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Abstract

The electric power system is a complex nonlinear system that functions in a dynamic envi-
ronment and is frequently subjected to a wide range of small and large disturbances. Small
disturbances occur continuously due to load changes, while large disturbances are often caused
by faults (such as equipment malfunction, human error, or attacks) and then propagate through
the system. Depending on the system operating conditions, such disturbances can lead to sta-
bility issues and, in the worst case, to blackouts. The onset of instability in power systems
causes fluctuations in diLerknt physical properties of the system, with the most critical being
the voltage and frequency. Monitoring the variation of these physical properties over time allows

for extracting information about the stability status of the system.

This thesis aims to tackle power system stability concerns by creating real-time detection al-
gorithms that rely on Phasor Measurement Units (PMUs). These algorithms serve as early
warning systems and are valuable inputs for stabilizing control techniques. The algorithms in
question focus on two types of stability issues: short-term oscillatory stability, which pertains to
low-frequency interarea oscillations, and long-term voltage stability, which is related to gradual

voltage collapse.

In the thesis, the first section covers Low-Frequency Oscillations (LFO) in the power grid.
While typically well-damped, under-damped LFOs can pose a significant threat to the grid’s
stability, making it crucial to detect them early for real-time monitoring. One important aspect
of analyzing oscillatory stability is determining the frequency and damping of critical oscillatory
modes, which can be challenging due to closely spaced and noisy natural modes in PMU signals.
To address this issue, the thesis proposes a method for detecting LFO using the Empirical
wavelet transform, which adaptively extracts dilerkent signal modes through a wavelet filter

bank.



The second part of the thesis focuses on long-term voltage stability (LTVS) in electric power
systems, which can gradually deteriorate over time due to the grid’s inability to meet demand.
Factors such as insu Lcieht reactive resources, load characteristics, and tap changer response
can contribute to LTVS, but the thesis primarily examines the stressed power system caused
by high active power demand from excessive load. For the real-time assessment of long-term
voltage stability (LTVS), this study proposes an approach that utilizes data mining and ma-
chine learning methods to evaluate long-term voltage stability (LTVS). The proposed technique

employs a feature ensemble method to predict the voltage stability margin (VSM).
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Chapter 1

Introduction

The electric power system comprises a complex network of generators, transformers, loads,
transmission lines, and distribution lines. The generators convert mechanical energy into elec-
trical energy, which is then transported to consumers (loads) through the transmission and
distribution systems. The main objective of the transmission and distribution systems is to

ensure uninterrupted supply of high-quality electricity.

The global energy demand has been rising due to rapid urbanization and population growth,
leading to signi cant changes in the power system. In the past, electric utilities were vertically

integrated and operated within speci ¢ geographic regions. However, the deregulation of the
electricity market now allows utility companies to sell power across borders and compete for

customers.

To meet the increasing demand for energy, the power system has expanded signi cantly, with
decentralized and renewable sources such as wind, solar, and hydro-power being integrated
into the system. The regional grids are also interconnected to enable power exchange over a
broader area. However, this complexity also increases the likelihood of contingencies and the
severity of their impact. In the event of a disruption such as loss of generation or a short-circuit,
the generator's rotor angle separation, bus voltages, and system frequency could be disturbed,

leading to cascading failures [4].

At the same time, extensive utilization of power electronic devices and the presence of variable
demands, such as those from electric vehicle charging stations and electri ed railways, con-

tribute power quality anomalies to electrical grids, including harmonics and rapid uctuations
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in frequencies. In one way or another, these new sources have a ected the power system operat-
ing conditions by degrading the quality of supply and forcing the system to work under stressful
conditions. Consequently, the modern power system encounters numerous challenges that sig-
ni cantly jeopardize its stability parameters. Among these challenges, inter-area oscillations

and voltage stability hold particular importance.

Inter-area oscillations belong to the so-called Small Disturbance, or Small Signal Stability prob-
lem in power systems [5]. Inter-area oscillations frequently appear among di erent parts of the
power system due to continuing growth in the interconnections. Another contributing factor to
these oscillations is the high electricity demand, due to which transmission corridors operate
closer to their small-signal, and transient stability limits [6]. If not damped, these oscillations
can increase in magnitude and result in system separation, synchronization loss, or even black-
outs as a worst-case scenario [7]. Many grids have experienced these oscillations, including

South China, the USA, South America, Africa, and Scandinavian countries [8].

On the other hand, voltage stability problems are linked to the escalation of loading in the
transmission lines, scarce reactive supplies, and long-distance power distribution. A sequence
of events accompanying voltage stability can drive the system to voltage collapse, characterized
by an initially slow progressive decline in the voltage magnitude of the power system buses and
a nal rapid decrease in the voltage. Several incidences of voltage collapse across the world were
reported in [9], including the blackouts that happened in Belgium (Aug 1982), Sweden (Dec.
1983), and Tokyo (July 1987). Another incidence of blackout in the United States and Canada
(Aug 2003) has proven to be the most signi cant [10]. Approximately 63 GW of the load was
lost during the outage, and about 50 million people were a ected. Yet another major collapse
took place in Southern Sweden (Sep 2003) that impacted up to 2.4 million customers [11].
These instances prove that any disruption in the power system would lead to cascading outages
and dire consequences due to other major infrastructures heavily relying on electricity, such as

communication, tra c, water and gas supply, etc.

Therefore, a power system with continuous monitoring and stability prediction is urgently
needed. Furthermore, the centralized computational approaches, traditionally used in power
systems, face severe challenges in analyzing modern power systems. Due to extensive intercon-
nections, the degree of complexity of the power system has increased to the extent that planning

and operation are virtually unmanageable without comprehensive and robust analysis methods.
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Research in this area aims to predict voltage collapse to reduce its risk on the power stabil-
ity networks and identify inter-area modes by continuously capturing and processing power
oscillations on wide-area measurement system (WAMS) and its corresponding frequency and
damping. Large-scale blackouts such as the 1996 blackout in the U.S. [12], the 2003 blackout in
North America [13], the 2003 blackout in Italy [14], and the 2006 blackout in Europe. Vleuten

et al.[15] highlight the risks associated with lack of reliability in electric energy infrastructure
and the economic impacts of blackouts. Analysis of these blackouts shows that a sequence of
cascading events involving line tripping, overloading of other lines, malfunctions of protection
systems, power oscillations, voltage stability, and system splitting and collapse caused these

outages [16].

1.1 Motivation and research objectives

The primary focus of this thesis revolves around two crucial aspects in the power system domain:
1. Long-term voltage stability, and
2. Interarea oscillations.

The motivation for studying these phenomena arises from numerous instances of voltage col-
lapse experienced globally. While both long-term voltage stability and interarea oscillations are
associated with power system stability, they each tackle di erent aspects. Long-term voltage
stability focuses on maintaining stable voltage levels at all busses, whereas interarea oscillations

pertain to slower oscillations that occur between distinct regions within the power system.

The slow nature of these two instabilities presents signi cant opportunities for applying machine
learning (ML) algorithms. Their gradual processes make them suitable candidates for leveraging
ML techniques, which is why we have chosen to investigate these phenomena in our research.
By harnessing ML's capabilities, we aim to gain deeper insights into these complex stability

issues and develop e ective strategies for enhancing the stability of power systems.

In the following subsections, we discuss the implications presented by these phenomena and the

driving factors that have sparked our research endeavor.
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1.1.1 Unveiling the Signi cance of Oscillatory stability in Electric Power

Systems

Interarea oscillation involves slower and sustained oscillations that occur between di erent re-
gions or areas of a power system. These oscillations typically have frequencies in the range
of a few cycles per second and are observed in the large system with groups of generators, or
generating plants connected by relatively weak tie lines. These oscillations involve groups of
generators, or generating plants, on one side of the tie oscillates against groups of generators
on the other side of the tie[17]. Interarea oscillation is an area of interest and concern for

researchers due to the following reasons:

Widespread Impact : Interarea oscillations are low-frequency oscillations that can prop-
agate across large geographical regions, a ecting multiple interconnected areas of the
power system. These oscillations can lead to widespread disturbances and impact the

stability of the entire grid[18].

Cascading E ects : Interarea oscillations can trigger cascading failures, where the oscil-
lations interact with various system components, leading to a chain reaction of failures.

Cascading events can result in extensive blackouts and severe disruptions in the power
supply[19].

Resonance Phenomena : The process of interarea oscillations can be triggered by res-
onance phenomena, where the natural frequencies of di erent parts of the power system
align, leading to ampli ed oscillations. Understanding these resonance mechanisms is

crucial to mitigate their adverse e ects[20].

Complex System Dynamics : Power systems are complex and interconnected networks
with multiple generation sources, transmission lines, and loads. Interarea oscillations are

challenging to analyze and control due to the complexity of the system dynamics [21].

Renewable Integration : With the increasing integration of renewable energy sources,
power systems become more susceptible to interarea oscillations. The variability and
unpredictability of renewable generation can introduce additional uncertainties in the

system, impacting stability[22].

Transmission Line Dynamics : Interarea oscillations can interact with the dynamics of

long-distance transmission lines, a ecting the system's behavior over large distances [23].
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Interconnected Grids : Interarea oscillations can be exacerbated in interconnected
power grids, where power transfers between dierent regions can in uence oscillation

dynamics [24].

Detecting and mitigating these oscillations in real-time require advanced monitoring and control
strategies. Understanding the dynamics of these oscillations and developing e ective control

strategies are essential to safeguarding the smooth operation of interconnected power grids.

1.1.2 Unveiling the Signi cance of Long-Term Voltage Stability in Electric

Power Systems

Long-term voltage stability, as a gradual process, emerges when the power network encounters
challenges in delivering su cient reactive power support, particularly in speci ¢ network nodes

or areas of the power system [25]. It involves assessing the system's ability to withstand varying
load conditions, generation patterns, and other factors that may impact voltage levels. Long-
term voltage stability is an area of concern for researchers in electric power systems due to

several reasons:

Power System Complexity : Modern power systems are becoming increasingly com-
plex, incorporating various sources of generation, exible loads, and interconnected trans-
mission networks. As the complexity of the power grid increases, it becomes challenging

to ensure stable voltage levels over extended periods [26].

Renewable Energy Integration  : The integration of renewable energy sources, such as
solar and wind, introduce intermittent and variable generation patterns into the power
system. These uctuations can impact voltage stability, especially during periods of high

renewable energy penetration[27].

" Reduced Stability Margins  : Power systems are often operated with reduced stability
margins to optimize asset utilization and accommodate diverse demand patterns. Operat-
ing with smaller stability margins makes the system more susceptible to voltage instability

and collapses [28].

" Risk of Blackouts : Voltage instability can lead to cascading failures, where a disturbance
in one part of the system triggers a chain reaction of failures, eventually resulting in

blackouts. Such blackouts can have severe consequences, including economic losses and
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disruption of essential services [29].

Demand Growth : Growing electricity demand and changing load patterns can put
additional stress on the power system, a ecting voltage stability. Researchers need to
understand how the changing demand can impact the long-term voltage stability of the

grid [30].

Long-term voltage stability analysis helps power system planners and operators anticipate po-
tential voltage stability issues. By analysing voltage stability over the long term, power system
operators can identify potential vulnerabilities and risks associated with di erent operating

scenarios.

1.1.3 Shortcomings of existing methods

Techniques used for interarea oscillation analysis often include modal analysis, eigenvalue anal-
ysis, and frequency response analysis. These methods help identify the critical interarea oscil-
lation modes and assess the stability of the power system concerning these oscillations. Long-
term voltage stability analysis requires a di erent set of techniques and tools, such as load ow
studies, voltage stability indices, and voltage stability margins. These methods help identify
potential voltage stability issues in the power system and assess its ability to withstand large

disturbances, such as heavy load demands or equipment failures.

Analyzing long term voltage stability and interarea oscillation in power systems using traditional
methods has some shortcomings, and ML o ers a better choice to address these limitations. Here

are some of the shortcomings of traditional analysis:

Complexity and Nonlinearity : Power systems are complex and nonlinear, and tra-
ditional analysis methods may struggle to capture the intricate relationships between

variables accurately.

Sensitivity to Assumptions  : Traditional methods often rely on simplifying assump-
tions, which may not accurately represent real-world conditions, leading to potential in-

accuracies in stability assessments.

Limited Data Utilization . Traditional approaches might not e ectively utilize the vast

amount of high-resolution data available from PMUs and other sensors, missing valuable
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insights.

Time-Consuming : Simulation-based methods for stability analysis can be computa-
tionally intensive and time-consuming, making real-time monitoring and decision-making

challenging.

Di culty in Handling Missing Data . Traditional methods may struggle to handle

missing or incomplete data, leading to information loss and reduced accuracy.

1.1.4 Unleashing the Potential of ML Techniques

Recently, ML techniques o er a paradigm shift in long-term voltage stability analysis by lever-

aging the power of data-driven insights and advanced computational capabilities. The inherent
challenges faced by traditional methods in accurately addressing voltage stability and oscillation
issues have paved the way for the motivation behind the utilization of ML techniques. These

algorithms are gaining popularity due to several reasons:

Data-Driven Insights : ML leverages data from real-world scenarios to reveal complex

relationships and patterns that traditional methods might overlook.

Nonlinear Dynamics : Long-term voltage stability involves nonlinear interactions. ML

techniques can capture these non-linearities more e ectively.

Model Complexity : Power systems are intricate and constantly evolving. ML can

handle large datasets and adapt to changing system dynamics.

Enhanced Prediction : ML algorithms can predict voltage stability margins based on

historical data, o ering real-time assessment and early warning capabilities.

Automation : ML-based tools can automate the analysis process, reducing the need for

manual parameter tuning and simplifying complex calculations.

" Adaptability : ML algorithms can adapt to changing system conditions and incorporate

new data for continuous improvement.

Early Detection : ML-based monitoring can o er early detection of potential voltage

instability, allowing grid operators to take proactive control actions.

10
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Overall, this research aims to provide valuable insights into long-term voltage stability and
interarea oscillations in electric power systems. By leveraging PMU data and employing data-
driven approaches with ML techniques, we seek to enhance stability assessments and contribute

to the overall reliability and e ciency of power systems.

1.2 Monitoring of power system stability

Modern power systems are comprised of two sets of measurement systems,
" SCADA and
" WAMS [31].

Both of these systems have their pros and cons. Due to longer tenure, the SCADA system has
amassed a variety of operational experiences, while WAMS o ers accurate and rapidly updated

measurements [32].

1.2.1 Supervisory Control and Data Acquisition

The traditional monitoring approach uses a SCADA tool to gather the system's information.
SCADA is a computer system for assembling, analyzing, and monitoring real-time data. SCADA
systems monitor and control plants or equipment and gather information from meters, transduc-
ers, and similar devices. The collected data contain information on the real and reactive power
ows, voltage magnitudes, and breakers and switches' status [33]. Simultaneously, the system
status measured from the substations is broadcast to the control centre. In the control centre,
the SCADA system facilitates the operators to monitor or control the entire power system by
transmitting the data to the principal computer facility, and presenting the information to the

operator through the human-machine interface [34].

However, with the rapid economic growth and increasing electricity demand, power systems
often operate closer to their stability limit and are more endangered by fast-evolving dynamic
events. In this scenario, the SCADA applications are inadequate to assist power systems in
performing rmly and securely; the blackout in North America and Canada in 2003 is such
an example. Since the SCADA system provides low sampling density and non-synchronous
information about the network, the control center cannot know the dynamic operation states

of the system precisely [35].

11
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Figure 1.1: Architecture of WAMS; where PMUs collect the data from various sources of power

systems. The collected data sets are delivered to a local Phasor Data Concentrator (PDC), which
transmits them to a master database called super-PDC. The consolidated data sets collected
by super-PDC are fed into analytic applications such as state estimation, stability assessments,
data visualization, real-time monitoring, and control.

12
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1.2.2 Wide Area Measurement Systems

Due to its asynchronous and slow nature, SCADA does not provide power system information
at sub-second time frames to the state estimator and, therefore, does not provide dynamic
state estimations [36]. WAMS comprising several phasor measurement units (PMUSs) provide
enhanced capabilities for accurate and real-time monitoring of the system'’s stability [37]. WAMS

complements the data acquisition functions of SCADA and has higher precision, shorter update

cycle, lower transmission delay, and sensitivity with the system status variation.

Over the past two decades, WAMS has been widely deployed to monitor power system stabil-
ity and get real-time measurements of voltage magnitude, frequency, phase-angle, active and
reactive-power variations, and waveforms with high-quality visualizations. Due to its high sam-
pling rates, WAMS are capable of capturing data with a level of granularity that signi cantly
reduces online estimation errors. This enhanced frequency of data acquisition allows for a more
accurate representation of the dynamic behavior of the power system, ensuring that real-time

measurements closely align with the actual system conditions [38].

Fig. 1.1 shows the architecture of a typical WAMS. Widely distributed PMUs dispatch the
measurements to PDC. Generally, a speci ed number of PMUs are dealt with by a single PDC.
The PDC retains the local applications' data and transmits the rest to a super PDC for advanced
application. In super PDC, the measured data from the whole power system is synchronized
using timestamps. The three layers of WAMS operations can be classi ed into data acquisition,
management, and applications. The WAMS technology helps prevent blackouts, improve state

estimation, and better utilize transmission networks [39].

1.3 Classi cation of Power System Stability

For a given initial operating condition, power system stability refers to the ability of an elec-
tric power system (EPS) to regain a state of operating equilibrium after being subjected to a
physical disturbance, with most system variables bounded so that practically the entire system
remains intact [40]. Fig. 1.2 gives an overall picture of the power system stability classi cation,
identifying its categories and subcategories. This thesis focuses on two of the power system

stability categories [41]:

1. Angle Stability or Rotor Angle Stability

13
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2. Voltage Stability

Figure 1.2: Classi cation of power system stability. In orange the sub-categories of interest in
this thesis [1]

The selection of Angle Stability (Rotor Angle Stability) and Voltage Stability as the primary
focus for the thesis is based on their characteristics as slow-moving stability issues. These types
of stability problems generally evolve over a more extended period compared to other types
of instability in power systems, which can provide better opportunities for the training of ML

algorithms.

We present here several justi cations for the pertinence of incorporating slow-moving stability
concerns into ML training, and we elucidate the rationale behind selecting them as the central

focal point:

Data Availability and Quality: Slow-moving stability issues allow for more frequent
and continuous measurements of system variables, such as angles and voltage levels, over
time. This availability of high-quality data can be crucial for e ectively training ML

algorithms, as large datasets can enhance the model's accuracy and generalization.

Feature Engineering:  In slow-moving stability problems, the system dynamics change

gradually, allowing for more e ective feature engineering. ML algorithms can bene t

14
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from well-engineered features that capture the system's behavior and changes, leading to

improved model performance.

Resilience Analysis:  The study of slow-moving stability issues can help identify critical
vulnerabilities and potential instability threats in power systems. ML algorithms can be

applied to assess the resilience of the system to varying conditions and disturbances.

Decision Support Systems: Slow-moving stability issues demand e ective decision
support systems that can provide timely warnings and actionable insights to power system
operators. ML algorithms can be used to develop intelligent decision support tools that

enhance situational awareness and aid in stability management.

The research can play a vital role in advancing the state-of-the-art in power system stability
analysis and control, bene ting both the power industry and society as a whole. A brief summary

of the two stability aspects mentioned above is presented as follows:

1.3.1 Rotor angle stability

Angle stability (or Rotor Angle stability) is de ned as ' the ability of interconnected synchronous
machines of a power system to remain in synchronismThe category of angle stability can be

considered in terms of two main subcategories [1]:

Transient stability  results from the inability to maintain synchronism after large disturbances
such as system faults and /or equipment outages. Transient stability studies aim to determine

if a system's machines will return to a steady synchronized state following a large disturbance.

Small signal stability  results from the inability to maintain synchronism and/or dampen out
system transients and oscillations caused by small system changes, such as continual changes
in load and /or generation. This stability problem involves the study of electromechanical
oscillations (EO) inherent in power systems. EO was observed in the power system as soon
as synchronous generators were interconnected to provide more power capacity and reliability.
Formerly interconnected generators were close to each other, and oscillations were in a frequency

range of 1 to 2 Hz [42],

As more utilities connected, oscillations in di erent frequency ranges were observed. Nowadays,
EO can be classi ed by speci c types, with each type exhibiting a particular range of oscillation

frequency when the phenomenon occurs.
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In general, EO can be grouped into four broad classes:

~

Local plant mode oscillations occur when synchronous generators swing against the ex-
tensive power system in a speci ¢ power station. This type of oscillation occurs within a

range of 0.7 to 3 Hz.

Inter-area mode occurs when a group of generators in one area swings against a group
of generators in another area of the power system. The frequency range of inter-area

oscillation mode is in the range of 0.1 to 0.7 Hz.

Interplant mode occurs when two or more synchronous generators in the same power plant

or nearby power plant swing against each other between 1.5 to 3 Hz.

Torsional mode oscillations occur due to the interaction of the mechanical turbine gen-
erator and a system connected through the series compensated line. The characteristic

frequency of torsional mode oscillations is 10Hz to 46 Hz.

From an operational perspective, oscillations are permissible as long as they decay. However,
unstable EOs can be even triggered by regular small changes in the system load. In this case,

there might be no warnings to the operator.

1.3.2 \oltage stability

Voltage stability can be de ned as 'the ability of a system to maintain steady acceptable voltages
at all buses following a system contingency or disturbanteVoltage stability arises from the
inability of the transmission and generation system to supply the power demanded by loads.
A system can reach a state of voltage stability when the increase in load demand or shift
in system condition yields a sudden and unmanageable drop in voltage. An EPS is small
disturbance voltage stable at a given operating state if voltages near the loads do not alter or
maintain pre-disturbance values after being subject to any small disturbance. The notion of
small disturbance voltage stability is connected to steady-state stability and can be examined

using the system's small-signal (linearized) model [41].

The literature of this thesis will focus on the steady-state/dynamic stability subcategory related
to inter-area oscillations and small disturbance voltage stability related to voltage stability. Both

of these subcategories are indicated by orange boxes in Fig. 1.2.
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1.4 Thesis Contributions

This thesis proposes two methods for detecting power system stability problems, which can help
provide preventive actions for system operators. The rst method is designed to monitor long-
term voltage stability, while the second method is intended to observe low-frequency inter-area

oscillations (LFIO). These methods are outlined in detail in the following papers

A feature-subspace-based ensemble method for estimating long-term voltage stability mar-

gins.

Detection of Oscillatory Modes in Power Systems using Empirical Wavelet Transform
The main contributions of this thesis are summarised below:
Contributions related to voltage stability

Previous research has introduced various machine learning (ML)-based techniques like
arti cial neural networks (ANN), support vector machines (SVM), and Classi cation and
Regression Trees (CART) to predict voltage stability/loadability margin. This thesis
proposes two novel concepts to enhance precision and robustness: (i) an automated feature
selection method for improved long-term voltage stability (LTVS) predictions and (ii) a

feature ensemble ML models for robust predictions under changing topological conditions.

Feeding numerous features into an ML model exponentially increases the search space,
leading to challenges in generalization due to the curse of dimensionality. Feature selection
becomes crucial, especially for large, high-dimensional datasets like power systems, as it
optimizes the learning complexity of ML models. This reduces redundancy, computational

complexities, memory usage, and computation time.

A signi cant contribution of this thesis is the introduction of a novel feature ensemble ap-
proach for online voltage stability monitoring, surpassing conventional methods. Despite
various available feature selection techniques, e ective feature selection remains challeng-
ing. Initial experiments reveal discrepancies in feature sets produced by current methods
under the same conditions. Unlike existing techniques, this approach aggregates outputs
from multiple feature selectors to handle high-dimensional data and improve generaliza-
tion. It outperforms regression-based [43] and attention mechanism [44] approaches in

terms of enhancing feature extraction, model performance, and interpretability. Indi-
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vidual techniques such as RElie [45] and mutual information [46] exhibit inconsistent
performance, making reliance on a single method risky for building models with selected
features. Automation is di cult due to the need for domain expert analysis. The thesis

addresses these challenges through the ensemble feature selection technique.

In the eld of electric power systems (EPS), many ML studies use Monte Carlo (MC) sim-
ulation for data generation and operating space selection. However, this traditional MC
approach is computationally expensive, particularly for fast assessment applications and
identifying low-probability high-impact outage events. The study introduces a Cluster-
based sampling approach to alleviate computational burden and capture diverse load
features. Clustering identi es similarities in load pro les collected from distributed Pha-
sor Measurement Units (PMUSs), enabling understanding of consumption patterns across

di erent consumer types and time scales.

Contributions related to oscillatory stability

~

The central objective of this thesis is to design an adaptive data-driven signal process-
ing framework for determining modal parameters, speci cally focusing on leveraging the
Empirical Wavelet Transform (EWT). However, one notable challenge with EWT arises
from its requirement to pre-specify the number of modes|a task complicated by closely

spaced modes in power systems and signal noise.

To overcome this challenge, a pioneering sliding window-based empirical wavelet trans-
form (SEWT) methodology is introduced in the thesis. This SEWT approach excels in
automatically detecting modes without the need for a prede ned mode count. It employs
a sliding window-driven segmentation strategy, de ning empirical boundaries that enable
signal decomposition into mono-components. These components hold potential anomaly
insights. By leveraging the Hilbert transform, modulation information is extracted from

the mono-components.

A primary goal of this thesis is to attain precise damping estimations for Inter-area modes,
renowned for their susceptibility to noise interference. The innovative aspect of this ap-
proach lies in the integration of SEWT with machine learning (ML) models through a mul-

tivariate paradigm. Through the fusion of adaptive signal processing and ML techniques,

the proposed method e ectively avoids limitations and achieves heightened accuracy in

18



Chapter 1. Introduction 1.5. Ouitline of the Thesis

estimating Damping Ratios (DRs) and modal frequencies.

A distinct novelty emerges from the integration of multivariate machine learning into
the methodology. This integration signi cantly boosts the approach's ability to esti-
mate signals originating from multiple buses. The incorporation of this multivariate ap-
proach e ciently captures intricate inter-dependencies among variables, a capability that
sets it apart from conventional wavelet and Empirical Mode Decomposition (EMD) tech-

nigues|methods that often grapple with unravelling complex multivariate relationships.

1.4.1 List of published papers

Ambreen Khurram, and Arief Gusnanto, and Petros Aristidou, \ Detection of oscillatory
modes in power systems using empirical wavelet transform", published in IEEE Madrid

PowerTech, 2021

Ambreen Khurram, and Arief Gusnanto, and Petros Aristidou, \ A feature-subspace-based
ensemble method for estimating long-term voltage stability margins", published in EPSs

Research, 2022

~

Ambreen Khurram, and Arief Gusnanto, and Petros Aristidou, \ Estimation of interarea

modes in power system using ensemble learning.’, to be submitted.

1.5 Outline of the Thesis

The thesis is organized as follows:

In Chapter 2 , the focus is on power system stability issues and a comprehensive analysis of
the related literature. The long term voltage stability problem formulation is explained and
various techniques for generating relevant data are discussed. It is emphasized that accurate
modeling of power system loads is crucial for understanding the voltage stability phenomenon.
Furthermore, dynamic load models are found to be more e ective than static load models for
studying voltage stability. To achieve this, clustering-based algorithms are presented as a means

of generating realistic load operating data.

In Chapter 3 , the Ensemble Feature Selection approach is introduced as a means of improving
the determination of long-term voltage stability. The chapter details the proposed scheme and

explains its signi cance in this context. Additionally, the chapter provides a background on
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various feature selection methods and classi cation algorithms and explains how these tech-
nigues can be applied to predict VSM. The chapter includes case studies and describes dynamic
simulations used to generate load operating points. The feature ensemble technique is then
applied to select the most pertinent features, and a ML model is trained o ine. Finally, the

chapter evaluates the performance of the classi er on the generated o ine data.

Chapter 4 is dedicated to the application of a trained MLM for estimating voltage stability
margin (VSM) in real time, with the primary goal of providing qualitative information about
stability margins to the transmission operator. However, during the online process, statistical
classi cation tasks face additional challenges due to potential di erences between the training
and target sample distributions over time, caused by changes in the system's topology or vari-
ous fault conditions. To address this challenge, a k-means clustering-based approach is utilized
to detect changes in operating conditions by measuring the distance between the cluster cen-
troid. The chapter highlights the importance of the database update stage in improving the
feature ensemble scheme's generalization ability and robustness under complex operating condi-
tions. Moreover, the study explores whether the distance measured from the k-means clustering

indicates the need to update the database.

In Chapter 5 , interarea oscillation is introduced, and a detailed review of low-frequency os-
cillation phenomena in power systems is presented. The chapter provides a clear de nition
of low-frequency oscillation and its categorization. It also includes examples of power sys-
tem blackout incidents caused by low-frequency oscillation. The chapter presents widely used

methodologies for studying low-frequency oscillation among researchers.

In Chapter 6 , a technique is presented for estimating interarea modes in real-time using PMU
measurement data. The algorithm proposed in this chapter is designed to identify the DNF and
DR of the interarea oscillatory modes that are present in the power system signal. To reduce
the multidimensional PMU data, principal component analysis is used initially. Then, SEWT
approach is introduced that employs moving window segmentation for detecting boundaries in
the Fourier spectrum. By decomposing the low-frequency electromechanical oscillation signal
into a series of mono-components, the SEWT approach e ectively applies the Hilbert transform
to the IMF to acquire the instantaneous parameters of the signal. The DNF and DR of each
mode are then determined by computing the average of the instantaneous parameters. The

proposed method achieves accurate segmentation even in noisy and non-stationary signals.
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Additionally, simulated and experimental signals are utilized to con rm the e cacy of the

proposed method.

In Chapter 7 , a ML based approach is presented for estimating an inter-area dominant mode.
Initially, the oscillatory signal's features are extracted through SEWT, and the dominant inter-
area modes are evaluated. Subsequently, the Hilbert transform (HT) is employed to estimate the
instantaneous amplitude and instantaneous frequency from the decomposed monocomponents
signal. The ML algorithm is then utilized to process the extracted features, and the trained
model is implemented to estimate the interarea modes from multiple busses in real-time. The
proposed method's e ectiveness is demonstrated by applying it to the Nordic test system, which

shows improved accuracy of inter-area mode estimation as compared to the traditional approach.

Chapter 8 concludes the work and shows the future scope of work.
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Voltage stability analysis

Long-term voltage stability is usually related to a gradual or uncontrollable drop in voltage
magnitude after the system is subjected to a disturbance, arise in load demand, or an inability to
meet the reactive power demand [29]. Voltage stability may result in a black-out in parts of the
system. When the power system operates with an inadequate Voltage Stability Margin (VSM),

it becomes susceptible to voltage collapse. As power systems are operated under increasingly
stressed conditions, the ability to maintain voltage stability becomes a growing concern. Voltage
stability analysis mitigates the risk of voltage collapse and should be considered during the power

system's planning and real-time operating stages.

Voltage stability assessment methods can be divided into o ine and online [29]. O ine studies
are conducted during the system planning stage, and online assessment is performed during
the system operations (in real-time). In contrast to o ine planning, where the computational
speed may not be critical, online analysis tools are of great importance for assessing the voltage
stability of the power system in real-time and determining proximity and potential stability
mechanism [47]. Proximity gives a measure of voltage security and uncovers how close the
system is to voltage collapse, whereas a mechanism provides information helpful in determining

system modi cations or operating strategies that could be used to prevent voltage stability.

Over the past three decades, various methods have been proposed for voltage stability analysis.

In this Chapter, an overview of the most popular and successful analysis techniques is presented.
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2.1 Literature Review

Voltage stability analysis methods proposed in the literature can be broadly classi ed into three

categories:

~

Methods based on Modal Analysis

Methods based on Loading Margin

~

Methods based on Machine Learning

These methods are brie y described in this section.

2.1.1 Methods Based on Modal Analysis

The modal analysis method [47] is a mathematical technique, mainly used to predict voltage
collapse in complex power systems. The approach computes the smallest Eigenvalue of the
reduced power ow Jacobian matrix to estimate how close the system is to the voltage col-
lapse. However, the modal analysis results are valid for incremental (small-signal) changes only.
Consequently, the strength of this methodology lies in providing information on system trends

rather than estimating the actual numerical values of system variables following changes [48].

2.1.2 Methods Based on Loading Margin

One of the practical approaches to assess voltage stability is by calculating the loadability
margins. Methods based on the calculation of the loadability margins can be further divided

into the following methods:
Continuation power ow (CPF) method
" P{V and Q{V curves and

Voltage stability index (VSI)

Continuation Power Flow technique

A major limitation of conventional power ow is its inability to converge to a maximum loading
point and the problem of reaching the singularity point of the Jacobian matrix. To avoid
this issue, the power ow equations can be reformulated by applying a locally parameterized

continuation technique. Continuation methods have four basic elements: i) parameterization, ii)
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predictor, iii) step length control, and iv) corrector [49]. The continuation technique estimates
a new solution in each predictor step by increasing the load in the conventional power ow
equation. The exact solution is computed in the subsequent corrector step. The process resumes

till the tangent vector becomes zero at which point the maximum loading point is achieved [50].

One of the early contributions to computing the turning points appeared in [51]. However,
much of the analytical development of robust path-following techniques is due to Keller [52].
An outstanding explanation of a locally parameterized continuation algorithm was provided by
Rheinboldt in [53]. Some good additional resources for turning points computation were men-
tioned in [54] and [55]. Lately, [56] applied geometric parameterisation-based CPF to eliminate
the Jacobian matrix singularity by the addition of the line equations which pass through the
points in the plane determined by the variables loading factor and the sum of nodal voltage
magnitudes, or angles, of all system buses. Ju et al. [57] suggested a local geometric parameter-
isation technique that can trace the P{V curve with a xed step length. The technique focuses

on tracing the segment near the saddle-node bifurcation (SNB) point and the lower part of the

P{V curve.

However, [58] has classi ed two types of failure in applying CPF for real-time voltage stability
monitoring. The rst failure is related to the conventional global parameterisation that cannot
overcome the Jacobian matrix singularity for stability cases with strong local characteristics.
The second failure arises when the extended Jacobian matrix in the corrector procedure becomes

singular because of improper parameterisation.

P-V and Q-V Curves

The P-V curve portrays the relationship between voltage (V) and active power (P), while the
Q-V curve shows the associations between the V in a bus and its reactive power (Q) [59]. Both
curves show the variation (increase or decrease) of the voltage as the load demand varies. The
nose point of the P-V curve is the voltage collapse/critical point [50]. The upper part of the
P-V curves indicates a stable region, while the lower part shows unstable region. Whereas in
the Q-V curve, if the operating point is on the right side of the curve, the system is considered
stable and if the operating point is on the left side of the curve the process is deemed to be
unstable. The voltage collapse occurs when the system load (P and/or Q) increases beyond a

speci c limit. The VSM for a given operating point can be easily found if the limiting values
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of P and Q are known [60].

[61] investigated the impact of grid-connected photovoltaic (PV) system on static voltage sta-
bility using P-V curve and improved VSI. [62] proposed a P-V curve-based method using one
of the load bus voltages as a parameter by regularizing the power ow solution around the
maximum loading point. The method monitors Q limits on P-V buses. P-V curves were traced
with and without voltage-dependent loads. [60] combined P-V and Q-V curves into P{Q curves
to determine the voltage stability limit. The boundary of the voltage stability region is rst
determined and then presented in the P-Q plane. The voltage stability margin is determined
from the stability boundary in the P-Q plane. Motivated by [60] work, [63] presented a method
of determining the voltage stability boundaries for a power system with voltage-sensitive loads
using P-Q curves by incorporating the load characteristics such as constant current, constant
impedance and mixed load. The limiting or critical values of P and Q at the voltage collapse
point are rst determined for each type of load and then used to plot the voltage stability

boundary in the P-Q plane.

The P-V, Q-V curve involve performing power ow calculations at di erent voltage levels to
obtain the relationship between active/reactive power and voltage. However, these methods

have limitations for online applications due to the following reasons:

1. Computational Complexity: The P-V and Q-V curve methods require solving power ow
equations at multiple voltage levels, involving a large number of nonlinear equations and
iterative calculations. This computational complexity increases exponentially with the
size of the power system, making it impractical for real-time or online applications where

quick and e cient analysis is required.

2. Limited Scalability: Power systems are becoming increasingly larger and more complex,
with the integration of renewable energy sources, distributed generation, and advanced
control technologies. The P-V and Q-V curve methods struggle to scale e ectively with
such complex systems due to their computational limitations. As the size of the system
grows, the computational burden becomes even more signi cant, hindering their practi-

cality for online applications.

3. Lack of Dynamic Information: The P-V and Q-V curve methods provide static information

about the power-voltage relationship at di erent operating points. However, they do not
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capture the dynamic behavior and transient e ects that can occur in power systems, such
as voltage uctuations, disturbances, or rapid load changes. Online applications often
require real-time monitoring and analysis of dynamic system conditions, which cannot be

adequately addressed by the static P-V and Q-V curve methods.

Voltage Stability Index

Voltage collapse is marked by gradual variations in the system's operating point due to an
increase in the loads such that the voltage magnitude slowly decreases until a sharp decline
occurs. It has been found that voltage magnitudes do not give a good indication of proximity
to the voltage stability limit. The problem of voltage collapse may be explained as the inability
of the power system to supply reactive power. An e ective VSI indicates how far the current
operating condition is from voltage collapse, what weak lines exist, which buses are the most
vulnerable, and which ones will go a long way in helping power system operators [64]. Many

VSiIs have been proposed in the literature. These indices can be broadly classi ed as:

Jacobian matrix based VSI

~

Bus, line and overall VSIs

In this review, we will refer only to the techniques that have been applied widely in the literature

for the case study of online electric power stability (EPS) assessment.
Jacobian matrix based voltage stability indices

VSIs based on the Jacobian matrix utilize the notion of the singularity of the power ow
Jacobian matrix [65, 66, 67, 68]. The Jacobian matrix near the point of voltage collapse is close
to the singularity, hence the minimum singular value or eigenvalue index could measure the
distance of the current state from the voltage collapse point [69]. However, the computation
time of the VSI based on the Jacobian matrix is high and is not suitable for real-time monitoring
as any topological change leads to a change in the Jacobian matrix and this matrix must be

recalculated.
Line voltage stability indices

The line stability indicators set the discriminant of the voltage quadratic equation to be greater
than or equal to zero to achieve stability [70]. The theoretical foundation of most line VSIs is

the same except for the assumptions made by each index.
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[71] put forward a line stability index, Lm, founded on the principle that there exist solutions
to the quadratic voltage equation; the index equal to the maximum value of one indicates the
voltage stability is collapsing, and a value of zero indicates there is no load in the systeml
assumes zero shunt resistance and that real power does not a ect voltage stability. Its primary
advantage is its insensitivity to transmission lines' resistance/reactance ratio, as shown by the
authors in [64]. However, the assumption that real power does not a ect voltage stability might

cause the index to be inaccurate under certain operating conditions [72].

[73] formulated the fast voltage stability index (FVSI), which measures the stability related
straight to reactive power and indirectly to active power across the lines. For a system to
remain stable, FVSI must be below 1. Otherwise, the system will experience a sudden voltage
drop, and voltage collapse will occur. FVSI assumes that the voltage angle di erence between
sending end and receiving end buses is approximately zero. This assumption is a signi cant
drawback as large voltage angle di erences are considered a precursor to the voltage collapse, as
highlighted by authors in [74]. Another disadvantage is the index's sensitivity to the resistance-

reactance ratio of the transmission line [75].

[76] introduced the line stability factor (LQP) on the same principle as L, and FVSI. To
maintain stability, LQP must be less than 1. This index ignhores shunt admittances and as-
sumes that lines in the power system are lossless, which could cause it to be inaccurate under
certain operating conditions. The advantage of this index is it's insensitive to transmission lines'

resistance/reactance ratio of transmission lines [75].

[71] proposed Line Stability Index based on the same concept as the last VSIs. Voltage collapse
can be assessed based on the value of the developed index. If the system yields a value exceeding
its maximum limit of stability index one, it indicates a voltage collapse situation. In this index,

the e ect of reactive power on voltage stability and line shunt admittance is neglected, and it

is assumed that only the active power a ects the line voltage stability.
Bus voltage stability indices

The VSIs based on buses assess the voltage stability of system to determine critical buses or
estimate the voltage stability margins of the EPS [77]. Bus VSIs are widely used in power
system analysis to assess the voltage stability of individual buses in a power system. These

indices are typically based on voltage magnitudes and angles at the buses and are useful for
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identifying buses that are experiencing or approaching voltage instability. However, they do not
directly provide information about the components such as transmission lines, transformers, or
generators with limited capability, that can contribute to voltage problems [70]. Some VSIs are

brie y described in this section.

[78] o ered Index L, which varies in the range of 0 (no-load of the system) and 1 (voltage col-
lapse) to determine the voltage stability or the proximity of a collapse. The L-index estimates
the closeness of the actual state of the system to the stability limit [77]. The S-di erence-
criterion (SDC) presented in [79] is established because when the system approaches collapse,
the total increase in apparent power loading is due to the transmission losses. [80] suggested
the Local Identi cation of Voltage Emergency Situations (LIVES) index based on the Load Tap
Changer (LTC) controllers of bulk power delivery transformers. Furthermore, an extension of
the aforementioned is presented as NLI (New LIVES Index) by Vournas, Lambrou, and Man-
doulidis [81], based on observing the controlled voltage of bulk power delivery LTC transformers
on the distribution side. [82] formulated the Voltage Collapse Proximity Index (VCPI) by using

the voltage phasor and angle information and the network admittance matrix to assess the
system voltage stability at a given bus. The index is derived from the fundamental power ow

equation, and its value varies between 0 and 1, with 1 being the collapse point.

One major drawback of many VSiIs is not providing enough intuitive information as provided
by the o ine analysis tools such as P-V curves or CPF for making a proper decision. Moreover,
these VSIs show dierent levels of accuracy under di erent conditions and load models [64].
The practical aspects such as measurement errors and incorrect network topology information
can also a ect the accuracy of VSIs estimation in di erent ways and it is di cult to single out

one VSI which is more reliable [28].

2.1.3 Methods based on Machine Learning

As mentioned above, numerous tools have been developed to conduct a comprehensive analysis
of the voltage stability assessment. However, most of these methods cannot be used in real-time
as they are computationally time-consuming and rely on the complex mathematical modelling

of the EPS. The enormous computational requirements could be resolved by utilizing machine
learning technigues. Machine learning provides computers with learning capabilities without

being programmed [83]. Speci cally, machine learning is the subset of arti cial intelligence (Al)
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which extracts knowledge by analyzing and manipulating data compiled from real-world use
cases [84]. Machine learning comprises numerous approaches such as arti cial neural network
(ANN), decision trees (DTs), fuzzy logic (FL), adaptive neuro-fuzzy inference systems (ANFIS)

and support vector machines (SVMs).

Arti cial Neural Network

ANNSs are inspired by biological neural networks. ANN can learn to solve many types of prob-
lems by mimicking the processes of real neurons in the brain [85]. The basic computational
units are called neurons or nodes. A simplied ANN incorporates an input layer, a hidden
layer, and an output layer. These layers are interconnected. The essential operation of ANN
is multiplication, summation and activation. Every input value is multiplied by the individual
weight. The Hidden layers of the ANN then sum the weighted inputs, add bias, and process
the sum with a transfer function. An arti cial neuron passes the processed information via the

output layer.

Within the context of voltage stability, ANN can investigate and predict the long-term voltage
stability margin represented by the Loadability Margin [28]. ANN su er from the amount of
training time and the scores of the learning parameters. Because of the slow gradient-based
learning algorithms with all the parameters tuned iteratively, the training time of feed-forward

neural network is in general higher

Below we provide a review table for some of the voltage stability analysis based on ANN.
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Proposed Type Input Output Con guration  Features
Selection
Vol. mag., A single ANN
phase angles | VSM and for di erent Self
Ref [[86]] | MLP and injected real part con gurations organizing
active and of critical or A separate map
reactive eigenvalues | ANN for each (SOM)
powers con gurations
Class
Load active Vol. A separate ANN | separability
Ref [[87]] | RBF | and reactive | performance | for each cluster | index and
powers index of input pattern | corr.
conditions
e A snge | PR
Ref [[88]] | RBF VSM for di erent .
by wavelet . analysis .
transform con gurations (PCA)
Active and A separate ANN Mutual
Ref [[89]] | RBF | reactive L-index for each cluster | . :
: . information
line ows of input pattern
Vol. mag.
Active power Gram{
of the slack, A single ANN Schmidt
Ref [[90]] | MLP | P-V buses, VSM for di erent orthogon-
system loads, con gurations alization
& system process
generators
Complex
voltage
FF phasors,
Ref[[91]] | BP | Real & VSM CPF Ward
. reduction
NN Imaginary
parts of Bus
Vol.
FF :
Ref [[92]] | BP VSM Active
NN learning
Vol angies Asingle NN | CEEE M
Ref [[93]] | MLP i . VSM for di erent .
Rate of active Con gurations using:
power change CPF
ANN, A single ANN ﬁﬁiﬁfﬂe\fM
Ref [[94]] | SVM, | Vol. mag. VSM for di erent using:
ELM con gurations CPF '
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Support Vector Machine

Support Vector Machine (SVM) is a supervised classi cation and regression algorithm that use
machine learning theory to maximize predictive accuracy without data over- tting. The goal

of SVM is to create the best line or decision boundary (the best decision boundary is called
hyperplane) that can separate the data into classes and extend this to non-linear boundaries
using kernel trick [95]. The kernel function implicitly maps the training data into a higher-
dimensional space where the data is linearly separable. Two similar hyperplanes are constructed
on both sides of the hyperplane that separates the data. The classi er generalizes well if the

margin or distance between these parallel hyperplanes is larger [96].

Proposed  Kernel Opt. Feature
by type Algorithm Input Output - Cong. Selection
Ref [46] Least Real .power & VSM CPE PCA,
Square reactive power M
Gaussian Vol. mag. &
Ref [97] (RBF) vol. Angle VSM CPF
PSO Vol. mag. &
Ref [98] RBF GA vol. Angle VSM CPF
Gaussian Vol. mag. &
Ref [99] (RBF) GA reactive power VSl Vsl
Vol. mag. &
Ref [100] | RBF vol. Angle, VSl VSl PCA
active, reactive
power

Even though SVM has superior features but inappropriate selection of hyper parameters may
lead to over tting or under tting of SVM model. Various optimization techniques have been

used to determine these parameters such as Grid Search method and Genetic Algorithm (GA).

Classi cation and Regression Trees

Classi cation And Regression Trees (CART) [101] have greatly increased in popularity during
the past several years. CART represent a methodology for the analysis of large data sets via
binary partitioning procedure. This consists of a recursive division on which a response variable
and a set of predictors are observed. Such partitioning procedure is known as a regression tree
when the response variable is numerical, and as a classi cation tree when the response variable

is categorical [102]. Decision trees can capture the non-linear relationship between the data
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with simplicity by clearly identifying the feature importance. However, a DT tends to over t,

and slight variations in the data can generate a completely di erent tree.

Recently, [103] explored the use of CART for fast evaluation of oscillatory and voltage stability
and investigated the impact of the DT growing method and node-set on the classi cation ac-
curacy. [104] proposed DT utilization for online status appraisal of power grid model by using
knowledge database that covers all possible pre-fault operating conditions and decision rules in
the form of hierarchical trees for online assessment. Krishnan and McCalley [105] proposed a
decision tree-based power system security assessment for multiple contingencies. A contingency
grouping technique was used to produce a reduced number of DTs for multiple contingencies.
The contingency grouping is based on a newly devised metric that nds the overlap of class
boundary progression of various contingency's training databases. [106] developed a combined
method for online voltage security assessment by using PCA to reduce the dimensions of PMU
measurement data. In [107] the DT-based PCA method is combined with two optimization
algorithms, namely biogeography-based optimization and invasive weed optimization, to assess
the voltage stability. [108] proposed a new approach based on fuzzy decision trees to assess the
voltage security of the power system. The proposed approach's objective is to analyze power

system parameters and locate the probable area contributing to voltage collapse.

Ensemble Learning

Ensemble learning algorithms construct a set of base classi ers and then classify new data points
by taking a vote of their predictions. The generalization capability of an ensemble is usually
more robust than that of base learners [113]. The base learners are generally constructed by
perturbing the original training data. Voting is the second stage of ensemble methods which
combines the base models built in the previous step into the nal ensemble model. Several
ensemble machine-learning techniques have been proposed for the online monitoring of voltage

stability.

[114] proposed a new online voltage security assessment method based on wide-area measure-
ments and evaluated several machine learning methods for the voltage stability analysis. The
study comprised of an evaluation of two groups of machine learning methods { single and En-
semble learning classi ers. Ensemble classi ers include Bagging, XGBoost, Random Forrest

and AdaBoost. It was shown that AdaBoost achieved the highest classi cation accuracy. [115]
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Proposed DT Feature
by type Inputs Outputs Con g. Selection
Vol.mag.,
Ref[103] | CART 16 | 'O andle, VSM CPF
current Mag.,
Current Angle
Vol. mag., Voltage Ry Eigenvalue
Ref [109] C4 5 vol. Angle, stability curve Analysis,
Real Power boundary RELIEF
Classi cation Vol. mag., Voltage ilr?z:ms/iasfue
Ref [110] vol. Angle, stability nasis,
rules . Direct method
Active Power | boundary .
using CPF
Power o | VoA
Ref [111] CART stability CPF
for load
. boundary
consumption
Active power Voltage
Ref [112] CART ows and stability CPF
PMU-based
boundary
voltage
e P votaoe
Ref [104] PMU-based stability
boundary
voltage

designed an ensemble by combining a model of Extreme Learning Machine in parallel. The
model was initialized by randomly assigning a hidden node number to each Extreme Learning
Machine within an optimal range, subjected to a pre-tuning procedure. In the training stage,
the single ELMs produce their prediction output. The nal prediction result is taken as the

average value of individual ELMs.

2.2 \oltage stability margin

The additional power that can be transmitted before reaching the voltage collapse point from
the current point of operation is usually referred to as the VSM or load margin (LM). Since the

LM is easily understandable and because it re ects the proximity to voltage collapse in terms
of a measurable and controllable quantity, the system operators can be alerted and automatic

remedial actions can be initiated when the LM drops below pre-determined set of critical values.

Although the LM is a good indicator of voltage stability, it is di cult to compute the LM
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in real-time using the CPF for a large network, due to the iterative computations involved.
Furthermore, the topology and parameters of the network at the current time are required for
CPF. Therefore, an alternative strategy is required to predict the LM using real-time power
system measurements. The approaches based on machine learning techniques are potential

candidates.

2.3 Problem formulation

The main objective of online voltage stability analysis (VSA) is to determine whether the current
operating point of power system is stable, meeting various operational criteria [116]. Voltage
stability is often assessed through Power Voltage analyses [117]. The P-V curve of the system
(see Fig. 2.1), in combination with the current operating conditions can be used to obtain the
VSM. The P-V curve, as shown in Fig. 2.1 is an important tool in voltage stability analysis,
representing the relationship between active power and voltage magnitude in the power system.
By simulating load growth from a prede ned operating point, the P-V curve is constructed.
The curve resembles a human nose and is commonly referred to as the "nose curve". The nose
point on the curve indicates the maximum power the system can deliver. As the load increases,
the power-voltage point moves along the curve towards the tip of the nose. At the tip, the
maximum power that the system can provide is reached. Beyond this point, additional loads
cause a drop in voltage and power, and the curve extends towards the lower left corner of the

plot, corresponding to the uncontrollable region.

The decline in voltage at the nose point occurs due to the escalating demand for reactive power
in the system. As active power increases, the demand for reactive power also rises. However,
the sources of reactive power in the system may reach their limits in providing the necessary
reactive power. Reactive power is crucial for sustaining voltage levels and supporting inductive
loads. Consequently, the system experiences a decline in voltage because it becomes incapable
of generating or supplying su cient reactive power to meet the growing demand. The decline

in voltage at the nose point indicates that the system is nearing its stability limit. If the power
demand continues to increase beyond this point, the voltage may further decrease, potentially
resulting in voltage collapse or instability. System operators monitor the P-V curve, especially

the nose point, to evaluate the system's stability margin.

In Fig. 2.1 the nose point or the maximum loading is represented a®max. The initial state is
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Figure 2.1: The P-V curve determines the loading margin of a power system. The margin
between the voltage collapse point Pmax ) and the current operating point (Pp) is used as the
voltage stability criterion. If the voltage is on the upper side of the red dotted line then total
stability is under normal operating conditions. Below the red line the system cannot maintain
voltage stability

represented in the gure by Pg. The Voltage Stability Margin (VSM) [118] can be expressed as

follows:

— I:)max I30

Pmax

0 (2.1)

A larger value indicates a stable system while a decreasing value suggests closeness towards

voltage instability [119].

It should be noted that di erent system topologies and operating conditions produce di erent
P-V curves. In addition, faults occurring in the system that can lead to topology changes (e.g.,
line tripping) or changing operating conditions (e.g., generator tripping) can signi cantly a ect

the P-V curve and the value of for the current operating condition.

2.3.1 Framework for Real-Time Prediction of Loadability

Calculating the VSM using conventional methods, like the CPF, can be time-consuming (es-
pecially in large-scale systems) and thus ine ective foronline monitoring solutions. On the
contrary, machine learning-based techniques can be used to estimate the VSM almost instan-
taneously but require heavy oine computations for model training, feature selection, and

parameter tuning.
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Bagging Boosting Feature Ensemble
Trains multiple
. . ple Selects subsets of
Builds multiple models sequentially, .
. features and trains
independent models where each
. . . models on those
Description by training on di erent | subsequent model
- subsets to capture
subsets of the training | corrects the .
. di erent aspects of
data. mistakes of the
) the data.
previous ones.
Classi cation, Classi cation, Feature Selection,
Usage Regression, Regression, Dimensionality
Ensemble Learning Ensemble Learning | Reduction,
Reduces variance, Reduces bias, . .
. . Enhances diversity,
improves stability, handles complex .
Advantages . improves
handles outliers , datasets, . .
. S . interpretability
improve generalization | improves accuracy
Random samplin Weighted samplin
Data . ping 9 PING | Random subset
. with replacement based
Sampling . L of features
(bootstrap) on misclassi cations
In ndent model . In ndent model
Model o!epe de odels Sequential models o!epe de odels
- trained on separate . . . trained on separate
Training trained iteratively
data subsets feature subsets
- Averaging or majori Weight mbinin - -
Combining eraging or majo v eighted combining Combining predictions
L voting of individual based on model L
Predictions . or decisions
model predictions performance

Table 2.1: Comparison of di erent ensemble techniques

This thesis proposes a machine learning approach that shows promise in predicting the VSM
during online operation. The technique employs ensemble learning to t a model on distinct
sets of randomly selected features within the training dataset. The objective of ensemble feature
selection is to capture the relationship between the input and output pairs obtained from o ine
simulations. In this case, the inputs correspond to the system measurements provided by the
PMUs, such as the bus voltage magnitude and phase angle, while the output is the VSM

indicator . Subsequently, the method is applied to estimate the VSM during online operation.

In contrast to conventional ensemble methods such as bagging or boosting, which primarily
concentrate on forming a diverse subsets of training data or adjusting sample weights to enhance
overall model performance, the feature ensemble approach randomly selects distinct sets of
features from the training dataset. It's important to emphasize that, unlike boosting and
bagging which generate ensemble predictions for classi cation tasks, the outcome of the ensemble

feature selection technigue is a subset of features.

In bagging, multiple bootstrap samples are derived from the original training dataset. This
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Figure 2.2: An overview of the proposed framework is shown in Fig. 2, in which the planned
framework is illustrated with the part enclosed by the dotted lines. It comprises of three stages:
1)Data generation 2) O ine Training and 2) Online Prediction and Update

entails employing homogeneous weak learner models that autonomously learn from each other
in parallel, and later combine their insights to establish a model average. In contrast, Boosting
strives to construct a robust classi er through a series of weak learners. These weak learners
are designed to minimize errors or misclassi cations in the training data. Notably, the weights
of incorrectly classi ed instances are ampli ed, thereby increasing their in uence in successive

training iterations.

Table 2.1 provides a comparison for the di erent ensemble approaches.

Design Methodology

The methodology for constructing a real-time LM predictor is illustrated in Fig. 2.2 via a ow
diagram. Initially, a database containing input-output data pairs is generated, followed by
cleaning and pre-processing procedures, including the handling of missing values, data format

conversion, and data splitting into training and testing sets.

Subsequently, a feature selection process is carried out to eliminate redundant and irrelevant
inputs using feature selection techniques like Iter or embedded methods to select feature subsets
for each model. The feature selection algorithms utilized in the feature ensemble scheme include
the F-test, variance threshold (VAR), and Lasso. The F-test and VAR are classi ed as lter

methods while Lasso belongs to the category of embedded methods.
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Filter methods evaluate feature relevance using a ranking process and subsequently eliminate
features with low scores. These methods are known for their speed, scalability, computational
simplicity, and classi er independence. In contrast, Embedded methods perform feature selec-
tion as part of the modeling algorithm's execution. They are seamlessly integrated into the

algorithm, either as its standard functionality or as an extended feature.

The chosen features are subsequently utilized as input for various regressors, including K-
nearest neighbours (KNN), DT, and SVM. However, it's important to note that each regressor
is employed individually with di erent feature selectors. Each regressor brings its own unique
modelling capabilities and characteristics. KNN is a non-parametric algorithm that captures
local patterns, DT is capable of representing complex decision boundaries, and SVM aims to
nd the optimal hyperplane for classi cation or regression. Di erent regressors may perform
better or worse depending on the characteristics of the data. By using a variety of regressors, the
ensemble approach becomes more robust to di erent data distributions, ensuring that at least
one regressor is e ective in capturing the underlying patterns and relationships. Additionally,
by examining the performance of the same predictor with di erent feature selectors, we can gain
insights into the importance and relevance of speci c features. If certain features consistently
appear in the selected subsets across di erent feature selectors, it suggests their signi cance
for the predictor. This information can aid in feature interpretation and provide guidance for

further analysis.

During training, cross-validation techniques is employed to prevent over tting. The trained
machine learning model, which captures the relationship between input voltage variables and
loading margin, is used to predict values on the testing data. The nal prediction is generated

by combining the outputs of the trained models through a weighted average.

The nal phase of the proposed approach involves online testing, where real-time data from
PMUs is inputted into the trained machine learning model to predict voltage stability margin.

To evaluate the model's performance, various contingencies are applied during this phase to sim-
ulate data drift. Additionally, the database is updated using the K-means clustering algorithm.
This allows the database to adapt to changing data distributions over time. By incorporating
the updated K-means clusters into the database, the model can continuously learn and enhance

its predictions based on the most recent information.

For more details on these stages and validation examples, please refer to Chapter-3 and Chapter-
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4. The proposed methodology utilizes real-time data from PyRAMSES [120], and the perfor-
mance of the ensemble model is evaluated using metrics such as R-squared and mean squared

error.

2.4 Preparation of Training and Testing Data

A comprehensive database of training examples is an essential requirement for the development
of the proposed machine learning-based online load margin predicting system. It is not practical
to obtain these data from historical measurements as voltage stability events which in reality
changed a power system to an unstable state are very rare. Therefore, training data need to be

invariably generated through simulations.

2.4.1 Overview of Data Generation Process

The process is initiated by generating a large set of initial operating points to obtain data
corresponding to a diverse set of operating conditions. These operating points are obtained
through a clustering of load pro le data for electricity consumption. The clusters are validated
with the Silhouette index method. The CPF is performed to trace the P-V curve to the voltage
collapse point for each operating point. Subsequently, the VSI described in Section 2.2, and
the corresponding LMs are calculated at each operating point. These calculations start from
the initial operating point and end at the voltage collapse point. This process is repeated
over di erent operating points under various contingencies to produce a learning database for

ensemble training.

2.4.2 Operating point generation

The training dataset of P-V curves is generated based on di erent operating points and fault
conditions (contingencies). The consumption patterns from the retailer set of hourly customer
load readings over twelve months period are used to extract load operating points. Fig. 2.3
shows the hourly load pro le for one year period. The yearlong load pro leW is rst separated

in a continuous sequence of daily load pro lesj built from hourly load data Hgy.
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Figure 2.3: DBSCAN: Hourly load pro le based on electricity consumption of end users.

(2.2)

wherej =1;2;:::;d and d is the number of days.

The feature vectorsLy can be input to the density-based spatial clustering of applications with
noise (DBSCAN) algorithm [121] to group load pro les based on similarity. DBSCAN o ers
several advantages for load pro ling. It can identify clusters of arbitrary shapes, which is bene-
cial for capturing complex and irregular energy consumption patterns. By considering density,
DBSCAN adapts to di erent load scenarios without requiring prior knowledge of the number
of clusters. It e ectively handles noisy data by distinguishing outliers, ensuring robustness in
load pro ling. Additionally, DBSCAN can handle varying cluster sizes, accurately representing

load variations across di erent customer segments.

Density-based spatial clustering of applications

Let us denote a load pro le dataset asL, where point p 2 L, the epsilon parameter (a radius
denoted as") is usually determined by the user and it has a large in uence on the right creation
of clusters by this algorithm. The next parameter, i.e. the MinPts ( ) is the minimal number of

neighboring points belonging to the so-called core point (see Fig. 2.4). The following de nitions

will be helpful in determining the DBSCAN parameters.
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