modes from Ambient Data using Sparsity, RD and TLS-ESPRIT

5.4 Conclusion

This chapter proposes a robust estimation technique by utilizing sparsity, random decrement and
modified TLS-ESPRIT to estimate modes corresponding to the low frequency oscillations in power
system for the ambient data. The proposed method chooses a proper dictionary and selects the best set
of sparse coefficients to extract the clean signal, and hence, has significantly improved its robustness
towards the presence of high level of noise. To show its robustness, the proposed method is compared
with NwT-RD-TLS-ESPRIT on the simulated data corresponding to ambient data, followed by the es-
timation of the modes for a simulated dynamics of a two-area system. Further, a comparative analysis
of the proposed method with the NwT-RD-TLS-ESPRIT method is carried out for real measurement
from PDC from the North Eastern Regional Electricity Board (NEREB) of India and real probing
data of the Western Electricity Coordinating Council (WECC) system. From the results presented in
Section 5.3, it is observed that the proposed method provides a more accurate and robust estimation

of low frequency modes in the power system.
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Conclusions

6.1 General

The synchrophasor based wide area monitoring system (WAMS) consist of phasor measurement
units (PMUs), which are geographically distributed and time synchronized via GPS clock. These de-
vices have the ability to measure both the magnitude and the phase angle of the voltages and currents
in the power system. It delivers the time stamped data to the phasor data concentrator (PDC) at a
high refresh rate, which has made WAMS capable enough to provide the dynamic states of the power
system.

For secure and reliable operation of power system, it is required to have suitable stability margin.
Since, the dynamics of interconnected power system is very complex, it is required to classify the
phenomena of instability as voltage stability, frequency stability and rotor angle stability. The rotor
angle stability is, further, categorized as the small signal stability and transient stability. Traditional
approaches for analyzing the small signal rotor angle stability is based on eigenvalue analysis of the
linearized time invariant model. These off-line based methods are suitable for system design and
analysis, but cannot be applied for real time monitoring purpose. This thesis has mainly focussed on
the development of synchrophasor based on-line monitoring of the small signal rotor angle stability

of the system for ringdown and ambient data. The main contributions of the thesis are as follows:
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e Development of a robust low frequency mode estimator for the ringdown signal corrupted with
high variance noise and outliers using minimum covariance determinant (MCD) to robustify

the improved Prony method.

e Development of a covariance approach based robust and fast estimator of low frequency mode

using MM estimator with modified TLS-ESPRIT method.

e Development of a nonlinear filter and wavelet based low frequency mode estimator to remove

the nonlinear trends and extract the signal from the noisy ambient data.

e Development of an improved low frequency mode estimator based on sparsity to separate the

signal from the high amplitude noise in the ambient data.
6.2 Summary of Important Findings

In Chapter 2, a method based on the improved Prony, for estimating the low frequency modes,
has been proposed. It utilizes the real time synchrophasor measurements derived from the phasor
measurement unit (PMU) via phasor data concentrator (PDC). The proposed robust modified Prony
method uses a minimum covariance determinant technique to find a robust covariance matrix, to mit-
igate the effect of bad data. A comparative analysis of the proposed method with the improved Prony
and modified total least squares estimation of signal parameters via rotational invariance techniques
(TLS-ESPRIT) has been carried out by running the Monte-Carlo simulations on the test signal corre-
sponding to the inter-area and the local modes of oscillations at different noise levels with and without
outliers. The effectiveness of the proposed method is also validated for two-area system. Comparison
of the proposed method with the improved Prony, modified TLS-ESPRIT and eigensystem realiza-
tion algorithm (ERA)/Prony are also obtained on the real time probing test data obtained from a PDC
connected in the Western Electricity Coordinating Council (WECC) system. The main conclusions

of the work, in this chapter, are as follows.

e [t has been observed that the proposed method provides a better damping estimate in terms of
the mean and variance and also a better frequency estimate in terms of variance, which clearly
shows that it has negligible bias towards the presence of the high variance noise and outliers.
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6.2 Summary of Important Findings

e The modes estimated by the proposed method is close to those obtained using the conventional

eigenvalue analysis for a two-area system.

e The proposed method has provided very accurate mode estimates for the probing test data of

the WECC system.

In Chapter 3, a robust total least squares estimation of signal parameters via rotational invariance
techniques (TLS-ESPRIT), for estimating the low frequency modes, has been proposed. It utilizes
a MM estimator to robustify the covariance matrix. A comparative analysis of the proposed method
with the modified TLS-ESPRIT and robust modified Prony has been carried out on the test signal
corresponding to the inter-area and the local modes of oscillations. The results are also obtained on
the two-area system and on the real time probing test data obtained from a PDC connected in the

WECC system. The main conclusions of this proposed work are as follows.

e The variance in the attenuation and frequency in the estimated modes of the proposed method

are less as compared with the robust modified Prony method.

e The modes identified by the proposed method is quite close to those obtained by the small

signal stability analysis for a two-area system.

e The proposed method has provided a more accurate estimate of the modes for the real time
probing data of the WECC system as compared to the robust modified Prony method. It has
also provided a fairly good estimate of the damping of the mode corresponding to the ambient

data window of the probing test data.

Chapter 4 has proposed a mode estimation technique using nonlinear filter, wavelet transform, ran-
dom decrement and modified TLS-ESPRIT. The proposed method selects the best set of wavelet coef-
ficients to represent the signal which makes it capable to withstand high noise and provides an unbias
estimate of the modes present in a power system. To illustrate its effectiveness, the proposed method
1.e., NWT-RD-TLS-ESPRIT is compared with nonlinear filtering, natural excitation technique- eigen-
system realization algorithm (NExT-ERA) and random decrement technique- Ibrahim time domain

(RD-ITD) methods on the test signals, simulated second order system corresponding to the modes
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present in a two-area system, two-area system simulated on real time digital simulator (RTDS) facil-
ity at IIT Kanpur. The robustness of the proposed method in identifying the oscillatory mode is also
demonstrated on a real PMU data obtained from North Eastern Regional Electricity Board (NEREB)

and probing data of the WECC system. The main conclusions are provided below:

e The proposed method utilizes a nonlinear filter to mitigate the non-linear trends and a wavelet
based signal de-noising technique to extract the significant wavelet coefficients to represent the

clean signal.

e It has been observed from the simulations that the proposed method performs better than the

nonlinear filter, NExXT-ERA and RD-ITD in estimating the modes.

e The proposed method has provided fairly good estimate of the modes for real ambient data of

NEREB and WECC.

Chapter 5 has proposed a robust estimation technique by utilizing sparsity, random decrement
and modified TLS-ESPRIT to estimate modes corresponding to the low frequency oscillations in
power system for the ambient data. The proposed method chooses a proper dictionary and selects
the best set of sparse coefficients to extract the clean signal, and hence, has significantly improved
its robustness towards the presence of high level of noise. To show its robustness, the proposed
method is compared with NwT-RD-TLS-ESPRIT on the simulated data corresponding to ambient
data, followed by the estimation of the modes for a simulated dynamics of a two-area system. Further,
a comparative analysis of the proposed method with the NwT-RD-TLS-ESPRIT method is carried
out for real measurement from PDC from the North Eastern Regional Electricity Board (NEREB) of
India and real probing data of the Western Electricity Coordinating Council (WECC) system. The

main conclusions drawn from the proposed work are as follows.

e The proposed method utilizes sparsity, which involves designing an efficient dictionary from
a given input signal and thereby extracting the representation coefficients from it, that best
represents the noise free signal. Hence, it provides a reasonably good estimate of low frequency

modes in the presence of high noise in the measured data.
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6.3 Scope for Future Research

e [t has been observed from the simulations that the proposed method performs better than the

wavelet method in estimating the modes.

e The proposed method also provides fairly good estimate of the modes for real ambient data of

NEREB and WECC.
6.3 Scope for Future Research

From the result of the investigations carried out in this thesis, the following topics have been found
out for future research in this area:

1. The proposed robust modified Prony and robust TLS-ESPRIT based low frequency estimator
has been effective towards the presence of high variance noise and outliers. The effect of missing data
can also be studied and accordingly a more robust estimator can be designed.

2. The proposed wavelet and sparse based estimator for low frequency mode estimation for am-
bient data has used RD method, which assumes Gaussian excitation for correct estimation of the im-
pulse response of the system. A robust estimator can be developed which accounts for non-Gaussian
excitation in the system.

3. The present thesis has primarily focussed on application of the synchrophasor technology to
the small signal rotor angle stability prediction. The work may also be expanded to develop effective

techniques for voltage instability prediction and other possible power system applications.
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Data for the 11-bus, Two-Area System
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A. Data for the 11-bus, Two-Area System

The two-area power system data is taken from [9]. This system comprises of 4 generators and 11
buses. The single line diagram is given in Figure A.1. Generators 1 and 2 forms the first area and the
generators 3 and 4 forms the second area. Tables A.1 and A.2 shows the bus data and the line data
respectively. Synchronous machine and exciter data are listed in Tables A.3 and A.4. All the system

data are in p.u. The conventional power system stabilizers data are taken from reference [11].

L s 1 3
o | e
7 8 9
G2(c)] l(e)c4
4

s s i

Figure A.1: Single line diagram of the two-area system.

Table A.1: Bus data (in p.u.)

Bus | Vy | Pg Py Oc | Or | O6max | QGmin
1 1.03 7 0 1.61 0 10 -10
2, 1.01 7 0 176 | 0 10 -10
7 0.98 0 9.76 0 1 0 0
5 1.01 0 0 0 0 0 0
3 1.03 | 7.16 0 149 | O 10 -10
4 1.01 7 0 1.39 | O 10 -10
9 0.99 0 17.7 0 1 0 0
6 0.99 0 0 0 0 0 0
8 1 0 0 1.09 | 0 0 0
11 1.01 0 0 0 0 0 0
10 | 0.99 0 0 0 0 0 0
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Table A.2: Line data (in p.u.)

From Bus | To Bus R X Bsy Tap Ratio
1 5 0 0.0167 0 1
2 6 0 0.0167 0 1
7 6 0.0010 | 0.0100 | 0.0175 1
7 8 0.0110 | 0.1100 | 0.1925 1
7 8 0.0110 | 0.1100 | 0.1925 1
5 6 0.0025 | 0.0250 | 0.0437 1
3 11 0 0.0167 0 1
4 10 0 0.0167 0 1
9 8 0.0110 | 0.1100 | 0.1925 1
9 0.0110 | 0.1100 | 0.1925 1
9 10 0.0010 | 0.0100 | 0.0175 1
11 10 0.0025 | 0.0250 | 0.0437 1
Table A.3: Synchronous Machine Data
Gen. no. | Bus. no. | MVA BASE | X; R4 Xa | X, | T)y | Xy X; T;O H
1 1 900 0.2 ] 00025 | 1.8 03| 8 1.7 1055 | 04 | 65| 6.5
2 2 900 0.2 00025 1803 ]| 8 1.7 1 055 | 04 | 65 | 65
3 3 900 0.2 [ 0.0025 | 1.8 | 0.3 | 8 1.71 055 | 04 | 65| 65
4 4 900 0.2 [ 0.0025 | 1.8 | 0.3 | 8 1.7 1055 | 04 | 65|65
Table A.4: First Order Exciter Data
Exciteratgen. no. | Ky | Ty | EB” E?di”
1 0.01 | 200 5 -5
2 0.01 | 200 5 -5
3 0.01 | 200 5 -5
4 0.01 | 200 5 -5
Table A.5: Power System Stabilizer Data
PSSno. | Exciterno. | Kpss | Tw | Ty | T, | Tz | T4 | PSS_OUTyax | PSS_OUTyn
1 1 400 10 | 02 | 0.1 | 0.2 | 0.1 0.2 -0.05
2 2 400 10 | 02 | 0.1 | 0.2 | 0.1 0.2 -0.05
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A. Data for the 11-bus, Two-Area System

List of Symbols:

Vu

Pg

Py

Q¢

0L

QGmax

QGmin

R

X

Bsy

: Voltage magnitude (pu)
: Real power generation (pu)
: Real power load (pu)
: Reactive power generation (pu)
: Reactive power load (pu)

: Maximum reactive power generation (pu)

: Minimum reactive power generation (pu)

: Resistance (pu)

: Reactance (pu)

: Full line charging (pu)

: Leakage reactance (pu)

: Synchronous machine stator resistance (pu)
: D-axis synchronous reactance (pu)

: D-axis transient reactance (pu)

: D-axis open-circuit time constant (seconds)
: Q-axis synchronous reactance (pu)

: Q-axis transient reactance (pu)

: Q-axis open-circuit time constant (seconds)
: Inertia constant (seconds)

: Load damping coefficient (pu)
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Tk

Enx
Enin

Kpss

Ty

T, -1,

PSS _OUTyax

PSS _OUT yin

TH-1796_11610239

: Exciter input filter time constant (seconds)
: Voltage regulator gain

: Maximum exciter output voltage (pu)

: Minimum exciter output voltage (pu)

: PSS gain

: PSS washout filter time constant (seconds)
: PSS lead-lag network time constants (pu)

: PSS maximum output (pu)

: PSS minimum output (pu)
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