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Abstract

Synchronised power system measurements, conventionally provided by phasor measure-

ment units (PMUs), are essential to the real-time detection and monitoring of abnormal

conditions. As the penetration of inverter-based resources (IBRs) increases, accurate

monitoring of system dynamics, e.g., non-sinusoidal distortions, sub/super synchronous

oscillations (SSOs), etc., becomes critical to ensure system security. However, PMUs

rely on a fundamental sinusoidal reference, which limits their ability to accurately char-

acterise the emerging IBR dynamics. In recent years, continuously streamed synchron-

ised waveforms (synchro-waveforms) have enabled the access to higher-resolution voltage

and current samples. While they can accurately capture such IBR-induced phenomena,

the large data volumes and high streaming requirements hinder their practical wide-

area deployment. Consequently, effective monitoring of IBR dominated power grids

remains a key challenge. This research therefore aims to investigate novel synchronised

measurement methods capable of characterising IBR dynamics with manageable data

volumes, and their applications towards critical grid monitoring and decision support

functions to facilitate the secure integration of IBRs.

In the thesis, the performance of conventional monitoring solutions in the presence

of IBR-induced dynamics is first investigated via an analysis of real-world PMU meas-

urements of SSO events in the Great Britain (GB) power system. Precursory signatures

in phasor measurements are identified, and a machine learning (ML) based early warn-

ing system is developed. It is demonstrated that PMUs can be inadequate in captur-

ing IBR-induced dynamics and more informative analyses using continuously streamed

synchro-waveforms remain impractical. The research therefore proposes a novel gen-

eralised synchro-waveform measurement unit (G-SWMU) processing algorithm. The

G-SWMU represents non-sinusoidal transients using a wavelet scale correlation transi-

ent filter (WSCTF) and estimates multi-frequency phasors using a novel iterative ex-

tended discrete Fourier transform based empirical wavelet transform (I-EDFT-EWT).

Compatibility with existing supporting infrastructure is demonstrated by mapping the

G-SWMU outputs to standard messaging formats, along with theoretical estimates of
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the reduced bandwidth requirements. The performance of the G-SWMU is validated

using real-world event waveforms from a wide range of system conditions, enabling en-

hanced SSO analysis and accurate anomalous event measurement. The adaptability

and scalability of the proposed G-SWMU algorithm is further demonstrated beyond

IBR-specific use cases through a novel G-SWMU enabled open-set event classification

algorithm. The transient distortions captured by the G-SWMU algorithm provide dis-

criminative features from limited training data, which enables accurate classification of

power system events while effectively rejecting previously unseen events.

The contributions of this thesis therefore provide valuable knowledge and practical

insights that support the adoption of the G-SWMU as a foundation for a new generation

of synchronised measurement technologies, thereby enabling accurate monitoring and

effective mitigation of critical events, which support the secure and reliable operations

of IBR-dominated power systems.
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Chapter 1

Introduction

1.1 Research Context

In response to global net-zero carbon emissions targets, and more recently, externally

driven volatility in fossil-fuel markets, many countries are accelerating the large-scale ad-

option of renewable energy sources (RES) [1–3]. In 2024, RES were responsible for 46%

of global electricity generation [4], and a record 50.5% of the total UK generation [5].

The UK government’s Clean Power 2030 plan aims for installed capacity of renewables

and low carbon sources to meet Great Britain (GB) demand by 2030 [6], with the elec-

tricity system achieving net-zero carbon emissions status by 2035 [7]. Subsequently,

the role of unabated (no carbon capture and storage), fossil fuel driven synchronous

generation (SG) will be relegated to supporting security of supply and is projected to

provide less than 5% of annual generation beyond 2030 [6]. In addition to delivering

this transition, network operators and owners also have a responsibility to ensure safe,

reliable and secure system operation.

Asynchronous, weather-dependent (and hence intermittent) RES, are connected to

the synchronous interconnected power system via power electronics based inverters.

Similarly, bulk power transfer, via high voltage direct current (HVDC) links, battery

energy storage systems (BESS), and emerging large loads (e.g. data centres) are also

interfaced to the AC system via inverters. Collectively, these resources are termed

inverter based resources (IBRs). The behaviour of IBRs, particularly under abnormal
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grid conditions, is vastly different from that of traditional SGs. IBR control is often

proprietary and has additional objectives due to the physical limits of the IBR.(e.g.

fault current limiting [8]).

The different behaviour of IBRs relative to SGs can lead to various issues that

were not previously present in SG dominated power systems. IBR fault responses can

negatively impact the performance of legacy protection [9] leading to the incorrect

disconnection of IBRs [10]. The unexpected interactions among IBR controllers can in-

troduce new oscillatory dynamics (particularly in weak system conditions), presenting

significant threats to system stability and security [11]. Furthermore, system inertia is

also decreased due to the reduction of directly grid coupled energy stored in rotating

masses of SGs which IBRs do not inherently provide. This compromises the ability of

the system to resist frequency deviation during sudden demand and generation imbal-

ances, resulting in frequency control challenges [12]. The synchronous connection of

IBRs requires adjustments to their control actions to maintain synchronisation with the

network at the point of interconnection (POI). In particular, grid following IBRs track

the POI voltage angle and adjusts their current output to maintain synchronous con-

nection and meet their control objectives. This makes them sensitive to perturbations

at the POI and leads to a decrease in system strength. In this context, the strength

of the system refers to the sensitivity of voltage to variations in current injection or

stiffness of voltage at the POI [13].

Consequently, power systems with a high penetration of IBRs are more vulnerable

to disturbances, as has been observed recently in North America [14], Australia [15] and

GB [10,16]. Figure 1.1 presents a composite of observed (up to 2024) [17] and forecast

(to 2050) generation mix in the GB electricity network assuming a holistic transition

as described in the 2024 future energy scenarios (FES) [18]. A timeline highlighting

selected representative past system events is also displayed. In 2019, the unexpected

response of a large offshore windfarm’s controller to voltage fluctuations, caused by a

nearby fault, contributed to a large loss of infeed, triggering low frequency demand

disconnection schemes [10]. In recent years, system oscillations have been observed and

they have a relatively greater impact on the north of Scotland, which has a higher
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penetration of IBRs than the rest of the system [16].

Challenges

2019 Outage

Oscillations Increased risk to system security 

Data and 

innovation 

needs

PMU / 
WAMS rollout

Measurement based risk mitigation: 
WAMPAC, 

AI adoption, etc

Data-driven 
event 

characterisation

Enhanced 
measurement 

algorithm

Synchronised 
waveforms

Research Focus

Figure 1.1: Electricity generation by fuel type in the GB network [17] highlighting
challenges [10, 16], innovation needs [6] and the research focus.

In the holistic transition FES, illustrated in Figure 1.1, IBRs, especially wind gener-

ation, will continue to displace SG, with an estimated 100 GW of offshore wind in 2050.

Even under the worst case counterfactual scenario in which net-zero targets are missed,

there is still an increase in renewables (e.g. 81GW of offshore wind in 2050) and a small

reduction in fossil fuel generation relative to present levels. This highlights that system

conditions that contribute to abnormal events at current penetration levels are likely to

persist or intensify, increasing both the frequency and severity of disturbances, such as
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oscillations, that propagate across the network, thus threatening system security.

Real-time detection monitoring and response to emerging system events, typically

via time-synchronised measurements from phasor measurement units (PMUs), are para-

mount in understanding and mitigating such conditions. GB operating codes mandate

that PMU installations at key transmission network locations be installed by 2026 to

enable real-time system performance monitoring, post event analysis, and benchmark-

ing observed behaviours with offline models [19]. Key network locations include points

where interconnectors or generators directly connect to the transmission system and grid

supply points [19]. Wide area monitoring systems, (WAMS) which process and visualise

multiple PMU measurements for situational awareness, have also been established in

the GB network [20].

However, conventional PMUs take measurements relative to a fundamental sinus-

oidal reference (50Hz in the GB system) with additional filtering around the nominal

frequency to meet standard specifications. PMUs therefore may not be sufficient for

monitoring certain transient and dynamic phenomena (e.g. non-sinusoidal conditions,

oscillations, etc.) that do not align with the standard synchrophasor definition. As

the impact of anomalous events (e.g. voltage waveform perturbations in the 2019 GB

event) and IBR dynamics (e.g. oscillations) have introduced increasing challenges to

system security, it is critical to have effective monitoring solutions that are capable

of capturing IBR induced dynamics. To address this, synchronised waveform measure-

ment units (SWMUs) that provide continuous streaming of time-synchronised waveform

(synchro-waveform) measurements [21] have emerged, e.g. the SWMUs implemented in

the GB WAMS [20] and distributed sensing platforms [22]. It should be noted that the

term SWMU is defined by the IEEE task force on big data for synchro-waveform meas-

urements [23] to highlight that the measurements are time-synchronised. The terms

SWMUs and waveform measurement units (WMUs) can be used interchangeably in the

literature [21,23]. In this thesis, the term SWMU is adopted.

Synchro-waveform measurements, sampled and streamed at high sampling rates

(several kHZ to MHz), preserve underlying dynamics but are burdensome to continu-

ously stream and/or archive due to the large volumes of data [24]. The GB WAMS

4



Chapter 1. Introduction

SWMUs are limited to downsampled raw measurements streamed at the PMU IEEE

37.118 reporting rate of 200Hz as a compromise between retaining waveform informa-

tion and meeting communication requirements [20]. This highlights the practical lim-

its on the measurement ability and scalability of state-of-the-art SWMUs. Therefore,

improved synchro-waveform processing techniques which can extract relatively sparse

features (compared to raw waveforms) that accurately represent dynamics present in

the raw measurements sampled at the full sampling frequency (several kHz) are needed.

Such methods balance information preservation with minimising data volume require-

ments. This will position SWMUs as a practical and viable measurement technology

better suited for power networks with an increasing share of IBRs.

Additionally, the complexity of large-scale interconnected power systems and the

uncertainty associated with IBR behaviours limit the ability of physics-based model-

ling and engineering design to identify and mitigate threats to secure system operation.

Data-driven techniques, including artificial intelligence (AI), provide an opportunity to

learn complex patterns and correlations within synchronised measurements. Such an

approach can lead to more robust detection and characterisation of IBR dynamics and

other system behaviours that would otherwise be difficult to achieve using conventional

monitoring and analysis methods which may be sensitive to modelling uncertainties and

varying real-world conditions. This means that, in addition to improved synchronised

measurement algorithms, supporting applications that derive actionable insights from

processed outputs are needed. Accelerating the adoption of AI has therefore been iden-

tified as a key enabler of the Clean Power 2030 targets [6]. Additionally, a supporting

data sharing infrastructure (DSI), with planned widespread adoption by 2030, can en-

able scalable, secure and efficient sharing of data between multiple entities in the energy

sector [25]. The DSI will therefore act as an enabling repository for the development of

data-driven applications and other decision support tools. However, the development

of such support tools may be hindered by the lack of suitable measurements caused by

the inaccuracy of PMUs and the lack of scalability of continuously streamed synchro-

waveforms.

Improved power system monitoring that accurately captures a wide range of emer-
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ging dynamics in an efficient manner will therefore be critical in enhancing situational

awareness, enabling automatic solutions and aiding in human decision-making processes

in order to ensure the secure operation of IBR-dominated systems.

1.2 Research Motivation

Conventionally, synchronised measurements typically consist of continuously streamed

PMU measurements that have proven successful in accurately monitoring steady state

conditions, and electromechanical dynamics, while facilitating post event investiga-

tions [24]. PMU outputs are also communicated via the IEEE C37.118 standard message

formats [26] at certain frame rates, which can be used as the basis for informing the

design and specifications of established and near-term planned supporting (commu-

nication/storage) infrastructure. More recently, raw synchro-waveforms provide access

to higher-resolution measurements that retain information relating to IBR dynamics.

However, their compatibility with existing infrastructure remains an issue, particularly

if the raw synchro-waveforms are continuously streamed. Continuous streaming of syn-

chronised waveforms in real time presents significant challenges in terms of bandwidth

requirements, and computational burden [23].

Potential approaches to address these issues include compression of synchro-waveform

data combined with centralised processing and/or local edge processing with intermit-

tent communication of derived features representing abnormal events as they occur [27].

Both of these approaches mitigate the need for additional communication and storage

infrastructure (particularly at measurement locations), while enabling waveform based

monitoring applications. However, large-scale deployment of wide-area SWMUs is ex-

pected to favour local synchro-waveform processing and the communication of extrac-

ted features, rather than relying on large central repositories associated with the signal

compression approach [23]. This will better support localised applications and reduce

potentially large storage and processing requirements at centralised locations [23]. The

planned DSI [25] can also be utilised to store, communicate and share processed synchro-

waveform data, thus ensuring utilisation of high-resolution information while reducing
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the communication and storage requirements. Furthermore, application specific deploy-

ment of SWMUs, e.g. protection applications [28], have been demonstrated. However,

they are limited to the targeted application and general-purpose SWMU processing is

required in order to enable different concurrent applications (event detection, oscilla-

tion monitoring, etc.), thus improving the return on investment in synchro-waveform

technologies [23].

To address the limitations of both conventional PMUs and real-time continuous

streaming of synchro-waveforms, the research presented in this thesis investigates novel

synchronised measurement methods better suited for monitoring abnormal conditions,

including emerging IBR dynamics, thus enhancing situation awareness capability. In

addition, it aims to enable improved data driven decision support applications to de-

risk IBR integration. Specifically, the research develops monitoring techniques cap-

able of producing outputs, which can more accurately retain the information present

in synchro-waveforms, while remaining compatible with existing supporting (commu-

nications and storage) infrastructure. These more informative and scalable processed

synchro-waveform outputs are then integrated within data analytic frameworks to de-

velop decision support applications, thus enhancing wider grid monitoring capabilities.

Overall, the research seeks to remove the barriers to extracting valuable insights from

high-resolution synchro-waveforms, thus supporting the secure and reliable operation

of IBR-dominated power systems at both the present and forecasted RES penetration

levels. The research objectives of this thesis are listed below:

1. Develop an understanding of IBR-induced phenomena in order to specify require-

ments of synchronised measurement techniques suited for IBR-dominated systems.

This will be based on deriving insights from real-world measurements. PMU and

waveform datasets will be analysed to identify event signatures and trends, as

well as to inform requirements for improved monitoring capabilities, including

synchro-waveform processing requirements.

2. Develop a general-purpose, efficient and scalable synchro-waveform processing al-

gorithm. This involves investigating advanced signal processing techniques cap-
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able of capturing appropriate features representative of the information in the

synchro-waveform measurements, including IBR dynamics. The algorithm out-

puts should also be compatible with existing communication formats and infra-

structure to support practical, wide scale deployment.

3. Leverage processed synchro-waveform measurements for enhanced decision sup-

port. This will be achieved by developing supporting applications that translate

the improved, yet compact features, obtained via the improved synchro-waveform

processing, into actionable insights via the identification and characterisation of

abnormal conditions to inform improved mitigation strategies.

1.3 Principal Contributions

This research provides the following contributions to knowledge:

1. The identification and characterisation of precursory oscillatory signatures pre-

ceding oscillation events within the GB network, along with an early warning

system to identify such signatures. A framework utilising statistical change-point

detection and machine learning to identify oscillation signatures in historic syn-

chronised measurements and classify the state of the system, respectively, has been

developed. The early warning system was demonstrated using a real-world PMU

dataset and can provide insights into the risk of oscillations via the detection of

precursor signs.

2. A novel generalised synchro-waveform measurement unit (G-SWMU) processing

algorithm capable of extracting and representing operationally relevant transient,

harmonic, and inter-harmonic information contained in raw synchro-waveforms.

The G-SWMU outputs have significantly reduced data volume and are in a form

compatible with existing supporting infrastructure. The proposed G-SWMU al-

gorithm consists of:

(a) A novel wavelet scale correlation transient filter (WSCTF) capable of power

system transient detection and feature extraction. Transients are compactly
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represented as correlations in different frequency (wavelet) bands.

(b) A novel iterative extended discrete Fourier transform enabled empirical wave-

let transform (I-EDFT-EWT) method for multi-frequency phasor extraction.

The module is capable of decomposing multi-modal signals and outputting

the fundamental and harmonic / inter-harmonic phasors.

3. A novel G-SWMU-enabled wavelet scattering open-set nearest-neighbour (WS-

OSNN) power-system event classifier capable of identifying anomalous events us-

ing limited training data. The G-SWMU captures transient signatures in event

waveforms, thus providing discriminative features. This enables wavelet-scattering-

based nearest-neighbour classification and open-set rejection of unknown events.

The classifier is validated using actual event waveforms and demonstrates accurate

anomalous event classification in the presence of limited real world data.

1.4 Thesis Overview

A schematic overview of the thesis is presented in Figure 1.2. This thesis is organised

as follows:

Chapter 2 provides an overview of real-time power system monitoring. Conven-

tional PMUs and their applications are investigated. Synchro-waveform measurement

algorithms and their potential applications are also introduced and reviewed. A com-

parison between PMU and synchro-waveform measurements is also discussed. Finally,

key research gaps to improve power system monitoring in IBR rich power systems are

identified.

Chapter 3 presents the analysis of a real-world historic PMU dataset containing

several oscillation events in the GB network. Trends in the oscillation properties are

presented, and precursor signatures are identified and analysed. An ML based early

warning oscillation classifier is trained and evaluated using time-frequency features.

The potential limitations of PMU measurements in analysing IBR-driven oscillations

are also demonstrated.
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Chapter 3 Early Warning of Oscillations:

Chapter 4 Generalised SWMU feature extraction algorithm

Chapter 5 G-SWMU enabled power system event classification 

Chapter 6 Conclusions and future research directions

Chapter 1

Chapter 2

Research Context

Literature review of power system monitoring

3. SWMU -based decision support 

1. Understand requirements for synchronised 
measurements techniques

Data analysis of historic PMU dataset

AI-based oscillation state classifier

Transient detection/ 
feature extraction

Multi-phasor extraction

SSO monitoring

Research Objectives

Limitations of PMUs for IBR driven SSOs

Appendices A - A Review of Signal Processing Techniques 
used in Power Systems
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SWMU Algorithm

C - Supplementary Information for the OSL Test 
Network of Chapter 4
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(Contribution 2)

(Contribution 3)

Figure 1.2: Thesis structure

Chapter 4 presents the proposed G-SWMU feature extraction algorithm capable of

adapting to and accurately representing different possible dynamics including transient

and/or oscillatory conditions, via sparse outputs relative to raw synchro-waveforms.

Design considerations are discussed and the G-SWMU’s performance is evaluated on
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a wide range of open-source data and benchmarked against traditional PMUs as well

as existing synchro-waveform processing techniques. An SSO monitoring application is

also demonstrated via case studies using measurements from actual events.

Chapter 5 utilises the outputs of the proposed G-SWMU algorithm within the

wavelet scattering based open set nearest neighbours (WS-OSNN) event classifier. The

improved feature extraction of the G-SWMU algorithm and the incorporation of open

set recognition, are demonstrated to improve event classification under realistic condi-

tions characterised by limited training data. The model is trained and evaluated using

real-world event data, highlighting its practicality. A framework to incorporate the pro-

posed model within a manual incremental learning process to improve training datasets

is also demonstrated.

Chapter 6 summarises the contributions of the research presented in this thesis.

Recommendations to further develop the proposed measurement algorithm and pro-

posed applications are discussed and future research directions are highlighted.

1.5 Publications

1.5.1 Journal Papers

A journal paper summarising a protection application enabled by synchro-waveform

measurements was produced produced in partnership with the industry sponsor Syn-

aptec.

• K. Kawal, S. Blair, Q. Hong, and P. N. Papadopoulos, “Selective Auto-Reclosing

of Mixed Circuits Based on Multi-Zone Differential Protection Principle and Dis-

tributed Sensing,” Energies, vol. 16, no. 6, p. 2558, Mar. 2023, doi: http:

//dx.doi.org/10.3390/en16062558 .

1.5.2 Conference Papers

• K. Kawal, Q.Hong, S. Guo, A. Dysko, B. Stephen, A. Egea-Alvarez and C. Booth,

“Data-driven early warning of power system oscillations in Great Britain,” 2025
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2025, pp. 1-5, doi: https://doi.org/10.1109/PESGM52009.2025.11225355.

• S. Blair, K. Kawal, P. Papadopoulos and Q. Hong, "Review of Applications and

Practicalities of Synchronized Waveform Monitoring," 2024 International Confer-
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• K. Kawal, Q. Hong, P. N. Papadopoulos, S. M. Blair and C. D. Booth, "A Wave-
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Chapter 2

Literature Review: Real time

Monitoring of Power Systems

Accurate measurements of electrical quantities play a critical role in supporting power

system planning, real-time operations and post event analyses [29]. Real-time analysis

of wide area measurements enables situational awareness of system operating conditions

along with their proximities to stability and security margins. Prompt detection and

characterisation of abnormal conditions such as faults, frequency deviations, stressed

transfer corridors, oscillations etc., allows operators to implement preventive or cor-

rective actions to mitigate further degradation and facilitate recovery to severe dis-

turbances [30,31]. Real-time, wide area monitoring is therefore essential for preventing

local disturbances from propagating across the network thus limiting the severity and

duration of outages and hence improving system resilience and reliability.

Real-time monitoring of power systems is typically achieved via a combination

of supervised control and data acquisition (SCADA) and phasor measurement units

(PMUs). SCADA is widely used and provides relatively low resolution (e.g., 1 sample

per second) electrical measurements, device statuses, and alarms. SCADA systems have

supported improved situational awareness, incorporating measurements and real-time

network topology into state estimation algorithms while also facilitating automated ac-

tions such as tap-changing or network reconfiguration [32]. However, SCADA typically
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does not provide (high precision, system wide) time synchronisation [33]. Relying solely

on SCADA systems therefore results in limitations for capturing emerging power sys-

tem dynamics and is unsuitable for real time monitoring of IBR dominated systems,

particularly across a wide area.

Voltage and current waveform measurements represent the most granular electrical

measurements, which are typically processed to derive equivalent average quantities

across observation windows, e.g. root-mean-square, (RMS) values. Active and reactive

power, as well as quantities relevant to periodic sinusoidal AC waveforms (e.g. fre-

quency and rate of change of frequency, RoCoF), can also be further derived. Such

measurements may be compared over wide geographical areas, once appropriately time

synchronised. Accurate time synchronised wide-area measurements are therefore crit-

ical in maintaining steady state operations and where applicable for detecting, analysing

and responding to potential high impact, system-wide events.

PMUs, initially developed in 1988, have been widely adopted as the business-as-usual

solution for obtaining time-synchronised power system measurements, particularly in

transmission networks [34]. Time synchronisation allows locally measured magnitudes

and angles of voltages and currents to be compared over wide geographical areas. This

supports dependable protection applications such as differential protection [35] and

provides insights into the propagation of dynamics across the physical network, including

phase angle separation, power flows and oscillations, thus providing real time situational

awareness of system stability [36]. The large-scale adoption of PMUs, combined with

associated communication and storage infrastructure, enables wide-area monitoring,

allowing power system stakeholders to better manage the network.

However, as power systems evolve with increasing penetration of IBRs, new system

dynamics have emerged, which can not be accurately represented by phasors, thus res-

ulting in traditional PMU measurement techniques facing limitations. Recent research

and development of continuously streamed synchronised waveform measurements offer

higher resolution measurements, capturing transient behaviours that may be filtered out

by PMUs. However, these techniques also face challenges of large data volume and the

associated high requirements on communications infrastructures. This has led to the
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emergence of synchro-waveform processing methods as alternatives to PMU processing

techniques.

This chapter presents a state-of-the-art review of techniques for real-time monitor-

ing of power systems. The fundamentals of traditional PMU measurements, including

standard definitions and a review of existing applications, are presented. Synchro-

waveform measurements are explained and compared to PMUs to evaluate their rel-

ative advantages and disadvantages. Emerging synchro-waveform processing methods

are described and categorised in terms of their suitability for monitoring different types

of dynamics and events. It should be noted that the underlying theory of signal pro-

cessing techniques is not the focus of this review and therefore not discussed in detail

in this Chapter. There is a wide array of signal processing techniques that can be

applied or combined to achieve similar functionality, with the design choice influenced

by proprietary designs and intended application. Selected techniques are briefly intro-

duced and compared in Appendix A. Additionally, emerging monitoring needs of IBR

rich networks are identified and mapped to their corresponding measurement require-

ments. Finally, research gaps and opportunities to better capture, process and utilise

synchronised measurements are highlighted.

2.1 Synchrophasors and Phasor Measurement Units

2.1.1 Synchrophasor Concept

Steady state AC voltage and current are sinusoidal waveforms, typically at the nominal

system frequency (50 or 60 Hz) and possibly containing a small amount of harmonics.

These waveforms can be described by phasors consisting of a complex number with a

magnitude, X and angle, θ as illustrated in Figure 2.1. Phasors may be equivalently

represented in polar (X∠θ), rectangular (X cos(θ) + jX sin(θ)) or exponential (Xejθ)

forms. The phasor magnitude corresponds to the RMS value of the sinusoidal wave-

form, while the angle represents the phase displacement of the waveform relative to a

pre-defined reference. In order to allow the comparison of measurements taken in dif-

ferent locations across the power network, it is necessary to define a common time [37].
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This is achieved by using a cosine wave at the nominal power system frequency that

is synchronised with coordinated universal time (UTC). The phase angle of the time

synchronised phasor (i.e. synchrophasor) being measured is the difference between the

phase of the signal of interest and the phase angle of the reference cosine wave at the

UTC timestamp [38] as illustrated in Figure 2.1.

1 PPS

UTC Rollover

t

Signal 1

Signal 2

Reference cosine signal at the nominal frequency

Re

22

1

X1X1
X2X2

X2X2

22

X2X2

22

1
22

Im

t0t0

Synchrophasor Magnitudes

Synchrophasor Angles

Figure 2.1: Synchrophasor concept

An AC power system signal (e.g. voltage or current) can be modelled as:

x(t) = Xm(t)cos(θ(t)) +D(t), (2.1)

where Xm(t) is the time varying amplitude of the signal and θ(t) is the time varying

angular position of the signal in radians with t = 0 aligned with a UTC second rollover.

D(t) includes harmonics, noise, DC offset and out of band interferences, which are

attenuated during synchrophasor estimation. θ(t) can further be expressed in terms of

the signal frequency f , and an initial phase θ(t0) as:

θ(t) = 2πft+ θ(t0). (2.2)

The reference signal is defined as [38]:

xref (t) = cos(2πfnt), (2.3)
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where fn is the nominal system frequency (50 Hz in the GB network). The UTC

timestamp, t, can be provided by a one Pulse Per Second (1 PPS) signal at the beginning

of a UTC second, typically provided by a Global Positioning System (GPS) source. The

time instant coincident with the 1 PPS UTC timestamp becomes the reference time from

which the phase displacement is measured.

Under steady-state conditions at nominal frequency, the phasor parameters to be

measured are constant over the observation window and are defined as [38]:

X̃ =
Xm√
2
ejΘ, (2.4)

where the synchrophasor angle, Θ, is defined as the phase difference between angular

position of the sinusoidal AC signal, θ(t), and the phase due to the nominal frequency:

Θ = θ(t)− 2πfnt. (2.5)

Substituting 2.2 into 2.5 gives:

Θ = θ(t0)− 2π(f − fn)t. (2.6)

The measured synchrophasor angle therefore includes a measurement of the phase dis-

placement of the signal at the measurement instant relative to a UTC time. This

measurement also includes the phase displacement due to the difference between the

nominal frequency and actual system frequency. This difference is usually very small

in steady state and within statutory limits of fn ± 0.2Hz, with an analysis of GB data

performed in [39] showing that frequency fluctuations are typically within ±0.1Hz in

steady state. Figure 2.1 illustrates the synchrophasor concept for two waveforms, po-

tentially from different measurement locations, with respect to a UTC cosine reference

waveform. The common time reference allows for a valid and accurate phase angle

comparison between the measurement locations.
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The frequency of a signal x(t) is defined as the angular velocity of the signal as:

f(t) =
1

2π

dθ(t)

dt
. (2.7)

The frequency can be expressed in terms of the measured synchrophasor angle by sub-

stituting for θ(t) in (2.7) using (2.5) :

f(t) = fn +
1

2π

dΘ(t)

dt
, (2.8)

and the rate of change of frequency (RoCoF), as:

RoCoF (t) =
1

2π

d2Θ(t)

dt2
. (2.9)

Phasor frequency and RoCoF are estimated as rated of changes of phase and frequency

respectively across multiple windows.

Figure 2.1 and Equations (2.3)-(2.9) illustrate that synchrophasors are defined with

respect to a steady state, sinusoidal reference at the nominal system frequency. There

is an underlying assumption that within the measurement window, the system is in a

quasi-steady state and near the nominal frequency.

2.1.2 Phasor Measurement Units (PMUs)

PMUs refer to a device (or a functional element within a device) capable of accepting

voltage and/or current waveforms, along with a synchronised time source (e.g. GPS),

and producing Synchrophasors, frequency and RoCoF estimates [38]. Figure 2.2 illus-

trates a high-level schematic overview of a PMU. The input waveform is filtered to

prevent aliasing and discretised, digital samples are produced using an analogue to di-

gital converter (ADC). A sampling clock, which is typically phase locked to the 1 PPS

from the UTC time source, is used to timestamp the digital samples [40].

A microprocessor hosts the PMU algorithm (i.e. a signal processing algorithm)

that computes the synchrophasors across the measurement windows. System frequency

and RoCoF are then derived across successive measurement windows. Additionally,
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active/reactive powers and sequence components may also be derived. Examples of

synchrophasor measurement algorithms include DFT [41], demodulation and filter-

ing [38, 41], and adaptive cascading filtering [42]. However, commercial PMUs might

be equipped with different manufacturers’ proprietary measurement algorithms, which

should also meet the requirements specified in the performance standard [38]. Low

pass filtering is applied to balance measurement performance with reporting latency.

Window size, filtering and algorithm selection reflect trade-offs between measurement

accuracy and the ability to quickly track dynamic changes in the measurements.
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Figure 2.2: Schematic overview of a typical standard compliant PMU (adapted from
[37])

A key feature and advantage of PMUs is that they output UTC timestamped meas-

urements in a standard message format. This ensures compatibility across vendor spe-

cific implementations. Multiple PMUs interfaced by a communication network allow

for the real-time transmission and processing of synchrophasor, frequency and RoCoF

data with high precision timestamps. This allows for coordinated analysis and com-
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parison of system-wide measurements to monitor and mitigate evolving power system

dynamics [37].

2.1.3 PMU Standards

PMU standards are important to ensure a minimum acceptable performance and in-

teroperability across different potential PMU implementations. As of 2025, there are

currently two active PMU standards relating to synchrophasor measurements and syn-

chrophasor data transfer, i.e. IEEE/IEC 60255-118-1-2018 International Standard:

Synchrophasors for power systems- Measurements [38] and the C37.118.2-2024 - IEEE

Standard for Synchrophasor Data Transfer for Power Systems [26].

IEEE/IEC 60255-118-1-2018 synchrophasor measurement standard

The IEEE/IEC 60255-118-1-2018 standard defines steady state and dynamic perform-

ance requirements for PMUs with considerations of variations in measured quantities,

harmonic distortion and out-of-band frequency interference. Reporting rates that are

integer multiples of the nominal frequency (e.g. 10, 25, 50, 100, 200 for a 50 Hz sys-

tem) are specified. A key measure of synchrophasor accuracy is the total vector error

(TVE), which is defined as a combination of magnitude and phase errors. Frequency

and RoCoF measurement errors are also defined.

Acceptable limits on these errors are specified for two distinct performance classes.

The protection (P) class has shorter measurement latency requirements, employs less

filtering, and applies relatively limited harmonic signal rejection with no out-of-band

signal rejection. In contrast, the measurement (M) class has stricter filtering, which

significantly attenuates signals that are above the Nyquist frequency for the given re-

porting rate, resulting in increased harmonic and out-of-band signal rejection. M class

PMUs therefore have a larger allowed reporting latency in comparison to P class, but

can give more accurate fundamental synchrophasor estimates across a wider variety

of operating conditions. A maximum TVE of 1% is allowed for both the P class and

M class measurements for different operating conditions, which are specified in detail

in [38].
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The reporting latency is defined as the time delay from the power system event

occurring at the measurement point to the time it is reported in the PMU output. It is a

function of the measurement window, filtering, synchrophasor algorithm, reporting rate

and measurement class. The requirements for the reporting latency are also specified

in the standard. Compliant PMUs have a maximum latency of the greater of 2/Fs or

2/f0 for P class or the greater of 7/Fs or 7/f0 for M class, where Fs is the reporting

rate and f0 is the nominal frequency. A lower latency is required for the P class to

enable fast protection decisions within critical timescales (e.g., critical clearing times)

to ensure system resilience to faults. Measurement compliance testing and evaluation

as well as informative annexes including a reference signal processing model are also

included. This standard however does not specify hardware, software or measurement

methods.

IEEE Std C37.118.2-2024: IEEE Standard for Synchrophasor Data Transfer

for Power Systems

The IEEE Std C37.118.2-2024 synchrophasor data transfer standard is a recently (2024)

adopted standard that supersedes the previous C37.118.2-2011 standard. This standard

specifies a frame based communications protocol. Frame (message) types, contents

and data formats are defined for real-time communications between PMUs, phasor

data concentrators (PDCs) and other applications to facilitate data exchange among

measurement, data collection, and application equipment. Five frame types are defined

in this standard:

1. Configuration frames which describe the data being transmitted. This can include

data types, calibration factors and other associated meta-data.

2. Periodic data frames which contain synchrophasor data including synchrophasor

estimates, frequency, RoCoF, analogue and digital data. Periodic data frames are

reported at regular time intervals determined by the data reporting rate specified

as integer multiples of the nominal frequency.

3. Discrete event data frames which contain digital statuses coincident with some
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change in status or digital data. They can be transmitted at the onset of an event

and may or may not match the uniform timestamps associated with the periodic

data frames, i.e. the timestamps may be aperiodic. This is an added functionality

compared to the previous version of the standard.

4. Command frames which are sent by the data collecting device to start or stop data

transmission and to request configuration frames from the transmitting device.

5. Error frames which give a message if a command is not understood or rejected.

Each of these frame types are then included within an overall message structure that in-

corporates an identifier of the frame type, time information (including second of century

timestamp), frame size, stream identification and error checking. The current version

(C37.118.2-2024) of the standard includes key improvements over the previous version

(IEEE Std C37.118.2-2011), and a comparison of the two versions of the standard is

presented in Table 2.1.

Table 2.1: Comparison of C37.118 Standards

C37.118.2-2011 (superseded) C37.118.2-2024 (active) Enhanced Capability

One data frame defined: Two data frame categories defined:
∗ Data frame: ∗ Periodic Data frame: Real time transient detection
✓ Synchrophasors ✓ Synchrophasors
✓ Analogue/digital words ✓ Analogue/digital words
✓ Periodic reporting ✓ Periodic reporting

∗ Discrete data frame
✓Digital words
✓Aperiodic reporting

∗ Data Quality Status (PMU) ∗ Data Attributes (per Phasor) Phasor confidence score
✓Good measurement ✓Step detected in measurement window
✓PMU error no information ✓Test data
✓PMU in test mode ✓Data error
✓PMU error do not use

A key change is the splitting of data frames into two distinct categories, as seen

in the ’C37.118.2-2024 (active)’ column of Table 2.1. The periodic data frame retains

similar functionality and is reported using periodic message report rates. The discrete

data frame allows for real-time communication of discrete events, i.e. statuses commu-

nicated via digital outputs. Previously discrete event timestamps were not accurate as

they were time tagged with the synchrophasor time-stamp and reported at the next

23



Chapter 2. Literature Review: Real time Monitoring of Power Systems

available message as per the reporting rate. Discrete event frames have applications

in better characterising sequence of events information, for example, breaker statuses

etc. Transient detection functionality within the PMU may also utilise these frames.

Another change is around data quality. Previously, data quality flags were reflective

of the entire PMU and gave no signal level quality information [43]. In contrast, the

new standard allows each phasor to be followed by an optional data attribute field that

includes a flag which informs users (or applications) that the measurement window en-

compasses a transient. This can serve as a confidence metric when interpreting PMU

outputs.

Improved communication of additional information relating to discrete events and

measurement validity can aid in the development of the next generation of PMU al-

gorithms that are resilient to conditions that violate the traditional synchrophasor

definition.

2.1.4 PMU Applications

Wide-Area Monitoring Systems

Measurements from standard compliant PMUs are typically transmitted via commu-

nication networks and collated by phasor data concentrators (PDCs) to form wide-area

monitoring systems (WAMS). A GB network WAMS, referred to as VISOR (Visualisa-

tion of Real Time System Dynamics using Enhanced Monitoring), has been installed

since 2018 [44]. VISOR gathers, collates, visualises and analyses synchronised measure-

ments in real time from approximately 60 PMUs and 10 waveform measurement units

(WMUs) (as of 2018) installed across all three of the GB mainland transmission owners

(Scottish Power Transmission, Scottish & Southern Electricity Networks Transmission

and National Grid Electricity Transmission) [20]. Each transmission owner has visibil-

ity of measurements within their network and the system operator has visibility of all

measurements.

Applications of VISOR include state estimation, line parameter estimation, dynamic

model validation, and SSO monitoring and localisation. VISOR is capable of monitor-

ing oscillations within the range of 4-46 Hz using WMUs, which continuously stream
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waveform samples at 200 Hz using the IEEE C37.118.2-2011 protocol [45]. However,

source localisation is done using relative phase angle measurement from PMUs and

online SSO stability management requires further development [44].

A review of WAM implementations across several countries, conducted in [37], in-

cluding the US, UK and China, showed that several PMU based WAM applications

have been successfully implemented. Visualisation of key wide area measurements such

as power flows, bus voltages and angles can increase situational awareness [46]. PMU

measurements and system topology information are combined in linear state estimation

tools to infer the quantities at different locations without measurements. The outputs

of state estimation can be used for system planning and operation, event detection, bad

data detection and support other applications that require system observability. Online,

measurement based stability assessments via the derivation of metrics (e.g. P-V curves,

impedance margins) have also been deployed in utility control rooms [46–48]. Detec-

tion, monitoring and visualisation of electromechanical, inter-area oscillation modes and

forced oscillations have also been adopted [48,49]. Wide area backup protection schemes

utilise the enhanced visibility of the network offered by WAMs, to detect, locate and

isolate electrical faults [50]. WAM implementations also provide an opportunity to

gather historic system-wide data sets, from which data analytics may uncover system

dynamics and patterns to inform improved WAM applications.

Existing WAM implementations are therefore reliant on conventional PMU measure-

ments. As a result, WAM applications may be hindered by the measurement limitations

of PMUs, particularly in IBR-dominated networks as will be discussed in Section 2.3.

Incorporating higher resolution synchro-waveforms will allow for the accurate measure-

ment and valid comparison of emerging IBR dynamics, thus extending the suitability of

existing WAM applications beyond electromechanical phenomena. SWMU based WAM

applications are the subject of active research, (e.g. oscillation monitoring) and will

be discussed further in Section 2.2. However, the large data volumes associated with

raw, continuously streamed synchro-waveforms remain an impediment to the adoption

of synchro-waveform based WAMs. This challenge will be subsequently addressed in

this thesis via the investigation of improved synchro-waveform processing (Section 4)
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that is suitable for enabling SWMU based WAMS.

Power System Oscillation Monitoring

Power system oscillations are a form of instability manifesting as periodic deviations

in system variables. Oscillations may arise in interconnected power systems, via nat-

ural interaction of groups of generators in separate regions (natural modes) or external

perturbations known as forced oscillations [51]. These oscillations are conventionally

associated with electromechanical synchronous machine dynamics and manifest as low

frequency electromechanical oscillations (EMOs) (<∼ 5Hz) in phasor measurements.

Sub-synchronous oscillations (SSO) conventionally associated with resonances between

multi-mass turbine-generator dynamics (torsional) and series compensated transmission

networks can occur in a wider frequency range compared to EMOs [52]. For example,

the turbine generator of the well studied Mohave SSO event had torsional modes ran-

ging from 15 Hz to 32Hz [53]. PMU’s with sufficient reporting rates (at least twice the

nominal frequency) have also been utilised to monitor SSO events [45].

PMUs have also been utilised to monitor and characterise inter-area modes in large

power systems, providing visualisation to improve situational awareness and valuable

insights into conditions under which such modes become undamped [54,55]. Wide area

PMU measurements have also been used to perform oscillation source localisation. [56]

presents a dissipating energy flow calculation, compatible with PMU measurements,

to trace system elements’ participation in oscillation modes. The method can trace

both natural and forced oscillations and has been successfully implemented in an actual

power system [49]. However it should be noted that IBR dynamics and interactions

are introducing new forms of instabilities, including oscillations. The classification of

types of oscillations and the term SSO is being revised and extended to include these

emerging IBR driven oscillations as will be discussed in Section 2.3. The adequacy of

PMU based monitoring for emerging power system oscillations will be investigated in

this research.

26



Chapter 2. Literature Review: Real time Monitoring of Power Systems

Wide-Area Control

PMU measurements can be used to enable a range of coordinated, wide-area control

actions that support corrective measures in critical grid operational functions, including

enhancing angular and voltage stability, facilitating frequency response and managing

thermal constraints [33]. A PMU-based wide area enhanced frequency control scheme

is presented in [57]. PMU measurements were utilised to detect frequency disturbances

and evaluate the magnitude of power imbalances. Regional impacts across different

parts of the network were considered to subsequently allocate the required response for

different regions of the system. The proposed scheme demonstrated fast and regional

frequency response, which more efficiently contains frequency deviation with the reduced

and unevenly distributed system inertia.

2.2 Synchronised Waveform Measurements

2.2.1 Synchronised Waveforms

Advances in sensing technologies, including improved sensor development as discussed

in Section 2.2.2 and improved computational resources, have made it possible to obtain

high-resolution, time-synchronised voltage and current waveform measurements. Such

measurements are referred to as synchro-waveforms, and can be collated from different

geographical areas of the power system [21, 23]. In the literature, synchro-waveforms

have also been referred to as continuous point on wave (CPOW) measurements [58].

Depending on the measurement technology and intended application, the resolution

of synchro-waveform measurements can range from a kilohertz to megahertz. Synchro-

waveforms can capture the full frequency range (up to the Nyquist) of components in

the waveform. Distortions and non-sinusoidal characteristics are also preserved, dir-

ectly addressing the limitations of the synchrophasor definition as described in Sec-

tion 2.1.1. This is illustrated in Figure 2.3, which compares synchro-waveform voltage

measurements and synchrophasor magnitude for an equipment failure event. Details

of sub-cycle distortions are lost due to the sinusoidal reference and additional filtering

associated with synchrophasor measurement. In contrast, these distortions are captured
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in the synchro-waveform samples. Synchro-waveforms therefore can play a critical role

in monitoring IBR dynamics, which may exhibit characteristics that deviate from the

sinusoidal reference assumed in the adopted synchrophasor definition.
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Figure 2.3: PMU vs synchro-waveform measurement

Devices that produce synchro-waveform measurements are referred to as waveform

measurement units (WMUs) or synchro-waveform measurement units (SWMUs) [23].

In this thesis, the terms are used interchangeably. Similar to PMUs, these devices use

a time source synchronised to UTC. In contrast to PMUs which locally process the

voltage and current waveforms to produce synchrophasors, SWMUs typically output

time stamped voltage and current samples with little filtering and no processing. SWMU

reporting rates therefore range from kilohertz to megahertz. SWMU deployment, while

promising, faces challenges related to high communication and computational require-

ments, as will be discussed later in this chapter.

2.2.2 Synchro-waveform Sensing Technology

Synchro-waveform measurements may be collected and streamed either on an event

triggered basis or continuously streamed. Existing DFRs and PQ meters with additional

time synchronisation are a form of event triggered synchronised waveform measure-

ment units (SWMUs). Recent advancements in sensing technology have led to various
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SMWUs capable of continuous streaming [20,59–61].

The fibre Bragg grating (FBG) based distributed electrical sensing (DES) solution

of [61] is capable of producing continuously streamed voltage and current synchro-

waveforms [22]. FBGs are periodic perturbations in the refractive index along a fibre

core, with peak reflection at a wavelength referred to as a Bragg wavelength. Straining

or compressing the fibre at the location of the grating changes the Bragg wavelength.

Combining an FBG with a piezoelectric stack produces a sensor that can be connected

to a traditional voltage transformer (VT) or current transformer (CT) (with a burden

resistor), which allows voltage and current measurements to be encoded as changes

in the Bragg grating wavelengths. These sensors are referred to as passive secondary

converters. An interrogator unit with a optical source emits a broadband light via a fibre

cable that has an array of passive secondary converters. The converters transduce the

voltage and current measurements into Bragg grating wavelengths, which are detected

at the interrogator and converted into synchro-waveform samples in real time [62].

The FBG based DES solution is passive, (i.e. the sensors do not require a power

supply) and can multiplex (up to ∼ 30) sensors along a single length (up to 60 km) of

fibre optic cable. This solution therefore significantly reduces the need for additional

infrastructure at measurement locations. The interrogator is installed in the substa-

tion and can host multiple signal processing, monitoring and protection functions as

illustrated in Figure 2.4.
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Figure 2.4: Distributed electric sensing platform
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The platform can produce standard compliant synchrophasors and has demonstrated

traditional protection functions such as distance protection [63], differential protec-

tion [64] and mixed (overhead line and underground cable) circuit protection [28]. A

key functionality of the passive DES platform is its ability to produce cost-effective

synchro-waveforms across multiple sensors and interrogator units. DES can mitigate

the waveform data transmission challenges within a relatively local region. However,

enabling high resolution, system-wide visibility remains challenging due to data volume

(e.g. from multiple interrogators), communication needs and computational burden of

processing multiple waveforms concurrently. Improved SWMU processing algorithms to

support the real-time analysis, communication and storage of synchro-waveform meas-

urements is necessary to derive valuable insights from such measurements, and is there-

fore the key focus of this research.

2.2.3 Practical Considerations for Synchro-waveform Measurements

Supporting Infrastructure

The emerging system behaviours of IBR rich networks present a compelling need for

incorporating SWMUs to compliment PMU measurements [65]. However, as mentioned

previously, synchro-waveform measurements will lead to a large volume of data, which

poses a significant challenge to existing communications, storage and computational

resources [23]. A survey of several US utilities found that existing communication in-

frastructure was insufficient for continuous streaming of synchro-waveforms. Instead,

a more viable approach would be to collect measurements relevant to specific abnor-

mal events such as faults, harmonics or oscillations as and when they occur via event

triggered devices [66].

Table 2.2 presents a comparison between the communication and storage require-

ments between PMUs and SWMUs. Presently, the main standard for streaming syn-

chronised waveform data is the IEC 61850-9-2 Sampled Value (SV) Ethernet-based

protocol [67]. Considerations for aggregating multiple SWMUs into a centralised plat-

form using this protocol are presented in [23]. The IEEE C37.118.2-2024 standard states

the importance of supporting synchro-waveform data, but such data is still outside the
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scope of the standard requirements [23]. However, incorporating synchro-waveform data

within the IEEE Std C37.118.2-2024 protocol is an active research area, with notable

work presented in [68] and [69]. The frame based structure of the IEEE Std C37.118.2-

2024 protocol is not well suited to large datasets and high volume data flows, prompting

the development of the Streaming Telemetry Transport Protocol (STTP) [70]. STTP is

designed for streaming individual measurements rather than frames and supports send-

ing waveform time-series data and optional lossless data compression [27]. It is therefore

expected to supplement or potentially replace the existing IEEE Std C37.118.2-2024

protocol although this still remains active. STTP has been demonstrated in several

demonstration projects [71] and is expected to be increasingly adopted as utilities in-

crease measurements in terms of both location and resolution [72].

The significant difference in the real-time streaming bandwidth and annual stor-

age requirements between synchrophasor and synchro-waveform measurements is also

highlighted in Table 2.2. A single PMU reporting three-phase synchrophasor data at

30 frames per second (fps) requires a minimum of 15 kilobits per second (kbps) [26].

In comparison, a synchro-waveform stream of three-phase voltage and current reported

at 4 kHz requires approximately 5 Mbps of bandwidth [27]. As the amount of meas-

urements streamed in real time from multiple locations and collected at a centralised

location increases, a larger bandwidth at the concentrator location is required.

Table 2.2: Comparison of communication and storage requirements for synchrophasors
and synchro-waveforms

Synchrophasor Synchro-waveform

Communication Protocols IEEE C37.118 IEC 61850-9-2
STTP (future) STTP (future)

Real-time Streaming 15 kbps for 1 PMU at 30
fps

5 Mbps for 1 SWMU
reporting at 4 kHz

Annual Storage ∼ 200GB ∼ 10 TB

A trial conducted at Dominion Energy in the US found that continuous streaming

of waveform data for 66 locations at 16 samples per cycle generated 3.9 TB of data per

day and that a high-speed 1 Gbps communication network was insufficient for real-time
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streaming with significant time delays observed [73]. It is reported in [23] that multiple

PMUs connected to a PDC can require up to ∼ 3Mbps of bandwidth, and multiple

SWMUs may require dedicated 10 Gbps Ethernet networks.

Archiving of measurements is important to facilitate post-event analysis. A single

PMU requires hundreds (∼ 200) of GB of storage per year when saved in standard

compressed file formats [74]. Measurements from a single SWMU with a similar level

of compression will need several TB of storage [75]. As the number of measurement

locations increases, the storage requirement also increases. It is estimated that large

scale deployment (>100 measurement locations) will require ∼ 100′s TB per year for

synchrophasors and ∼ 10′s PB per year for synchro-waveforms [76].

Present communication and storage infrastructure limits the near-term adoption

of continuous synchro-waveform streaming. Presently, application specific synchro-

waveform deployments with limited or localised supporting infrastructure, e.g. local

high speed communication networks, have been implemented [24]. Examples of this

include protection relays and DFRs. To facilitate large scale adoption of real-time,

continuously streamed synchro-waveforms will require massive investments to improve

existing infrastructure. Alternatively, improved synchro-waveform processing and com-

munication of processed outputs may be more suitable for existing communication net-

works and archival solutions.

Performance Metrics and Standards

Adopting synchro-waveforms will require a commonly accepted performance baseline

and standardisation to ensure compatibility across different SWMU solutions. Presently,

performance metrics related to waveform reconstruction errors (e.g. goodness of fit [77])

and compression performance (e.g. compression ratios [69]) may be adopted. Ex-

isting standards relating to PQ/DFR measurements and devices may also be applic-

able [21]. However, at the time this research was conducted, there were no commonly-

adopted standards or standards under-development dedicated for real-time continuously

streamed synchro-waveforms. This will impede the large-scale adoption of SWMU tech-

nologies.
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2.2.4 State-of-the-Art Review of Synchro-Waveform Processing Meth-

ods

Emerging synchro-waveform processing methods can be broadly categorised into two

complimentary categories, i.e. locally processed feature extraction [78–80], and wave-

form compression techniques [81, 82], as illustrated in Table A.1. Feature extraction

involves locally processing synchro-waveform measurements to derive representative

quantities or features within the observation window. Lissajous curves and similar-

ity metrics obtained from voltage and current synchro-waveform data are used for event

detection and localisation in [78]. In [79], the difference between steady state (pre-

event) and event waveforms is used to characterise transient responses of IBRs, thus

gaining insights into their dynamic responses. Enhanced phasor based methods have

also gained prominence in the literature. [83] uses the wavelet transform to detect and

report harmonic phasors. [84] and [85] apply recursive filtering and interpolated DFT

(Ip-DFT), respectively, to detect possibly inter-harmonic SSOs.

The preceding methods are application specific and therefore do not extract features

that are fully representative of the detail available from synchro-waveform measurements

under different operating conditions. A functional basis analysis presented in [80] aims

to represent both steady state and transient dynamics in the input waveforms. This ap-

proach defines a number of functional bases, including steady state, angle and amplitude

steps, frequency ramps and harmonics. A dictionary of functional bases is pre-defined

for expected parameter ranges. Optimisation techniques are then employed to find the

functional bases and parameters that can optimally represent the signal. A limitation

of this approach is the difficulty to pre-determine and accurately describe all possible

disturbances via unique functional bases. For example, inter-harmonics are not initially

included in the proposed dictionary, resulting in inaccurate measurements and requiring

manual updating of the algorithm.

Waveform compression aims to find the most compact representation of information

by identifying intrinsic structures within data and removing any redundant informa-

tion [82]. Compression may be lossless, allowing perfect reconstruction, or lossy, result-

ing in acceptable reconstruction errors. An open-source, lossless compression scheme
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that encodes differences between measurements (delta encoding) via a variable length

encoding strategy is reported in [86] to reduce the bandwidth requirements of synchro-

waveform measurements. The wavelet transform, via a library of different wavelets,

can give a sparse representation of distortions. Transient detection and compression

of waveforms containing transients using the wavelet transform has been demonstrated

in [69,82]. In [81], a multiple model compression scheme for voltage and current samples

using a two-stage window is presented. In the first stage, appropriate parametric mod-

els, e.g. sinusoidal models, are identified to represent the input. The residuals between

the original input and the reconstruction via the parametric models are then calcu-

lated. In the second stage, the optimal representation and compression of the residuals

(transients) are found using the wavelet transform. The various compression schemes

drastically reduce the burden on data communications and improve data archiving.

However, the data are usually decoded at centralised locations and relevant features

need to be extracted and compared to enable a variety of real-time applications.

A classification of synchro-waveform processing methods based on their commu-

nicated outputs, streaming mechanisms (triggered or continuous) and applicability to

transient, non-sinusoidal conditions is presented in Table 2.3. The business-as-usual ap-

proach utilises continuously streamed fundamental synchrophasors and event-triggered

waveform snapshots from DFRs. Waveform compression techniques result in small or no

reconstruction errors, so inherently capture both transient and sinusoidal (fundamental

and/or oscillatory) properties of the waveform. In contrast, the intended application

and design of feature extraction algorithms determines their suitability to represent

different characteristics of the input waveforms.

From the previous discussions, it can be seen that event triggered, application spe-

cific synchro-waveform processing methods are presently the most commonly adopted

approach, which has been used for event detection (characterising transients) or SSO

monitoring (characterising sinusoidal components). Recently, generalised approaches

that combine a sinusoidal reference under steady state conditions with the ability to

detect, characterise and communicate abnormal conditions have been proposed in the

literature [80]. The generalised approach therefore continuously streams outputs reflect-
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ing steady state conditions and, based on an event trigger, outputs data relevant to the

event. The functional basis analysis and multi-model compression methods in Table

2.3 are examples of this generalised approach for the feature extraction and waveform

compressions categories, respectively.

Table 2.3: Classification of synchro-waveform processing methods [69,79–86]

Triggered Continuous

Feature Extraction

Standard PMU

Locally Processed Lissajous Curve [78]

Differential
Waveforms [79]

Oscillation
Phasors [83–85]

Functional Basis [80]

Waveform Compression

DFRs

Wavelet-based
Compression [69,82]

Multi-model compression [81]

Slipstream [86]

Suitable for sinusoidal inputs only

Suitable for non-sinusoidal distortions (transients)

Suitable for both sinusoidal and transient conditions

The key challenges for achieving generalised synchro-waveform processing algorithms

are:

1. Compression versus feature extraction: It is expected that as deployment of

SWMUs increase, advanced event triggering and signal processing algorithms will

more commonly reside on the SWMU devices (i.e. local feature extraction similar

to PMUs), rather than transferring vast amounts of data to a central repository

(compression) [23]. This may be due to the benefits of enhancing PMU func-

tionality and utilising existing supporting infrastructure over investments in large

storage requirements at centralised storage locations.
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2. Event triggers: Event triggering mechanisms and optimal thresholds that are

agnostic of the nature of the event are needed to allow the detection, capturing

and processing of appropriate segments of synchro-waveforms [23].

3. Suitable signal processing methods: Signal processing techniques and features

suitable for a wide variety of conditions that may be present in synchro-waveforms

require investigation. A combination of methods may be necessary.

2.2.5 Synchro-Waveform Applications

Fault Detection and Location

Analysis of synchro-waveforms from multiple locations have been utilised for fault detec-

tion and location in [87]. The reported method first identifies harmonics and oscillatory

modes present in synchro-waveforms from two ends of a circuit. A circuit model of the

monitored section is then constructed, and nodal voltages at the extracted modes are

calculated in forward and backward sweeps. The results of the sweeps are then com-

pared with the faulted bus location identified as the bus with minimum difference. This

method accounts for transients, incipient faults, different loads, fault types and circuit

topologies. Synchro-waveforms from both ends of the circuit of interest and knowledge

of the topology are required for this method.

Mixed Circuit Protection

Mixed circuits are comprised of overhead transmission lines and underground cable

sections. They may arise due to environmental constraints, physical topology or cus-

tomer preference. The protection of these circuits is complex due to the changes in

electrical properties of overhead lines and underground cables. The remote locations of

transition points also makes conventional monitoring and protection potentially costly.

Synchro-waveforms available from a passive distributed sensing platform were utilised

to enable standard current differential protection algorithms in a cost-effective manner

for mixed-circuits [28]. Synchro-waveform measurements at different locations allows

for a dependable and cost-effective protection scheme for complex circuits.
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Mitigation of Utility Ignited Wildfires

Wildfires have been ignited by electrical faults, particularly during extreme weather

events such as heatwaves [88]. Ignitions due to power lines and electrical equipment

accounted for approximately eight major wildfires in California [89]. A combination of

increasingly severe weather conditions, ageing infrastructure and a lack of preventative

maintenance measures can also lead to the increased occurrence of utility ignition events.

For example, fire incident data from Southern California Edison shows approximately

119 ignition incidents in 2024 [90] compared to 41 events in 2014 [91].

Root cause analysis of events has identified that synchro-waveforms recorded by

power quality meters are able to identify precursor signatures of temporary faults (such

as vegetation encroachment) that can lead to arcing and hence contribute to the ignition

of wildfires [92]. Arcing usually manifests as high impedance faults, thus presenting

challenges to phasor based protection algorithms. The detection and mitigation of utility

ignition events can therefore benefit from the high resolution of synchro-waveforms

that can capture arcing signatures. Additionally, high-speed, synchro-waveform based

protection algorithms are being developed for downed conductor detection and isolation

to prevent or minimise arcing. These methods can be based on multi-zone differential

protection, high impedance fault detection and waveform signature analysis [27, 93].

Accurate, real-time synchro-waveform monitoring can therefore be critical to addressing

utility induced wildfires.

2.3 Emerging Power System Monitoring Needs

2.3.1 New Dynamics Induced by Inverter-based Resources (IBRs)

IBR Transient Performance

IBR controllers modulate their outputs at the point of common coupling (PCC) via

power electronic switching. Their dynamics are therefore complex and occur at faster

timescales (microseconds to milliseconds) compared to electromechanical generation.

During system disturbances, e.g. faults, IBRs limit their fault current magnitude and
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modulate their voltage and current angles. The dependability and reliability of phasor-

based protection elements, designed for based on fault behaviour of SGs, may be ad-

versely impacted, as evidenced by several real-world events [94].

Furthermore, depending on how the IBR control is designed and implemented, IBR

may respond to system disturbances in an unexpected and undesired manner. System

events and minor disturbances (e.g. capacitor switching, faults) may result in distor-

tions, ramps or step changes in voltage and current waveforms at the PCC of an IBR.

In some cases, IBR control’s response to such conditions was found to lead to oscilla-

tions, distortions in its outputs and even unintended disconnection of IBRs after faults

were cleared [23]. This has been attributed to control design and limitations of the

internal measurement and filtering processes of IBR controllers in handling distorted

waveforms [94]. An example of this occurred in the Blue Cut Fire (USA) when a phase

step resulted in an incorrect frequency measurement within an IBR control loop, leading

to the disconnection of a 1200MW rated IBR [95].

Figure 2.5 compares a simulated IBR output current waveform of a faulted phase

during a phase to earth fault and the corresponding phasor magnitudes. It can be

seen that the transient response of the IBR is not captured by the PMU measurement.

This may become more important for detection and protection devices as fault limiting

may negatively impact legacy protection. Synchro-waveforms are therefore import-

ant in characterising IBR dynamic responses that may be filtered out by fundamental

synchrophasors. Post event analyses of actual synchro-waveform measurements have

highlighted the complexity of IBR dynamics, which includes fluctuations in BESS fault

current magnitudes [94], and different responses in several IBRs for the same event [23].

Further characterisation and understanding of IBR dynamics remains an active research

area.
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Figure 2.5: Comparison between waveform and PMU measurements of an IBR transient
response: (a) waveform, (b) PMU

IBR-driven Sub/Super Synchronous Oscillations

IBR-driven oscillations are influenced by a wide range of complex mechanisms and root

causes, some of which are still not fully understood [96]. The IEEE IBR SSO taskforce

has collated root cause analyses of oscillation events across several countries [97, 98].

Table 2.4 presents a summary of representative examples of historically observed IBR

driven SSO events. IBR control interactions, improper control tuning and resonances

between network elements and/or system conditions have all been implicated in actual

events.

A key finding from analysing waveform measurements from historical SSO events

is the presence of both sub-synchronous and super-synchronous oscillation components

centred around the fundamental frequency. These components are sometimes referred

to as sideband oscillations or wideband oscillations, and have been attributed to the

synchronous reference frame transformations (dq to ABC) of IBR controllers [99, 100].

The oscillations also occur at inter-harmonic frequencies and within a wider frequency
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range (0− 2× nominal frequency) compared to electromechanical oscillations (EMOs)

(< 5Hz) associated with SG.

As discussed in Section 2.1, standard compliant PMUs measure and report funda-

mental synchrophasors with strict filtering requirements around the nominal frequency.

EMOs are relatively slow compared to PMU processing windows and can therefore be

tracked as oscillations in the RMS phasor quantities over successive measurement win-

dows. However, PMUs are subject to aliasing and attenuation (due to filtering) when

measuring sub/super synchronous inter-harmonic components. Due to the reliance of a

fundamental cosine reference, inter-harmonics may result in the measured fundamental

phasor being modulated at the sub-synchronous frequency as analysed in [101].

Figure 2.6 compares waveform and PMU measurements, along with their respective

frequency analyses, from an actual SSO event in the North China power grid with data

available from [102]. This example and the comparison highlighted in Table 2.4 show

that critical information relating to the sub/super-synchronous components can be lost

due to the PMU processing.

Table 2.4: Examples of past IBR-driven SSO events [97,103,104]

Event Mechanism SSO Frequency
PMU Waveform

2021 Dominion
Energy USA [103]

Weak grid
interaction with
solar plant voltage
control loop

∼ 22Hz 38 Hz and 82 Hz

2015 Hydro-One
Canada [97]

Weak grid
interaction with
solar plant current
control loop

20 Hz 80Hz

2020 Australia West
Murray Zone [104]

Weak grid
interaction with
multiple IBRs

∼ 19Hz ∼ 33Hz and ∼ 67Hz
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Figure 2.6: Comparison between waveform and PMU measurements for an SSO event
available from [102]

2.3.2 Data Analytics

The granular details captured by synchro-waveforms present an opportunity to create

rich datasets suitable for pattern recognition applications. Figure 2.3 illustrates an

example where distortions in the event waveforms may result in unique event signa-

tures that can be used to train supervised machine learning based event classification

algorithms [105, 106]. Unsupervised learning and system identification techniques can

also be applied to discover approximate representations of complex power system (in-

cluding IBR) dynamics [107].

Adopting such algorithms will require the curation and storage of large, historic

synchro-waveform datasets. A generalised architecture of the infrastructure to support

large synchro-waveform datasets is presented in [23]. Relevant measurements from local
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(edge) SWMUs, along with associated metadata or event labels, can be stored into ac-

cessible data repositories, e.g. the Grid Event Signature Library (GESL) [108]. AI/ML

applications can then be hosted in cloud-based servers. Leveraging cross-discipline ex-

pertise in information technologies, data analytics and power systems will be important

for deriving valuable insights from synchro-waveform data.

However, a key barrier to adopting data informed event detection and characterisa-

tion techniques remains access to suitable datasets for the training, testing and valid-

ation of data-driven solutions. The higher resolution of synchro-waveforms can better

retain diagnostic information, but large data volumes make curating such data difficult.

Improved synchro-waveform processing methods that retain information available at

higher resolutions while reducing streaming and archival requirements will be essential

for converting rich synchro-waveform data into actionable insights.

2.3.3 Monitoring Application Requirements

Table 2.5 compares the suitability of synchrophasors and synchro-waveforms for several

power system monitoring applications. PMU measurements have been used to suc-

cessfully detect, characterise and locate various abnormal conditions [109]. However,

high-resolution synchro-waveforms may allow for improved analysis of a wider variety

of anomalous events. EMO monitoring using PMUs are fairly mature [49], and synchro-

waveform measurements may not yield any significant benefits relative to the required

investment for this particular application. PMU measurements may be able to detect

IBR dynamics (e.g. via sub-synchronous oscillations or step changes in phasor out-

puts), but synchro-waveforms (or improved features derived from synchro-waveforms)

are becoming increasingly critical to characterise these dynamics.

From the above discussions, it can be seen that synchro-waveforms offer compelling

benefits in better facilitating and enhancing many applications, but the associated pro-

cessing, communication and storage requirements may hinder its adoption. Investments

in SWMUs and supporting infrastructure may be warranted in areas of the network with

a high penetration of IBRs. Considering the limitation of PMUs along with the large

data volume challenges of raw synchro-waveforms, a new approach that balances accur-
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ate measurements of IBR dynamics with reduced data volumes is therefore required.

This can be achieved by improving the way the raw synchro waveform signal is processed

and represented. Measurement algorithm designs should not rely solely on an assumed

fundamental reference (as in conventional PMUs) but rather seek to extract the use-

ful information contained in the input synchro-waveforms. Ideally, SWMU processing

methods will require limited prior knowledge of the dynamics associated with abnormal

events, and will thus be adaptable to a variety of present and future conditions such

as faults or emerging IBR dynamics. SWMUs should also, in the near term, operate

with similar or minor additional supporting infrastructure associated with conventional

PMUs.

Table 2.5: Measurement requirements for different applications

Application Synchrophasor Synchro-waveform

Event detection and
classification

✓✓ ✓✓✓

Locating Transients ✓ ✓✓✓

EMO detection and
localisation

✓✓✓ ∗

IBR-driven dynamics ✓ ✓✓✓

State estimation ✓✓ ✓✓✓

Rotor
Angle/Voltage/Frequency

stability

✓✓✓ ∗

Resonance /
Converter-driven stability

✓ ✓✓✓

∗ Not required
✓ Limited
✓✓ Suitable

✓✓✓ Preferred
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2.4 Chapter Summary

This chapter presented a state-of-the-art review of power system monitoring techniques

and applications. Synchrophasor measurements, available from PMUs, have been adop-

ted for a wide range of applications including event detection, electromechanical stabil-

ity assessment and monitoring EMOs. Real-time PMU based monitoring is therefore a

key enabler for maintaining power system security, reliability and resiliency. However,

standard PMUs assume a sinusoidal reference at the nominal frequency when processing

voltage and current waveforms, with band-pass filtering around this frequency. There-

fore, conventional PMUs measure and report fundamental synchrophasors even if the

input conditions deviate from the assumed reference conditions.

This Chapter further discussed the limitations of the PMU in accurately capturing

certain system dynamics, with examples including the measurement of distorted wave-

forms during power system transients and the presence of inter-harmonic oscillations.

The review highlighted that such conditions can be present in the waveforms of utility

ignition events (transient arcing signatures), IBR induced oscillations (inter-harmonics)

and other emerging phenomena. Such events can have greater impacts in IBR domin-

ated systems operating under increasingly stressed conditions (e.g. loading or weather).

Inaccurate monitoring can therefore lead to such events propagating throughout the

network potentially resulting in outages, and even damages to infrastructure and life.

Simply increasing the resolution of PMU measurements is not suitable as phasor

estimation algorithms and standard requirements attenuate information that is different

from the assumed fundamental reference. Voltage and current synchro-waveforms have

emerged as an alternative measurement technology that can address the limitations

of standard PMUs due to their ability to fully capture power system dynamics. A

review of monitoring requirements for existing and emerging applications, conducted

in this Chapter, showed that while PMUs will remain a key monitoring tool, richer

information retained by synchro-waveforms can improve certain applications. Examples

of this include improved diagnostic information for event classification and improved

oscillatory monitoring for stability analyses.
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However, high processing, communication and storage requirements associated with

continually streamed measurements limit SWMU adoption as well as further investiga-

tion into synchro-waveform based applications. A review of emerging synchro-waveform

processing methods, along with existing communication protocols, found that compres-

sion and feature extraction algorithms can produce outputs that are more suited to

existing supporting infrastructure. However, the majority of proposed SWMU methods

have been application specific and thus incompatible with each other and unsuitable

for concurrent applications (unlike standardised PMUs). This impedes the wide-area

adoption of SWMUs, thus limiting the diagnostic information that can be extracted by

real-time monitoring solutions during emerging phenomena in IBR dominated systems.

The review conducted in this Chapter has uncovered several research gaps that

require further attention to improve power system monitoring in the context of IBR

rich systems:

1. Improved (near-term) monitoring solutions compatible with both traditional PMU

measurements and higher-resolution synchro-waveforms are required to accurately

detect and monitor emerging IBR behaviours.

2. Generalised synchro-waveform processing methods that are capable of accurately

measuring a variety of anomalous conditions while remaining compatible with

existing supporting infrastructure are required to support the near-term, wide-

scale adoption of synchro-waveforms.

3. The development and demonstration of data-driven applications, that utilise the

improved insights offered by synchro-waveforms (or processed SWMU algorithm

outputs), are required to improve situational awareness and inform improved

decision-making in IBR rich power systems.
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Early Warning of Power System

Oscillations

The integration of IBRs has resulted in the emergence of new oscillatory behaviours.

IBR driven oscillations manifest across a wider frequency range, and their underlying

mechanisms remain a subject of active investigations and ongoing research [96]. In 2023

and 2024, the GB power system experienced several sub-synchronous oscillation (SSO)

events. The national electricity transmission system security and quality of supply

standard (SQSS) [110] defines SSO as oscillations at frequencies less than the power

frequency (50Hz) arising from interactions between certain elements of the system such

as generator shafts, converter controllers, etc. It is noted in an SSO working group

report that the term SSO does not include electromechanical oscillations associated

with rotor swings which also occur at frequencies below the synchronous frequency

[111]. Furthermore, the SQSS defines unacceptable SSOs as oscillations with negative

or insufficient damping.

The impact of an SSO can vary depending on the magnitude and how quickly it

is damped [110]. The GB SSO events analysed in this Chapter had a relatively larger

impact in Scotland [16], which contains a high penetration of IBRs with approxim-

ately 17.6 GW of installed RES capacity accounting for 70.3% of annual electricity

generation [112]. Post-event investigations typically involved modelling the behaviours
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of potential IBRs that could potentially contribute to the oscillations under different

operating scenarios, based on which the underlying mechanisms were analysed, thus

informing mitigations. Mitigating actions include disconnecting and retuning suspected

units, tuning IBR controllers, reconfiguring network topology to change unfavourable

operating conditions, etc. Among the various historical oscillation events that occurred

in the GB system, there were instances where generators not involved in the SSO were

unexpectedly disconnected during the events, highlighting the severe consequences of

such oscillations [16].

The presently widely adopted approach that uses physics based modelling for un-

derstanding SSO events can face significant challenges of IBR model accuracy, transpar-

ency and complexity [113]. Measurement based analysis has previously been demon-

strated in characterising trends in the behaviour of electromechanical inter-area os-

cillation modes [55]. This research therefore aims to understand and identify trends,

patterns and correlations associated with IBR driven SSO events. It is achieved by com-

prehensive analysis of synchronised measurements of real-world events that occurred in

the GB system, thus reflecting the actual system dynamics. The findings will reveal that

by correctly identifying certain measurement signatures, it has the potential to enable

real-time, early SSO warning and detection, thus building upon previously reported

analyses of [16].

This chapter starts with an analysis of SSO events over an 18-month period captured

by a PMU connected to the LV distribution network at the University of Strathclyde,

located in Glasgow, Scotland. The analysis uncovered precursory signs in the form

of low magnitude (close to noise level) oscillations, manifesting as observable spectral

power levels at particular frequencies in the frequency spectrum of the PMU measure-

ments. These precursors can serve as early indicators of oscillatory instability. Statist-

ical change-point analysis is therefore applied to identify segments of historical meas-

urements that contain precursors to inform the design of an SSO state classifier. The

proposed oscillation state classification tool can detect precursory signs in incoming

PMU measurements, thus providing an early warning of system oscillations. Addition-

ally, it will be shown that relying on traditional measurement technologies, i.e. PMU
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measurements and triggered waveforms, for capturing emerging SSOs has faced limita-

tions. Based on the analysis, recommendations to improve measurement algorithms and

incorporate additional system data for improved monitoring of IBR driven dynamics are

also identified, which inform the PhD’s work reported in Chapter 4.

3.1 Analysis of Historic Oscillation Events in the GB

System

3.1.1 Live Grid Monitoring and Visualisation Platform

The Live Grid Monitoring and Visualisation Platform (LGMVP) is an open platform

developed and maintained by the University of Strathclyde for real-time visualisation

of the GB grid status [114]. It acquires and archives PMU data from an LV measure-

ment point in Glasgow, Scotland, along with system operational data from Elexon [115]

and the National Energy System Operator (NESO) data portal [116]. The PMU is

a Schweitzer Engineering Laboratories, SEL-451 protection, automation and bay con-

trol device with built in real-time synchrophasor capability and configured for M-class

measurement performance with narrow bandwidth filtering around the nominal fre-

quency [117]. The PMU data consists of phase voltage magnitude reported at 50

frames/second and archived using the openHistorian software [118]. The GB system

data includes generation mix (including the inter-connectors) [115], system demand [115]

and system inertia levels [116]. It should be noted that the system operating conditions

may be reported at different time intervals, and may need to be updated or corrected for

market actions. Further utilisation of this data will require alignment strategies. In this

research, archived PMU phase voltage magnitude data from April 2023 to October 2024

were collated and analysed in detail, only. Pre-processing was also conducted to remove

data-quality issues. Missing data were approximated via linear interpolation and PMU

outages were removed from the dataset. All times are in coordinated universal time

(UTC).
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3.1.2 Key Features and Trends of Observed Oscillation Events

Figure 3.1 illustrates an actual oscillation event observed in the GB network in the

summer of 2023, as corroborated by the system operator [16, 119]. The oscillation was

present in the system for approximately 40 seconds, with an observed amplitude of

approximately 1.4% of the nominal voltage and a frequency of 8.3 Hz. It can be seen

that the SSO initially has a large negative damping ratio (calculated using Matrix pencil

method [120]), and then remains critically (0 damping) damped for the duration of the

event, thus satisfying the unacceptable SSO condition of the SQSS.
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Figure 3.1: SSO event

A total of 42 similar SSO events were observed in the dataset between April 2023

and October 2024. It should be noted that at the time this research was conducted

the published report from the system operator [16] mentioned that SSOs were observed

in January and May of 2024 but exact dates and further details were not publicly

available. In this analysis, SSO events are large amplitude oscillations similar to Figure

3.1 with poorly damped conditions (≤ 0 damping i.e., critically damped or undamped),

consistent with the unacceptable SSO conditions in the SQSS [110]. Initially, guidance

from publicly available system operator reports [16,119] was used to obtain event dates

of interest. It should be noted that several of these events occur across the same day

and may be linked to the same initiating condition.

The key features of the oscillations that were focused on in the study include fre-

quencies, amplitudes and durations of these events. Figure 3.2 shows that the majority

of events manifest as the 6-8 Hz oscillation in phasor voltage magnitude. A 9-12 Hz

49



Chapter 3. Early Warning of Power System Oscillations

oscillation frequency band has also been observed (although less often), showing the

variation in SSO events. The oscillation amplitude measured at the PMU location

ranged from 0.5% to 1.5% of the nominal voltage and the durations usually lasted for

several seconds (5-10s) but can persist for several minutes.
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Figure 3.2: Distribution of GB oscillation event properties for the 42 unacceptable SSO
instances: (a) frequency, (b) amplitude, (c) duration.

3.2 Precursory Signatures of Oscillation Events

3.2.1 Precursor Oscillation Signatures in the Time-Frequency

Domain

To further analyse these events, a time-frequency analysis was conducted using the

short-time Fourier Transform (STFT) to obtain the spectrogram of the voltage phasor

magnitude. The STFT consists of performing a DFT across multiple sliding windows

and aggregating the results. Window effects are mitigated using a combination of win-

dow functions and overlapping. This minimises the impacts of discontinuities that

lead to spectral ringing (Gibbs phenomenon) [121]. Examining the spectrogram (time-

frequency representation) enables the detection of multiple frequency components and

their evolution through time, allowing for a more informative analysis [122].
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A key finding of this analysis is that there appear to be low-amplitude, close-to-

noise-level (< 0.1% of the nominal voltage) oscillations in the time domain, which can

be more clearly observed in the frequency domain as illustrated in Figure 3.3. In this

research, these are referred to as precursory signs, which preceded the large amplitude

(∼ 1.04%) SSO event illustrated in Figure 3.1. Similarly, these precursors occur in many

SSO instances, as will be discussed in detail in Section 3.2.2. These precursor signs may

indicate the system is entering a region of marginal stability, thus their detection can

serve as a risk indicator, highlighting the potential for the system to transition to an

oscillation state. However, the spurious nature and close to noise level amplitudes

of the identified precursor mean that simple thresholds (e.g., time-domain magnitude

thresholds) may not be suitable for their detection.
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Figure 3.3: Precursor stage and SSO event observed in GB network
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3.2.2 Identifying Precursory Signatures in Historic Data via Change-

point Analysis

The large amplitude oscillation events can be detected by simple and intuitive methods

(such as time domain thresholds, modal analysis), however, precursor oscillations are

close to noise levels. As oscillations are periodic, the spectral energy of the voltage

magnitude measurements will be concentrated around the frequency of the oscillation.

Measurement segments with oscillations will therefore have less variance in the distri-

bution of the spectral energy compared to measurement segments without oscillations.

Changes in the statistical properties of the distribution of spectral energy can therefore

suitably identify potential precursors, while an empirically determined threshold on the

variance of spectral energy of segments can be used as a simple and intuitive method to

characterise the segment as oscillatory. To identify the potential precursor signatures

from the large amounts of historic data, this research therefore applies change-point de-

tection (CPD) to the time-frequency spectra of the PMU measurements. Change-points

are abrupt deviations in structured data that coincide with changes in the properties

of the system that generates the data [123]. CPD is the task of locating the time in-

stants coinciding with these change-points [124]. CPD has been previously applied to

time domain PMU measurements for event detection [125]. This research extends this

concept to the time-frequency spectra of PMU measurements to detect changes in the

oscillatory structure of the measurements.

Offline CPD, which processes the entire historic data record at once to locate K

change-points, is applied. Consider a random and non-stationary process, Y , producing

an ordered sequence of synchronised measurements {Y0, Y1...YT }, consisting of T real-

valued samples with time instants {t0, t1...tT } . Some characteristic of Y may change

abruptly at K, unknown instants {tk1, tk2...tK}. Y therefore consists of K + 1 seg-

ments {(t0 : tk1), (tk1 : tk2), ...(tK : tT )}, each with probability distribution functions,

F1(θ1), F2(θ2), ...FK+1(θK+1), where θ represents the statistical properties that define
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each distribution. CPD is defined as evaluating [124]:

H0 : F1(θ1) = F2(θ2) = ... = FK+1(θK+1)

H1 : F1(θ1) ̸= F2(θ2) ̸= ... ̸= FK+1(θK+1)
(3.1)

where H0 is the null hypothesis that the observation window is homogenous (no change-

points) and H1 is the alternative hypothesis that the data consist of segments char-

acterised by probability distributions with different and abruptly varying statistical

properties, e.g. mean and/or variances.

CPD seeks to find the optimal segmentation described by the change-points, {ti, ...tK}

that minimises the following [126]:

K+1∑
i=1

[C(Yti−1 : Yti) + λ] (3.2)

where C is a cost function for a segment that measures how well an estimated statistical

parameter explains the observed data in the segment; λ is a penalty term to prevent

over fitting and the indices t0 and tK+1 of the expression (3.2) are set as the first, (t0),

and last (tT ) data-point in the observation window, respectively.

Solving (3.2) involves taking a candidate change-point and estimating statistical

parameters for each of the resulting two segments based on the samples within each

segment. This can be done using maximum likelihood estimation, which, for a given

segment (Yti−1 : Yti) of measurements, estimates the values of θ that have the highest

probability of producing the observed measurement [126]. The ability of the estimated

statistical parameters to represent each point within the segments is then found by find-

ing the residual between the observed data point and the estimated value as predicted

by the estimated statistical distribution. If the candidate change-point coincides with

an abrupt change in statistical parameters, the residuals across both segments will be

small. In contrast, if the change-point is within a segment, there will be a larger re-

sidual. This process is therefore repeated for different possible candidate change-points

until the index that results in a segmentation that minimises the residuals is found.

This will be the most prominent change-point, corresponding to the biggest shift in the
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underlying distribution of the data. This entire process can then be iteratively repeated

on the resulting segments to find all possible change-points until a stopping criterion

is met. This optimisation problem can be solved using a dynamic programming ap-

proach with a maximum number of change-points specified as described in [126] and

implemented in [127].

CPD is applied to the spectrogram of the phase voltage magnitude to detect abrupt

changes in the distribution of spectral energy. The DC component is first filtered out,

after which an STFT is applied using a 1024-sample Hamming window (approximately

20s) with a 512-sample overlap (approximately 10s). Figure 3.4 highlights the outputs of

the CPD algorithm for the period 11th to 12th June 2023. The CPD algorithm identified

four distinct segments defined by the marked changepoints. Figure 3.5 demonstrates

the distributions of frequencies that produce the highest spectral energy across each

time instant for each segment identified by the CPD algorithm and Table 3.1 highlights

statistical properties of the distribution of frequencies in each segment.
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Figure 3.5: Change-point segment analysis

Table 3.1: Segment statistical properties

Property Segment 1 Segment 2 Segment 3 Segment 4

Mean 8.09 7.26 8.31 8.56
Variance 0.15 2.43 0.07 0.21

The analysis demonstrates the mechanism of statistical CPD. It can be seen that

the segments of either side of a change-point have different properties, particularly in

terms of the variance in the distribution of spectral energy. As shown in Figure 3.5 and

Table 3.1, Segment 4, which contains the known oscillation event, has less variance in

the distribution of spectral energy around the frequency of the oscillation. In contrast,

segment 2 contains a much larger variance due to the presence of randomly distributed

noise and the absence of any oscillations.

Figure 3.3 presents a magnified view of segments 3 and 4 identified in Figure 3.4,

highlighting the precursory stage and the SSO event. This result provides evidence

that the oscillation mode existed in the system prior to the SSO event and the system

may be operating in a region of marginal instability. As illustrated in Figures 3.4 and

3.3, the precursor stage could appear and last for a period of hours before the actual
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SSO. At the onset of the SSO event, some change in operating condition would have

triggered a further degradation in the damping of the oscillation mode, causing the

system to transition from the precursor state to an SSO event. Another interesting

finding is that there appears to be a similar precursor stage in segment 1 of Figure

3.4. However, this precursor did not appear to lead to an SSO event (as seen at the

PMU location). This indicates that an oscillation mode may be present in the system,

but no change in operating point to exacerbate the mode occurred, and/or a change in

operating point ended up damping out the mode. The identification of these precursory

oscillations provides additional insights and information than the analysis presented

in [16, 98], which focused only on the large amplitude SSO events. This could serve as

valuable indicators for informing SSO risks and potential mitigating actions.

The CPD described above was applied to the 2023-2024 phasor voltage magnitude

dataset. For each resulting segment, the frequency corresponding to the highest spec-

tral energy at each time instant evaluated by the STFT was noted. The variance in

the distribution of these frequencies across the segment was then estimated. The study

also performed an analysis of these results to detect segments that contained actual

SSO events and precursors. This is achieved using an empirically determined variance

threshold of 0.5, which is set based on the analysis presented in Table 3.1 and examining

other examples from the same dataset. Segments with variances below this threshold

were determined to be oscillatory. Manual verification was performed, based on which

a list of SSO events and precursor states was compiled. Figure 3.6 illustrates a timeline

of precursor and SSO events in the summer of 2023. It is observed that, while not all

precursors lead to an SSO event, all SSO events in the study period have an associated

precursor state. The precursors consistently appeared in the system from minutes to

hours before the SSO events, as illustrated in Figure 3.7. The longest duration of a

precursor state was found to be approximately 6 hours providing an opportunity for

monitoring algorithms to provide early detection of an event. Precursor oscillations

therefore persist for operational timescales that allow mitigating actions to be taken,

for example, actions to improve system strength including network reconfiguration, or

synchronous generation dispatch. Therefore, early detection of these precursor states
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can improve the situational awareness of system operators and potentially enable mit-

igations.
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Figure 3.6: Occurrences of precursor stage and SSO event observed in GB network
during summer 2023
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Figure 3.7: Distribution of precursor durations

3.3 Early Warning of System Oscillations

From the analysis conducted in Section 3.2, it can be concluded that the system can

be categorised into three distinct system states for the purpose of SSO monitoring, i.e.

SSO event, Precursor and Normal, which are illustrated in the examples shown in Figure

3.8. It is observed that spectral power at the oscillation frequency dominates during an

SSO event, while it is less distinguishable during precursory signatures. Both of these

instances appear to be different from the distribution of spectral power during normal

conditions. However, precursors are difficult to differentiate from background noise.

Applying thresholds to time-domain measurements and/or modal analysis, as adopted
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in the GB VISOR WAMs [45], is more suited to detecting relatively larger amplitude

SSO events, but may face limitations in detecting precursor signs. These limitations can

be addressed by a data-driven approach utilising the time-frequency features illustrated

in Figure 3.8 and pattern recognition.

SSO Event Precursor Normal

1010 1010 1010

00 0000

Figure 3.8: System oscillation states

3.3.1 Oscillation State Classification

To facilitate online oscillation detection, an AI-based system state classifier, trained on

patterns identified from the results of the change-point analysis, has been developed.

The classifier is trained to identify patterns in time-frequency features that correlate to

a particular system state. Figure 3.9 provides an overview of the training process and

the classifier architecture.

The historic records are analysed and characterised using change-point analysis.

Training instances from each state are derived by windowing the relevant segments of

measurements. These are then input to a time-frequency convolution neural network

(TF-CNN), which incorporates the STFT as the feature extraction layer. The TF-CNN
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based classifier was selected for this application due to its ability to extract features

relating to harmonic and inter-harmonic structures, as well as patterns that character-

ise how the signal’s frequency content and distribution changes across the observation

window.
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Figure 3.9: Architecture of the system oscillation state classifier.

CNNs are multi-layer neural networks that extract and learn increasingly complex

features from structured data [128], e.g. the time-frequency spectrograms extracted

from the voltage phasor magnitudes in this work. In the convolution layer, two-
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dimensional convolutions with local, learnable filters are applied to capture patterns in

both time and frequency domains. A non-linear transform is performed to the output

of the convolution layer to allow for more complex patterns (non-linear dependencies)

to be represented. The pooling layer down-samples and aggregates the extracted fea-

tures, retaining the most important features and helping to reduce over-fitting. Stacks

of the convolution, non-linear operation, and pooling layers form the feature extraction

portion of the CNN. The successive layers learn local patterns as well as increasingly

complex global dynamics across the observation window. Finally, the fully connected

layer combines the learnt features and calculates the probabilities of the input belonging

to each class. The class with the highest probability is chosen as the predicted class.

A TF-CNN, with an STFT layer followed by two feature extraction layers, is util-

ised in the proposed classifier. In the supervised training phase, the filter weights are

optimised by minimising a training loss function. This loss function quantifies the dis-

crepancy between the predicted class probabilities and the true labels. Optimisation

is performed using gradient-based methods, such as stochastic gradient descent [129].

Accuracy on a validation test set is also calculated and compared to training loss to

quantify the generalisation of the trained model and prevent overfitting on the training

data. The CNN settings and model configuration parameters, typically referred to as

hyperparameters, are initially set and can be tuned empirically during the validation

stage [130]. The non-linear operation is performed via the rectified linear unit activation

function, which drives negative values to zero [131]. Max pooling is used to aggregate

and retain prominent features. The soft-max activation function is then applied to

the outputs of the neural network to scale them to class probabilities. The preceding

functions and model hyperparameters are utilised in CNN classifiers for a wide range of

fields including image recognition [130] and power system fault classification [132] and

are therefore considered suitable for this application. Mathematical descriptions and

practicalities of the choice CNN model hyperparameters are summarised in [128,130].

The proposed system state classifier therefore aims to detect not only oscillation

events but also potential precursor states, which, as discussed previously, can serve as

important insights for providing an early warning of the risk of oscillatory instability.
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3.3.2 Performance of the System State Classifier

The curated training dataset consists of 5-second windows of 22 SSO, 245 Precursor and

420 Normal instances derived using the results of the change-point analysis described

in Section 3.2. The SSO instances are derived from the 42 SSO events with observable

large amplitude in the time domain and poor damping, while the Precursor instances

were labelled manually via inspection of both the time-domain measurements and spec-

trograms of the segments returned by the change-point analysis. The Normal instances

include windows from different time periods, in which no oscillation was detected in

order to capture different trends and a wide variety of noise patterns.

The data were split into a training set (70%), validation set (10%) and an out of

sample test set (20%). All event and precursor windows from a suspected SSO event

were assigned exclusively to one of the training, validation, or testing sets. This ensured

that oscillatory samples from the same suspected event do not appear in more than one

subset. To address the relatively smaller number of available SSO event instances, class

weights inversely proportional to the distribution of the three classes were applied in the

classification layer so that errors on the minority SSO class contributed more strongly

to the training loss. Figure 3.10 illustrates the training and validation accuracies and

losses. Accuracy represents the proportion of correctly classified samples, while loss

measures the classification error including how confident the network is in its predic-

tions. These metrics are calculated at each training iteration, on the training data used

to update the model and a small out of training validation set. The consistent trends

between the training and validation set show that the model training is not overfitting

but rather finding discriminative information in the training data. Overfitting is typic-

ally characterised by a continued improvement in training accuracy and loss while the

corresponding validation metrics plateau or deteriorate. This results in a widening gap

between the training and validation curves. In this case, the training and validation

trends remain closely aligned, suggesting that significant overfitting is not observed.

61



Chapter 3. Early Warning of Power System Oscillations

Iteration
200 400 600 800 1000 1200

A
cc
ur
ac
y	
(%

)
0

20

40

60

80

100
(a)	Training	and	validation	accuracy

Training
Validation

Iteration
200 400 600 800 1000 1200

Lo
ss

0

0.5

1

1.5

2

2.5

(b)	Training	and	validation	loss

Training
Validation

Figure 3.10: Training performance of the TF-CNN classifier.

Figure 3.11 illustrates the performance of the developed system state classifier by

presenting the confusion matrix that compares the true class labels with the predic-

tion produced by the TF-CNN classifier on the out-of-sample test set. Two additional

metrics, i.e. Precision, P , and Recall, R, are also calculated as:

P =
TP

TP + FP
, (3.3)

R =
TP

TP + FN
. (3.4)

Precision is the ratio of true positive (TP ) predictions to the total number of positive

predictions, including false positives (FP ). It highlights how often the predictions made

by the model are correct. Recall is the ratio of TP to the number of positive instances,

which include TP predictions (correctly classified), and false negative (FN) predictions

(misclassified). It represents the classifier’s ability to accurately identify all instances

belonging to a specific class. An ideal classifier will have both high Precision and Recall.
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The F1 score reflects an average performance of these two scores as:

F1 = 2 ∗ P ∗R
P +R

. (3.5)
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Figure 3.11: Performance of the TF-CNN classifier.

The results indicate that the proposed system state classifier can distinguish between

Precursor and Normal classes. The classifier can achieve the task successfully in the

majority of the cases, but can misclassify true Precursor signatures as Normal conditions

in some instances. This is indicated by the loss in recall associated with the Precursor

class and the loss in precision associated with the Normal class. The implication of this

is a delayed detection of a precursor signature, possibly until it is more distinguishable

from background noise. Additionally, the high recall of the Normal class and the high

precision of the Precursor class show that the classifier does not misclassify a true

Normal condition as a Precursor event for the out-of-sample test set. This is desirable

as it reduces the occurrence of spurious alarms. Early SSO event windows may also be

initially detected as precursor windows until the SSO becomes more prominent. The

ML model is therefore best suited for precursor detection and can be used in conjunction

with traditional modal analysis for poorly damped SSO event detection.
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Table 3.2 displays the F1 scores per class, highlighting the performance of the pro-

posed classifier. These results demonstrate the potential for data-driven oscillation

classification tools to accurately identify SSO events and precursor states in the pres-

ence of noise and can therefore form part of an early warning oscillation monitoring

tool.

Table 3.2: TF-CNN F-scores

SSO Precursor Normal

F-score 0.727 0.902 0.791

A supervised learning approach has been applied to develop and train the TF-CNN

system state classifier using a single measurement location. This has been shown to be

capable of identifying the precursory and oscillatory state of the system. The proposed

ML classifier can be used for detection of the normal, precursor and SSO states, but

it cannot give a quantitative assessment of the oscillatory state of the system. It also

does not incorporate current or power measurements, nor does it account for phase

angle or the spatial dynamics captured from multiple measurement points. Therefore,

the proposed algorithm does not give further insight into the cause of the SSO, how

it propagates across the network or the potential SSO source location. Furthermore,

the methods presented did not consider correlations between SSO states and system

conditions. Therefore, the findings do not give insights into the mechanisms that cause

the system to transition between the Normal, Precursor and SSO event states, which

represents future work for the PhD research.

3.3.3 Proposed Framework for Detecting and Quantifying Oscillation

Risks

To address these limitations, a framework that integrates a data-driven approach with

domain knowledge is developed and illustrated in Figure 3.12. This framework expands

the proposed analysis and algorithm by incorporating an improved dataset of multiple

measurement locations, and more granular system operating conditions, (e.g. generator
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outputs and system conditions in Scotland). This data can be further combined with

learnings from past event investigations. The aim of the proposed data-driven frame-

work is to supplement the limited oscillatory state detection of the previously proposed

ML model with the ability to give insight into the event cause and quantify the risk that

the system state may transition from one state to the next based on patterns present

in previous events. This quantification can, for example, take the form of risk factors

based on system operating condition profiles learned from previous events.

As previously noted, system data including market data, inertia levels etc, will come

from different sources and different reporting rates and timestamps. Data alignment and

methods that combine PMU measurement data with system level data can be further

investigated and applied. The resulting high dimensional feature set will reflect the

complex dynamics of SSO mechanisms, including the influence of system conditions.
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Figure 3.12: Proposed data-driven framework for analysing and mitigating SSOs.

Feature space reduction techniques (e.g., independent component analysis or t-

stochastic neighbour embedding [133]) can identify key features and correlations as-

sociated with different system states. Explainable AI techniques and causality analysis

can also be investigated to link patterns to changes in system states. This process is

represented by the data informed pattern discovery block, as shown in Figure 3.12. The

output of this can be a database of historical events (as obtained in the analysis of

Section3.2) and corresponding features that can explain the present state of the system

and quantify the risks of SSO becoming more severe. This can then enable potential

preventative actions to move the system back to a normal state when a precursor SSO is
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detected. The proposed framework therefore aims to enhance the capability of the pro-

posed analysis and TF-CNN classifier from situational awareness (knowledge of system

state) towards decision support (quantification of risk).

This proposed early warning framework only requires existing measurement infra-

structure (but can incorporate higher resolution measurements if available) and is rep-

resentative of actual system dynamics. It can also work complementary to traditional

physics-based (modelling and stability analysis) approaches. Incorporating physics-

based constraints within the data-driven pattern discovery ensures that the discovered

patterns are meaningful. The learnt dynamics can then be used to tune models to better

reflect the real system, thus improving analytical techniques. However, a key barrier

to developing and implementing such a system remains the access to data, hence the

development and implementation of the framework will be investigated in future re-

search. This also highlights the need to improve dissemination of event learnings and

data across industry and research communities.

3.4 Limitations of Existing Monitoring Solutions for

Analysing IBR Driven Oscillations

The analysis conducted in this chapter highlights that PMU measurements can capture

SSOs as oscillations in the reported phasor quantities. However, as discussed in Section

2.1, standard compliant PMUs employ narrow bandpass filtering around the nominal

frequency. Analysis of waveform recordings from past events in other countries have

revealed sub and super-synchronous components centred around the nominal frequency,

as shown in [98]. PMU processing results in spectral mixing of these components as well

as aliasing in the reported measurements. This means that details of these oscillation

components can be lost. The use of PMU data will constrain the features utilised by the

proposed state classifier and early warning system, potentially leading to inadequate or

even inaccurate results. Existing research has also shown that the distribution of these

sub/super-synchronous components are related to the oscillation mechanisms and can

influence source location algorithms [98,134].
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Figure 3.13 shows an example of an SSO event [16] in the GB grid with multiple fre-

quency components in the reported phasor magnitude. Typically, waveform snapshots

from DFRs would be examined to determine if sub/super-synchronous components are

present. Waveform records from a PQube power quality metre connected at the same

location as the PMU in this study were examined. The PQ meter only triggered on

under-frequency after the large amplitude SSO event appears to have ended. However,

the close-to-noise level, precursory signs as discussed in the preceding analysis are seen

in the reported phasor measurements before and after the event, thus potentially being

captured by the PQ metre.
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Figure 3.13: Comparison of PMU and waveform analysis for GB SSO event described
in [16]

An initial analysis conducted by applying the DFT to the 16 cycles of phase voltage

waveform measurements, sampled at 6400 Hz (128 samples/cycle), did not uncover any

significant sub/super-synchronous components around the nominal frequency. However,
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it should be noted that the noise level and the low resolution of the DFT (6400/(128*16)

= 3.125 Hz), may impact its ability to separate closely spaced frequencies due to spectral

leakage. For example, the oscillation in the phasor voltage magnitude is ∼ 5.6 Hz. If

present, the suspected sub/super-synchronous oscillations will be at ∼ 44.4 Hz and

∼ 55.6 Hz, respectively. Since the nominal frequency is not exactly 50 Hz, some of the

spectral energy leaks into the adjacent DFT calculation points (50±3.125Hz) and if the

sub/super-synchronous components were present they would not be properly separated.

Improved filtering and interpolative methods exist (e.g., [84,85] as discussed in Sec-

tion 2.2.4), but the resolution can only be truly improved via longer observation win-

dows. The results are therefore inconclusive and a longer time window, as well as,

waveform measurements from the large amplitude SSO events would have allowed for a

more conclusive analysis.

This example highlights the need for the following improved monitoring capabilities

for IBR rich networks:

1. Improved waveform processing methods that extract details beyond fundamental

phasors.

2. Continuous monitoring and characterisation of abnormal conditions.

3. More robust and generalised event detection methods.

4. Improved signal processing methods that can detect multiple frequency compon-

ents of interest.

3.5 Chapter Summary

Emerging SSO events are attributed to a wide range of mechanisms, including IBR-

based dynamics that are less understood compared to electromechanical dynamics in-

duced mainly by SGs. This chapter analysed 18-months of real-world PMU data meas-

ured in Scotland. A total of 42 SSO events in the GB network, manifesting mostly

as 5-8Hz oscillations in the reported phasor quantities, were found. Offline CPD un-

covered the presence of precursors with low-amplitude, close-to-noise level oscillations in
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the time domain, which can be more clearly observed in the frequency domain. These

precursory signatures preceded the more severe SSO events and were present in the

system for several minutes to hours.

A TF-CNN based system state classifier was developed and trained using real-world

measurements. The proposed classifier can accurately categorise the state of the sys-

tem as Normal, Precursor or SSO, which can potentially be used by system operators

to enable early warning of SSO risks. A framework to extend the state classification to

incorporate insights from wide area measurements and system operating conditions to

further quantify this risk has also been presented. Finally, an example of an actual SSO

event in the GB network showed that typical monitoring via continuous PMU measure-

ments and triggered waveform recording may not be adequate for fully characterising

SSO events.

From the analysis, the following key recommendations can be summarised: 1) Sys-

tem operators, network owners, and academia should collaborate to share data and

learnings from actual SSO events to improve the overall understanding of these phe-

nomena and develop appropriate solutions and 2) The design criteria for emerging power

system monitoring methods should address the limitations of traditional PMUs for de-

tecting and analysing SSOs. This includes the ability to detect multiple oscillatory

components in a wider frequency range, as well as improving the frequency resolution

in order to detect and accurately measure (potentially) closely spaced inter-harmonic

frequencies.
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Chapter 4

A Generalised Synchronised

Waveform Processing Algorithm for

IBR-Dominated Power Networks

Accurate real-time monitoring of power systems under both steady-state conditions and

abnormal events, over both local and wide-area distances, is critical in ensuring and

maintaining power system security. The ability to detect and characterise abnormal

system dynamics are particularly important in IBR-dominated systems in order to take

timely mitigating actions. Chapter 3 demonstrated that conventional PMUs may not

accurately monitor IBR dynamics, while continuous streaming of synchro-waveforms

faces limitations associated with high data volumes. Real-time, utility level deployment

of SWMUs will therefore require a new suite of alternative methods to continuously

streaming high-resolution synchro-waveform data in an efficient manner, while main-

taining adequate accuracy, in order to be scalable for system-wide monitoring. This can

be achieved by appropriate processing of the raw waveform data and a review of such

synchro-waveform processing methods was conducted in Chapter 2. It has found that

the existing methods faces critical limitations as they are either application dependent

or lack the ability to adapt to different possible dynamics.

This chapter presents research to address the aforementioned gaps by developing
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a novel, synchro-waveform signal processing approach, referred to as the generalised

synchro waveform measurement unit (G-SWMU) algorithm. The G-SWMU algorithm,

retains the valuable information present in the original measurements for a wide variety

of conditions, while reducing the requirements of the supporting infrastructure. The

proposed G-SWMU algorithm addresses the limitations of previously reported applic-

ation specific SWMU algorithms by combining suitable signal processing methods to

detect and measure different components present in synchro-waveforms. Specifically, the

measurand (i.e. the quantity to be measured) of other processing methods are applic-

ation specific (e.g. focused solely on oscillation or transient), whereas the measurand

of the proposed G-SWMU is information based and encompasses a broader range of

phenomena, including both oscillatory and transient components. This is advantageous

as application specific processing will filter out other potentially relevant components

which will limit or even prevent the benefits of increased resolution being fully realised.

This is achieved by first generalising the steady state, fundamental phasor definition

to include different dynamics of interest. The G-SWMU algorithm decomposes the in-

put synchro-waveform into non-sinusoidal distortions and oscillatory components, each

of which is processed separately. The proposed G-SWMU algorithm therefore produces

fundamental phasor measurements under normal system conditions, with the capability

to adaptively detect and characterise abnormal conditions for efficient data processing

and transmission. The outputs of the algorithm are a sparse representation of broad-

band transients and multiple phasors at detected frequencies of interest. The proposed

G-SWMU algorithm therefore builds on previously reported processing methods by al-

lowing information present at higher sampling rates to be retained in a form that is

more easily transmissible with present supporting infrastructure.

Cases studies are presented to illustrate the proposed algorithm’s performance for

both synthetic and real world waveform measurements. Benchmarking against conven-

tional PMUs and state of the art synchro-waveform processing methods is also con-

ducted to highlight the relative strengths of the proposed algorithm. This chapter

also discusses design considerations and practicalities for real-time deployment of the

proposed algorithm.
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4.1 Problem Definition

The sinusoidal definition of a synchrophasor is adopted for use with alternating current

based power grids that conventionally utilise rotating machines to generate power [27].

As demonstrated by equation (2.4) in Section 2.1, this definition assumes the power sys-

tem is in a quasi-steady state condition, such that the system voltages and currents can

be accurately represented by fundamental phasors. It therefore does not take into ac-

count possible dynamics and/or transients present in waveforms resulting from abnormal

system conditions, e.g. phase/amplitude steps, arcing, faults, harmonic/inter-harmonic

oscillations, etc.

Figure 4.1(a)demonstrates the actual current waveform of a faulted phase for a cable

fault available from [108]. Step changes in amplitude and phase are observed, as well

as sub-cycle distortions. The resulting frequency spectrum, illustrated in Figure 4.1(b),

exhibits a broadband spectrum with energy distributed over a wide set of frequencies.

A broadband spectrum means that the continuous signal cannot be reconstructed by

a finite (and limited) set of sinusoidal components. The narrowband, fundamental

synchrophasor definition therefore cannot represent such signals accurately.

In contrast, oscillatory components, including the fundamental and (inter-)harmonics,

are narrowband. However, as previously discussed in Section 2.3.1 of Chapter 3, the fun-

damental reference phasor assumption, filtering and aliasing limit the ability of conven-

tional PMUs to capture all possible oscillatory information. To address the limitations

with the standard synchrophasor definition and measurement, this research defines an

alternate measurement definition based on the possible information contained in voltage

and current synchro-waveforms. An N sample, discrete power system signal, yn, can be

considered as the sum of three components:

yn =
∑

k
Ak cos(2πfkt+ ϕ0k) + Y TR

n + Y Noise
n (4.1)
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Figure 4.1: Broadband spectrum of a power system transient

The first term consists of k sinusoidal components, including the fundamental com-

ponent and possible (inter-)harmonics each with Ak amplitudes, fk frequencies and

ϕ0k initial angles. The second term Y TR
n describes broadband transients, and finally

the third term Y Noise
n captures noise, e.g. errors introduced during the measurement

process. By treating each component separately, a combination of appropriate signal

processing tools may be applied to decompose the signal into its constituent parts and

retain useful information while suppressing noise.

4.2 A Generalised Synchro-waveform Measurement Unit

Processing Algorithm (G-SWMU)

The proposed G-SWMU processing algorithm seeks to detect, separate and process

the different possible components in the input signal via a two-stage feature extraction

process as illustrated in Figure 4.2. The first stage applies a novel wavelet scale correl-

ation transient filter (WSCTF) that analyses correlations in wavelet coefficients of the

input signal to detect and represent transients, i.e. the Y TR
n term of (4.1). Further-

more, filtering, via applying certain thresholds of wavelet coefficients, is performed to
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decompose the input into its transient component and oscillatory component i.e. the∑
k Ak cos(2πfkt+ ϕ0k) term of (4.1). In the second stage, the multi-frequency phasor

extraction module utilises a novel iterative extended DFT based empirical wavelet trans-

form (I-EDFT-EWT) to detect and characterise the frequencies of interest present in the

smooth signal. After the signal is decomposed into its constituent modes, the Hilbert

transform (HT) is applied to extract instantaneous magnitudes, phases, and frequen-

cies of each sinusoidal component. The novel combination of the WSCTF and the

I-EDFT-EWT is also complementary, as the WSCTF removes broadband noise which

can negatively impact the convergence of the I-EDFT-EWT. The two-stage processing

via the WSCTF and the I-EDFT-EWT therefore allows for the measurement of tran-

sients as well as an increased resolution based phasor measurement across a range of

frequencies. Noise rejection is further incorporated within each stage via thresholds on

the proportion of overall signal energy associated with various signal components.

The outputs of the G-SWMU algorithm consist of a time-frequency based wavelet

representation of extracted transients and multiple phasors at the frequencies of interest

within the input signal. Under normal operating conditions, the proposed SWMU al-

gorithm produces a fundamental phasor, maintaining the functionality of conventional

PMUs. During abnormal events, the proposed SWMU algorithm adapts, via the flex-

ibility of the wavelet bases, to different possible system dynamics. This is done with

limited or no prior knowledge of the functional form of the system dynamics. The G-

SWMU algorithm processes waveforms locally and outputs sparse features relative to

raw synchro-waveforms. This reduces the need for additional infrastructure for stream-

ing to, storing and processing large centralised repositories of raw synchro-waveforms.

The G-SWMU algorithm therefore provides a tool for identifying and characterising

segments of interest within synchro-waveform measurements in an efficient and scalable

manner, thus addressing the limitations of conventional PMUs and existing synchro-

waveform processing methods. The components of the G-SWMU algorithm are de-

scribed in the subsequent Sections.
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4.2.1 Transient Detection and Characterisation via the WSCTF

This research utilises the time-frequency based wavelet transform to represent non-

sinusoidal, broadband distortions in power system signals. The theory and properties

of the wavelet transform utilised in the proposed WSCTF are first introduced, followed

by the design of the WSCTF for synchro-waveform processing.

Wavelet Transform for Power System Transient Analysis

The wavelet transform (WT) is a time-frequency based analysis tool that decomposes

a signal into multiple frequency bands while preserving time localised information of

the (local) frequency content of the signal, e.g. sub-cycle distortions [135]. This is in

contrast to the Fourier transform which extracts frequency information over the entire

(global) observation window. The WT analyses a signal using a set of functional bases,

called wavelets, derived from scaling and translating a mother wavelet, ψ, as:

ψa,b(t) = |a|−1/2ψ

(
t− b

a

)
, (4.2)
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where a is the scaling parameter and b is the translation parameter. As a changes, the

wavelet covers different frequency ranges. Larger values of a (i.e. lager scales) corres-

pond to lower frequencies, while smaller values of a (i.e. lower scales) correspond to

higher frequencies. Changing b shifts the position of the wavelet within the observation

window, thus facilitating time localisation.

The WT of a signal, x(t) is given by:

Wx(a, b) =

∫ ∞

−∞
x(t)ψ∗

a,b(t) (4.3)

where ∗ denotes complex conjugation. Figure 4.3 illustrates the WT for a power system

signal with a non-sinusoidal transient. The scaling parameter actually changes the

shape of the wavelet. The narrow time support of the a = 0.5 wavelet is better suited

to sharp short-time distortions. Equation (4.3) is equivalent to convolution. As the

wavelet slides across the observation window, the output of the convolution process

is highest where the wavelet shape is most similar to the input. This is reflected by

the larger wavelet coefficients that are aligned with the transient portion of the input.

For a larger scale parameter, the wavelet time support is larger and this is suitable for

smooth, low frequency (slow varying) components. This results in wavelet coefficients

that are reflective of the smoothed sinusoidal wave.

Comparing Figures 4.1 and 4.3 highlights the advantage of the WT to localise tran-

sients and represent broadband spectrums via discrete frequency bands. WT can there-

fore be applied in event detection and provides a sparse representation of broadband

transients. This means that an input signal with non-sinusoidal distortions can be reas-

onably reconstructed from wavelet coefficients across a specified and discrete number of

wavelet scales (frequency bands).

There are different possible implementations of WT depending on how the scaling

and translation are defined. The discrete wavelet transform (DWT) discretises the scale

parameter by integer powers of 2 (i.e. 2J), and proportionally translates the wavelet by

2Jm samples where m is a non-negative integer [136]. The DWT is equivalent to band

pass filtering of the input signal at 2J discrete frequency levels.
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It therefore filters frequency bands starting at the Nyquist frequency and halving

the range at each successive decomposition level, J . For example, for a 6.4 kHz signal,

the first scale will result in a frequency band of 3.2 kHz to 1.6 kHz, the second scale will

result in 1.6 kHz to 0.8kHz and so on. To ensure full coverage of the signal spectrum (i.e.

J th scale to 0 Hz) a low pass filter, known as the scaling function, ϕ(t) is applied [135].

WTs have been widely applied in power system event analysis [137] as well as power

system protection [138] and will be adopted in this research to process synchro-waveform

measurements.

Stationary Wavelet Transform (SWT) for Transient Localisation

The efficient implementation of the DWT results in downsampling between successive

wavelet scales. The wavelet coefficients of the DWT are therefore not time-aligned with

the input signal. To maintain this time-alignment, the stationary wavelet transform

(SWT) sets the translation parameter as m (i.e. the 2J increments of the translation

parameter are removed compared to the DWT) and maintains the scale parameter as
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2J [139]. Applying these parameters to (4.2) gives the discretised SWT wavelet as:

ψSWT (n) = |2J |−1/2ψ

(
n−m

2J

)
. (4.4)

The SWT does not downsample across successive wavelet scales and results in a (J+

1)×N matrix of wavelet coefficients for an N sample signal with J decomposition levels.

The SWT coefficients are therefore time-aligned with the input signal, as illustrated in

Figure 4.3. The DWT is more suited for compression, while the SWT is more suited

for feature extraction and event localisation [140]. However, it should be noted that

a large proportion of the SWT coefficients will not be associated with transients or

oscillatory components of interest and can be discarded, resulting in a sparse SWT

coefficient matrix. The SWT allows for a comparison between time-aligned coefficients

across different wavelet scales and retains information about the time of occurrence of

transients within the observation window. These properties will be applied to transient

event detection and characterisation in the following subsections.

Wavelet Transform Modulus Maxima (WTMM) for Robust Event Detection

Distortions and/or discontinuities in synchro-waveform measurements can be described

as singularities or edges in the field of signal processing [141]. Power system transi-

ent detection is framed as a singularity detection problem in this research. Wavelet

transform modulus maxima (WTMM) refers to a wavelet coefficient that has a larger

magnitude compared to other coefficients within a smaller local region to the left and

right of the point. For example, for the regions in the red dashed box around the wavelet

coefficients of Figure 4.4, a WTMM exists and is the peak in the wavelet coefficients

within the box.

It is proven in [141] that non-sinusoidal transients in the input result in WTMMs

across the lower wavelet scales (higher frequency bands). This is illustrated in Figure

4.4 which shows a phase jump and the corresponding WTMM across the first three

wavelet scales. The energy associated with short duration broadband transients will be

distributed across multiple scales and dominate for the time instants coincident with the
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occurrence of the transient. WTMM across scales that are associated with transients

can also be retained and, via the inverse SWT, give an approximate reconstruction of

the transient [141].
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Figure 4.4: WTMM and their correlation across scales for the transient condition

In [142], WTMM is applied to locate step changes within phasor estimation win-

dows in order to improve the accuracy of phasor estimates under abnormal conditions.

However, the method does not retain any information about relating to the distor-

tions. In this research, the WTMM provides a mechanism to identify and characterise

non-sinusoidal distortions in synchro-waveform measurements.

Wavelet Scale Correlation Transient Filter

The SWT gives a scale-space decomposition of the input signal, resulting in a matrix of

wavelet coefficients, W (j, n), where j represents the scale and n represents the time in-

stants or sample indices within the observation window. In this work, a wavelet domain
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filtration technique proposed in [143] for signal and image de-noising is adapted to de-

tect and characterise power system transients by incorporating the SWT and retaining

the WTMMs associated with the transients.

Correlations of the SWT coefficients across several adjacent scales are used to de-

tect WTMM that occur in similar time instants across different wavelet scales. The

correlation, Cl(j, n) , is simply the element wise product of W (j, n) across l scales:

Cl(j, n) =

l−1∏
i=0

W (j + i, n) (4.5)

where j < J − l + 1, and J is the total number of scales; n = 1, ...N , where N is the

total number of samples in the observation window. Figure 4.5 illustrates a test signal

with a phase jump and Gaussian noise (signal-to-noise ratio, SNR =25dB).
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The SWT coefficients corresponding to the first two wavelet scales and the cor-

relation are also presented. It is observed that the correlation suppresses the wavelet

coefficients associated with noise while enhancing the coefficients in the region of the dis-

continuity. A wavelet-correlation filter is applied by comparing normalised correlation

coefficients with the original wavelet coefficients. The normalised correlation, NCl(j, n)

is given by:

PC =
∑
n

Cl(j, n)
2 (4.6)

PW (j) =
∑
n

W (j, n)2 (4.7)

NCl(j, n) = Cl(j, n).×
√
PW (j)/PC(j) (4.8)

where, PC(j) and PW (j) are the power of the correlation coefficients and the wavelet

coefficients at the jth level, respectively.

The algorithm of the wavelet scale correlation based transient filter (WSCTF) is

illustrated in Figure 4.6. The SWT is applied to the input signal, X, to obtain W (j, n),

and Cl(j, n) is then calculated as the product of l successive wavelet levels. The transi-

ent feature extraction is then iteratively performed by rescaling correlation coefficients

relative to the power of the wavelet coefficients and comparing their magnitudes. If the

normalised correlation coefficient is greater than the original wavelet coefficient, then

the corresponding element of a transient filter mask matrix, FMtr(j, n) is set to 1, as

illustrated in Figure 4.5(d). Elements of W (j, n) are also set to 0, generating WF (j, n),

which is input to the next iteration. (WF (j, n) = W (j, n) for the first iteration). This

procedure of power normalisation and transient extraction is iterated until the WTMM

of WF (j, n) is below a specified threshold, λtr.
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Figure 4.6: Flowchart of the WSCTF

At the end of the iterative procedure, the matrix of wavelet coefficients, Wtr, asso-

ciated with the transients, i.e. those that are correlated across scales, is obtained via

element wise multiplication (denoted by .×) of FMtr(j, n) and the original wavelet coef-

ficient matrix W (j, n). Similarly, the product of FM(j, n)′ and W (j, n), where ′ is the

logical complement of the filter matrix, filters out the transient distortions (correlated

coefficients), resulting in the matrix Wsm(j, n). However, a certain level of noise may

still be retained. This noise typically manifests as low amplitude coefficients, which are

less correlated across multiple scales (Figure 4.5(b)).

To remove this noise, the relative energy at each scale, NE(j), can be calculated as:

NE(j) =
∑
n

Wsm(j, n)2/
∑
j

∑
Wsm(j, n)2 (4.9)

Xsm is obtained via the inverse SWT of Wsm(j, n) at levels where the relative energy is

greater than a specified threshold λsm. The selection of λtr and λsm involves a balanced

consideration of the sensitivity of the filter and noise rejection, which is discussed in
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detailed in Section 4.3. The outputs of the WSCTF algorithm are a wavelet feature

matrix corresponding to the wavelet decomposition of the distorted waveform, along

with the smooth signal containing the oscillatory components.

4.2.2 Multi-Frequency Phasor Extraction via the I-EDFT-EWT

Power system signals typically comprise distinct sinusoidal components with spectral

energy centred around specific frequencies. The component of interest is typically at the

nominal frequency, while under certain conditions, network elements (e.g., loads, trans-

formers, IBRs) generate harmonic/inter-harmonic components. Accurately measuring

the properties of these components requires the ability to separate these components

within online processing windows. Adaptive windowing, re-sampling [83], interpolation

and reassignment of spectral components [85] and modal analyses [144] have been pro-

posed in the literature. However, limited resolution, spectral leakage, uncertainty of

oscillation frequencies and computational complexities limit the practicality of these

methods to resolve closely spaced inter-harmonics attributed to emerging IBR driven

SSOs (see Appendix A for more details). This can compromise the system operators’

ability in early detection of instabilities, which could lead to further cascading fail-

ures. The requirements for processing the oscillatory components of synchro-waveforms

therefore include the ability to adapt to different oscillation frequencies, as well as,

high frequency resolution to separate and accurately measure multiple inter-harmonic

components.

Empirical Wavelet Transform (EWT)

The empirical wavelet transform (EWT) [145] defines wavelets based on a segmentation

of the frequency spectrum of a signal and is equivalent to bandpass filtering of the signal

across each segment. Unlike the SWT, which uses a fixed subdivision of the frequency

domain, the EWT adapts the wavelet filters as the spectrum of the signal changes, so

it does not require prior knowledge of the properties of oscillatory components [145].

This is an important property as unlike traditional power system harmonics, which are

integer multiples of the nominal frequency, emerging IBR driven SSOs can manifest as

83



Chapter 4. A Generalised Synchronised Waveform Processing Algorithm for
IBR-Dominated Power Networks

a wide range of inter-harmonic frequencies. Figure 4.7 illustrates the EWT.
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Figure 4.7: EWT Filter

First, the frequency spectrum of the signal is obtained, typically by conventional

DFT. Peak detection and segmentation techniques are applied to the spectrum of the

signal, e.g. mid-points between successive peaks, in order to determine boundaries

on the frequency axis as illustrated in Figure 4.7. A transition width of 2τn centred

around each boundary, ωn, is defined. The empirical scaling, ϕn(ω), and wavelet filter

coefficients, ψn(ω), are defined for each point on the normalised frequency axis, ω as

[145]:

ϕn(ω) =



1, if |ω| ≤ ωn − τn,

cos
[π
2
β
( |ω| − ωn + τn

2τn

)]
, if ωn − τn ≤ |ω| ≤ ωn + τn,

0, otherwise.

(4.10)
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ψn(ω) =



1, if ωn+1 + τn ≤ |ω| ≤ ωn+1 + τn+1,

cos
[π
2
β
( |ω| − ωn+1 + τn+1

2 τn+1

)]
, if ωn+1 − τn+1 ≤ |ω| ≤ ωn+1 + τn+1,

sin
[π
2
β
( |ω| − ωn + τn

2 τn

)]
, if ωn − τn ≤ |ω| ≤ ωn + τn,

0, otherwise.
(4.11)

where the function β(x) is defined in [146] as:

β(x) = x4(35− 84x+ 70x2 − 20x3) (4.12)

Within the boundaries, the EWT filter coefficients are set as 1, equivalent to a

passband, while outside the transition widths, it is set as 0, equivalent to a stopband.

Within the transition widths, the cosine and sine terms in (4.10) and (4.11) represent

the falling and rising filter edges, respectively, as illustrated in Figure 4.7. The EWT is

performed via the product of the signal spectrum and the defined wavelet filters. This

results in the isolation of each spectrum peak. The input signal can then be decomposed

via the application of an inverse DFT on each separated spectral component.

The EWT as described above and applied in [83] and [147] for phasor estimation,

relies on the conventional DFT, which can have low resolution within the observation

window when utilised in an online processing manner. In the presence of potentially

closely spaced sideband oscillations, this low resolution can result in spectral leakage

into adjacent components, resulting in inaccurate measurements.

Iterative Extended DFT

The conventional DFT, which the EWT utilises, is evaluated at discrete frequencies

based on the sampling rate and window size. The resolution of the DFT is fs/N , where

fs is the sampling frequency and N is the window length in samples. The iterative

extended DFT (I-EDFT) [148] estimates the DFT of a signal using additional discrete
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frequencies within a similar observation window. It first defines kernels (e−jωmtn) along

a discrete set of frequencies, ωm, consisting of M frequencies uniformly spaced by fs/M

increments, with −Ω ≤ ωm ≤ Ω and Ω ≤ the Nyquist frequency. Note if M is greater

than N then the frequency resolution is increased relative to the DFT. An initial matrix

of (non-zero) weights, representing the contribution of each discrete frequency to the

signal spectrum, is also defined. The I-EDFT seeks to find the optimal weights that

results in a signal spectrum that represents the information contained in the measure-

ments. The weights are iteratively adjusted until a reconstruction of the data using the

estimated spectrum results in a minimal error.

The I-EDFT iteratively estimates the DFT of a signal, x(t), using the following

expressions [148] (see Appendix B.1 for more details):

E = e−jωmtn , (4.13)

R =
1

M
EWiE

H , (4.14)

Si = x(t)(Ri)
−1E./diag

[
EH(Ri)

−1E
]
, (4.15)

Wi+1 = diag
(
|Si|2

)
, (4.16)

δi =
|
∑
Wi+1 −

∑
Wi|∑

Wi+1
, (4.17)

where tn = [0, 1, ...N ] ∗ 1/fs are the time instants of the samples of the input signal;

E is a predefined M × N kernel matrix with chosen discrete frequencies; R is the

autocorrelation matrix; S is the estimated signal spectrum; and W is the initial weight

matrix, that is iteratively updated. The subscript i represents the iteration number.

The operators {·}−1 and {·}H represent matrix inversion and Hermitian transpose,

respectively. The ./ operator represents element wise division. Equations (4.14)-(4.16)

are solved iteratively until the relative change in the power spectrum, δi, is less than a

specified threshold, λI−EDFT . The frequency resolution of this method is therefore set

by fs/M , while that of the traditional DFT is set by fs/N . If M is equal to N , the

I-EDFT is equivalent to the DFT. If M is greater than N , then the resolution of the
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I-EDFT is increased within the same observation window. After the iterative procedure,

the final I-EDFT and the inverse I-EDFT can be calculated as:

FI-EDFT (ω) = x(t)(R)−1EW, (4.18)

x(t) =
1

M
FI-EDFT (ω)E

H , (4.19)

where 4.19 returns the original N samples of the input signal.

The I-EDFT allows a mechanism, via specifying M > N , to increase the resolution

of the DFT without requiring further measurements outside the observation window

potentially reducing detection time, while offering more accurate results than interpol-

ation or spectral reassignment methods and has been applied for high frequency (power

quality) inter-harmonic phasor estimation in [149]. To adopt this method for separating

sub/super-synchronous oscillations (within the 0 to 2×fn) band will require increasing

the resolution via increasing M . However, this increases the dimensions of the I-EDFT,

thus also increasing the computational burden of the iterative procedure. Additionally,

the I-EDFT is essentially a data-driven estimation of the DFT and is sensitive to noise

and broadband transients. Under such conditions, it may fail to converge to an appro-

priate solution of the frequency spectrum required for accurate phasor estimation [150].

An example of this is presented in Appendix B.3.

I-EDFT based EWT Phasor Extraction Algorithm

A novel I-EDFT based EWT phasor extraction algorithm is proposed to improve the fre-

quency resolution of the EWT to sufficiently detect and separate sub/ super-synchronous

inter-harmonic components. Integrating the I-EDFT within the EWT framework, is il-

lustrated in Figure 4.8.

The I-EDFT is first applied to the input signal using (4.13)-(4.18) to obtain a higher

resolution frequency spectrum at user defined discrete frequencies, ω. The boundaries

for the EWT filters are found via a segmentation of the I-EDFT spectrum by detecting

midpoints between the spectrum peaks.
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Figure 4.8: I-EDFT-EWT procedure

The EWT filters are then defined using (4.10)-(4.11) at the same discrete frequencies

(i.e. at the same frequency resolution) as the I-EDFT spectrum. The I-EDFT-EWT

filtering for η spectrum peaks is defined by:

Wη(ω) = FI-EDFT (ω)ψ
∗
η(ω), (4.20)

W0(ω) = FI-EDFT (ω)ϕ
∗
0(ω), (4.21)

where Wη(ω) results in η I-EDFT spectrums each with one spectral peak as illustrated

in Figure 4.9. W0(ω) captures low frequencies from 0Hz to the first spectral speak,

usually containing DC offsets or very slow varying trends which are not of interest. The

isolated spectral peaks are then converted to individual time-domain signals by applying

the inverse I-EDFT as:

xη(t) =
1

M
Wη(ω)EH . (4.22)

Equation (4.22) results in a modal decomposition of the input signal into its oscillatory
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components, referred to as intrinsic mode function (IMFs), with each IMF characterised

by a single frequency.
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Figure 4.9: Comparison between conventional EWT and proposed I-EDFT-EWT

Figure 4.9 compares the performance of the traditional EWT to the proposed I-

EDFT-EWT over a 4 cycle (of 50Hz) window at a sampling rate of 256 samples per

cycle (N=1024) for a signal containing 50Hz, 80Hz and 20Hz components. Figure

4.9(a)-(c) illustrate the increased frequency resolution with the value of M set as 4096

(4 times greater than N). Figure 4.9(d)-(f) show that the proposed method improves

on the DFT based EWT and has sufficient resolution to accurately extract each IMF

and separate the fundamental, sub-synchronous and super-synchronous components.

Established phasor extraction methods can then be applied to each IMF to return

the phasor quantities. The Hilbert transform (HT) based phasor extraction method

[151, 152], is chosen since it gives dynamic phasor estimates throughout the estima-

tion window allowing to track changes in amplitude, thus giving insights into growing
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oscillations (via damping or energy). The HT of each IMF is given by:

Hη(t) =

∞∑
k=−∞

h[k]xη[t− k], (4.23)

where

h[k] =


2

π k
, k odd,

0, k even (including 0).

(4.24)

This results in a 90 degree shift of the original time signal. The analytical signals of

each IMF are then defined as:

x̂η(t) = xη(t) + jHη(t). (4.25)

The magnitude and phase of the analytic signal corresponds to the amplitude envelope

and instantaneous phase of the real valued input signal (i.e. each IMF). The instantan-

eous frequency of the signal can then be extracted as the angular velocity of the analytic

signal. It should be noted that the HT can only reliably estimate phasor quantities if

the input to it only contains a single frequency component [153].

4.3 Design Considerations of the G-SWMU Algorithm

This section discusses the key settings that impact the performance, sensitivity and

noise rejection of the G-SWMU algorithm. A complete list of settings is presented in

Table B.1 of Appendix B.2.

4.3.1 Settings of WSCTF for Transient Detection

The choice of mother wavelet, decomposition level J , the correlation level l, and the

thresholds λtr and λsm will influence the performance of the WSCTF. Since the WSCTF

requires correlation across higher frequency scales, J should be greater than 2. Increas-

ing J will give a richer scale decomposition with a trade-off of computational cost.

If pattern matching is the intended application, a higher J can potentially give more
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distinct time-frequency representations, whereas for transient detection, a smaller J is

suitable. Increasing l makes the filter more sensitive to larger distortions that correlate

through many scales, while simultaneously improving noise rejection. In this research, J

is set to 6 and l is set to 3 to balance transient detection performance and computational

complexity.

Experimental tests with different distortions (simulated angle jump and an actual

waveform from a vegetation encroachment event, labelled as signature 249 in [108]) and

noise levels are input to the WSCTF. It was found that distortions result in larger, time

localised wavelet coefficient amplitudes that coincide across different wavelet scales,

while noise (simulated and real noise) result in widely distributed smaller amplitude

coefficients, particularly at higher scales as illustrated in Figure 4.10. λtr is chosen as

3 times the standard deviation of the wavelet coefficients. Figure 4.10 illustrates that

for both simulated and real-world noise levels, this empirically selected threshold gives

good transient detection performance.

After filtering the coefficients associated with the transient, the majority of the

signal energy is distributed in wavelet sub-bands that contain the smooth components,

as illustrated in Figure 4.11. The simulated phase jump has a sample frequency of

12,800 Hz, therefore the j = 6 wavelet band corresponds to 0-200Hz. Since the 50Hz

component falls within this band, the majority of the signal energy falls within this

j = 6 wavelet scale. Similarly, the event 249 waveform is sampled at 7,680 Hz so the

60Hz fundamental falls with the j = 6, 0-120 Hz frequency band. If higher frequencies,

i.e. high order harmonics, are present they will be reflected in higher energy at the

appropriate wavelet scale. λsm involves selecting the wavelet scales to use to reconstruct

the oscillatory component of the waveform that may contain multiple frequencies of

interest for further phasor processing. A λsm of 1% is chosen to include oscillation

components that may be 1% of the nominal component while rejecting noise which has

low relative energy.
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4.3.2 Choice of Wavelet Family

Different wavelet families may result in similar transients being expressed differently in

the wavelet coefficients, however, there is still correlation across scales of the SWT. The

WSCTF therefore selects the relevant coefficients, resulting in similar transient detection

and reconstruction performance regardless of the mother wavelet. This is illustrated in
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Figure 4.12 for different wavelets and different distortions. The Daubechies wavelet

with 4 vanishing moments (db4) is chosen in this research as it is widely used in power

systems applications due to its suitability to detect short duration transients [137].
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Figure 4.12: Transient reconstruction with different wavelets

4.3.3 I-EDFT-EWT Settings for Multi-frequency Phasor Estimation

The resolution of the I-EDFT is determined by the ratio of the sampling frequency, fs,

to the number of frequency points, M , defined in the kernel function, E, as described

in (4.13). The frequency range, ±Ω, limited by the Nyquist frequency, is divided into

fs/M frequency bins. Figure 4.13 shows the performance of the I-EDFT for different

configurations using a 2-cycle window of a test signal with 50Hz and 50+/- 13Hz oscil-
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lations sampled at 12.8 kHz. Initially, M is set as 4,096 so that the resolution is 3.125Hz

(4 times greater than traditional DFT), showing that there is still some spectral leakage,

but the components are separated.
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Figure 4.13: I-EDFT-EWT performance for different settings

Increasing M will increase the frequency resolution, with a resolution of 1Hz, allow-

ing the I-EDFT to converge the exact solution. A large M also increases the dimensions

of the matrices in (4.13)-(4.18), thus increasing the computational cost. This may be

offset by applying the I-EDFT to a targeted frequency range by specifying, Ω (e.g.

200Hz), while maintaining similar frequency resolutions as shown in Figure 4.13. The

design of the I-EDFT is flexible as fs, Ω and M can be chosen to meet certain design

specifications based on specific applications, e.g. a targeted frequency range of (0-2fn)

for emerging IBR driven SSOs. Unless otherwise stated, M is set equal to fs giving a

resolution of 1Hz, while Ω is set at the Nyquist frequency to determine any oscillatory

components of interest.
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The I-EDFT requires an initial spectrum estimate for the first iteration. An initial

estimate of W1 = [1, 1..., 1]1×M is adopted in [148,149]. This research improves on this

by specifying an initial spectrum estimate with a peak of 1pu at the nominal frequency

and using the final estimate from the previous input window as the initial estimate

for the present window. This reduces the number of iterations needed to converge to

a solution. λI-EDFT is the change in the estimated I-EDFT across iterations. Small

changes in λI-EDFT correspond to the convergence of a solution. A value of 0.01 as

recommended in [150] was found to give accurate results in testing, and so is adopted.

I-EDFT spectral peaks below 1% of the maximum are discarded as potential noise.

The recommended settings of the EWT including the transition width and boundary

segmentation method can impact the ability to separate components but have much

less impact than the I-EDFT resolution. These settings are discussed in Appendix B.2.

4.3.4 Impact of Noise

The WSCTF aims to differentiate transients from background noise, as shown in Fig-

ure 4.5(d). Applying the WSCTF first retains the sharp edges in the signal that may

otherwise be smoothed by low pass filtering noise reduction techniques. The I-EDFT is

sensitive to noise and can fail to converge to a solution. This, along with the frequency

resolution, can impact the ability of the G-SWMU algorithm to identify and separate

potentially closely spaced oscillation components, resulting in unreliable phasors estim-

ates under such conditions. Note that frequency resolution is defined as the distance

between adjacent frequencies evaluated by the I-EDFT. A finer resolution therefore cor-

responds to a smaller frequency interval. For example a resolution of 3.125 Hz is finer

than 6.25 Hz, meaning that more frequency points are evaluated. A finer resolution

thus increases the ability to separate components that are at least 3.125Hz apart.

Table 4.1 shows the ability of the G-SWMU algorithm to separate sub/super-

synchronous oscillations for different combinations of resolution and noise after the

signal is filtered by the WSCTF. With a coarse resolution of 6.25 Hz there is not enough

separation of the components of interest even with low noise levels. A finer resolution

of 3.125Hz provides improved detection capability.
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Table 4.1: Impact of resolution and noise on G-SWMU algorithm performance

Resolution SNR (dB) All modes detected

fs/M = 6.25 Hz 40 N
fs/M = 3.125 Hz 40 Y
fs/M = 3.125 Hz 25 Y
fs/M = 3.125 Hz 20 Y
fs/M = 3.125 Hz 15 N
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Figure 4.14: Performance of the I-EDFT-EWT with noise

However, noise levels are then increased. It is evident that even with additional

filtering, increasing the noise level limits the performance of the multi-frequency phasor

estimation module in terms of separating closely spaced oscillation components. An

SNR above 20dB is recommended to separate closely spaced sideband oscillations, e.g.

at frequencies within nominal +/- 15Hz, while higher noise levels can be tolerated

for more widely spaced oscillation frequencies. The proposed multi-frequency phasor

estimation algorithm, which incorporates the EWT, does not require the I-EDFT to
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converge to the exact solution as shown in Figure 4.14, making the G-SWMU algorithm

more practical for phasor estimation in IBR dominated power systems compared to

relying solely on the I-EDFT or conventional phasor estimates.

4.3.5 Windowing and Group Delay

The G-SWMU algorithm has been implemented in the MATLAB/Simulink environ-

ment. The SWT and the WSCTF are applied to a 2-cycle window with 1.5 cycle

overlap and symmetric boundary padding to remove window effects. An example of

this is shown in Figure 4.15 for a phase jump without noise to highlight the window

effects. The output of this step is stored in a 2-cycle buffer and a 2-cycle I-EDFT-EWT

is applied to decompose the signal into its constituent IMFs. A 2-cycle Hilbert filter is

then used to extract the phasor quantities. The algorithmic group delay, of 4.5 cycles,

is the sum of the delay introduced by each step: a 1.5 cycle delay for the transient de-

tection, a 2-cycle delay for the I-EDFT-EWT and a 1 cycle delay (half the filter order)

for the phasor extraction.
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Figure 4.15: Window effects of the WSCTF
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4.4 Evaluation of the G-SWMU Algorithm

4.4.1 Performance Metrics

To assess the performance of the G-SWMU algorithm, a goodness of fit (GoF) metric

described in [77] was applied to estimate how well the extracted features represent the

original waveform. The goodness of fit is calculated as:

GoF = 20 log

 |Xn|√
1

(N−mp)

∑N
n=1(un − vn)2

 (4.26)

where, |Xn| is the signal amplitude. This metric is based on information theory and

weights the error between the actual signal, un, and the reconstructed signal, vn, within

the observation window of N samples, by the number of outputs, mp, used to represent

the information. It therefore gives an indication of how accurately and efficiently the

processed outputs represent the input synchro-waveforms. For the proposed G-SWMU

algorithm, mp includes the amplitudes, frequencies and phases of each detected phasor

and the number of retained coefficients of the WSCTF transient output.

An approximate reconstruction of the signal can be obtained from the G-SWMU

outputs. Transients are reconstructed via the inverse SWT of the retained WSCTF

coefficients of the G-SWMU outputs. The oscillatory portion of the input signal is

estimated via the sum of each detected sinusoidal component, reconstructed via the G-

SWMU phasor estimations. The overall G-SWMU reconstruction is therefore the sum

of the transient and oscillatory reconstructions. The phasor reporting rate is either 100

or 120 frames per second for 50 Hz or 60 H signals, respectively. The reconstruction of

the original signal assumes that the phasor values are constant at the last reported value

for time instants in between reporting instants. Based on real-world testing, a GoF of

greater than 20dB is indicative of a useful signal representation [154]. This metric is used

to benchmark the performance of the proposed algorithm against standard compliant

PMU [42] and emerging sync-wave processing algorithms.

The GoF metric is suitable for assessing the performance of measurement algorithms,

regardless of the information in the input signal or assumptions in the proposed model.
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This means it is suitable for assessing the ability to measure transients and non-

sinusoidal distortions, unlike the phasor based total vector error (TVE) defined in the

IEEE/IEC 60255-118-1 standard [38]. To assess the phasor performance of the pro-

posed G-SWMU algorithm and compare it to conventional PMUs, the TVE metric is

also applied.

4.4.2 Case Study: Transient Detection and Representation

This section presents case studies to evaluate the performance of the G-SWMU al-

gorithm using both simulated and actual event waveforms. A synthetic test signal

consisting of an angle jump (of π/5 at 0.5s), sampled at 12.8 kHz, was input to the

G-SWMU algorithm to evaluate its performance for a broadband transient condition.

As shown in Figure 4.16, the algorithm correctly detects the transient, which occurs at

0.5s.
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Figure 4.16: G-SWMU performance for a phase jump
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Figure 4.17 illustrates the reconstruction and estimated GoF for the phase jump.

The G-SWMU output partially reconstructs the phase jump from the retained WSCTF

coefficients. It should be noted that a measurement error is introduced due to the

G-SWMU phasor module as it gradually tracks the step change in the phase angle.

However, the GoF is still within the acceptable band. The transient detection output

and the GoF estimate can be used as a warning flag to indicate that the phasor estimate

may be unreliable due to the presence of a transient within the processing window, which

also has the potential to be used as an enhanced mechanism for possibly triggering DFR

capabilities.
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Figure 4.17: Approximate reconstruction and GoF for phase jump

To further assess the adaptability of the G-SWMU algorithm for a variety of possible

system conditions, real-world recorded waveforms from different event types available

via [108] are input to the algorithm. Figure 4.18 illustrates the G-SWMU outputs for

the distorted 60 Hz voltage waveform of a lightning fault (available as event 6 in [108]).
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The WSCTF successfully detects the observation window containing the transient dis-

tortions. It should be noted that Figure 4.18 illustrates the time corrected outputs

that compensate for the group delay of the G-SWMU algorithm. The impact of group

delay will be discussed in Section 4.5. The retained wavelet coefficients, visualised as a

time-frequency spectrum in Figure 4.19, results in a sparse set of coefficients that can

be further encoded and transmitted. The G-SWMU outputs can therefore be transmit-

ted to a centralised location, or across a wide area and either directly utilised by an

application or partially reconstructed.

Similarly, waveforms from different historical events are processed in this case study,

including events of vegetation encroachment and equipment failure. Table 4.2 illustrate

that the G-SWMU algorithm can give a satisfactory performance under a wide range of

real-world conditions, as evidenced by the high GoF values. Under severe distortions,

the multi-frequency phasor output is not applicable and the main output of G-SWMU

algorithm is the wavelet coefficient matrix. This is discussed in Appendix B.3.
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Figure 4.18: G-SWMU phasor and transient detection output for Event 6
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Table 4.2: Performance of the G-SWMU algorithm for different transient events

Input Event Description G-SWMU
reconstruction GoF

(dB)

Phase Jump Simulated phase jump 21.7
Event 6 GESL Lightning Fault 31.6

Event 165 GESL Vegetation
Encroachment

33.4

Event 187 GESL Equipment Failure 41.3

The WSCTF output extracts features relevant to transient conditions, which can

be used to enable decision support applications including event detection and classifica-

tion. An application utilising wavelet spectrums and pattern recognition to discriminate

between different event types will be investigated in Chapter 5.

4.4.3 Case Study: Multi-Frequency Phasor Measurement

A test signal with sideband oscillation components with frequencies, fr, magnitudes,

xr, and an initial phases, θr, is input to the algorithm. The time-frequency plots in

Figure 4.20 highlight the adaptability of the G-SWMU algorithm to multiple oscillation

components. At the onset of the oscillation at 0.2s, a small discontinuity is also de-

tected, further highlighting the event detection capabilities of the G-SWMU algorithm
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for different event types. Figure 4.20 demonstrates the ability of the I-EDFT-EWT to

detect, separate and accurately measure closely spaced frequencies within typical PMU

processing windows and within M-class accuracy standards [38] as shown in Table 4.3.

A GoF (>40dB) is obtained by the G-SWMU algorithm for this test case.
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Figure 4.20: SWMU performance for inter-harmonic SSO
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Table 4.3: Steady-state multi-phasor performance of the G-SWMU algorithm

Metric Fundamental Super-
Synchronous

Sub-synchronous

{IEE/IEC
60255-118-1 limit}

(fr = 50Hz,xr =
1pu, θr = −π/2)

(fr = 58Hz,
xr = 0.2pu, θr = 0)

(fr = 42Hz,
xr = 0.1pu, θr = 0)

TVE, (%) 0.0145 0.0234 0.04{1%}

FE, (Hz) 9×10−4 9.285×10−4 0.0035{0.005 Hz}

4.4.4 Case Study: Comparison to Benchmark Algorithms

The performance of the proposed G-SWMU algorithm is benchmarked against the

standard compliant PMU algorithm of [42] for all test cases and where applicable emer-

ging transient and phasor based synchro-waveform processing techniques. A brief over-

view of the signal processing techniques utilised by these methods are given in Appendix

A.

Transient Performance

Based on [80], a simplified functional basis approach (introduced in Section 2.2.4) is

replicated using a dictionary of normal conditions, phase jumps and amplitude steps,

defined using a range of step sizes and time of occurrences. Matching pursuit based

optimisation is then performed to find the optimal dictionary parameters that describe

the input signal. This method is referred to as the matching pursuit dictionary (MP-

Dict) approach.

Table 4.4 compares the reconstruction performances for a simulated phase jump

and the Event 6 waveform as described previously in Section 4.4.2. As highlighted

previously, a higher GoF represents an improved measurement and a threshold of 20 dB

is considered as a baseline threshold [154]. The proposed G-SWMU achieves GoF values

of 21.7 dB for the phase-jump test and 31.6 dB for Event 6, both exceeding the 20 dB

level generally regarded as a good fit. The PMU-based P-class and M-class methods fall

below this threshold for both cases. Although the MP-Dict method gives the highest
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GoF for the phase-jump test, this is expected because the dictionary includes a phase

jump component. This result therefore corresponds to a matched-dictionary condition.

By contrast, G-SWMU does not rely on an event-specific atom while still maintaining

good reconstruction accuracy. The phase jump is also gradually tracked as a step

change (with some delay) by the phasor output of G-SWMU and the PMU algorithms.

Therefore, a dictionary element specifically representing a phase jump provides limited

additional generality.

Although the MP-Dict approaches acceptable performance for Event 6 (21.2 dB),

the higher GoF achieved by the G-SWMU (31.6 dB) shows its superior performance

when the disturbance characteristics are generally unknown and may not be represented

exactly by a predefined dictionary. Approximate reconstructions of the event waveform

based on the different algorithms, as illustrated in Figure 4.21, further highlight the

superior performance of the G-SWMU. In summary, the proposed SWMU algorithm

offers a better representation of the input compared to conventional PMUs and existing

synchro-waveform processing methods. Furthermore, the WSCTF within the proposed

G-SWMU algorithm does not require a pre-defined dictionary, instead using multi-

scale properties of wavelet transforms, thus offering better generalisation to different

distortions, making it more suitable and realistic for practical applications.

Table 4.4: Transient Signal Goodness-of-fit Comparison. Values marked with † exceed
the 20 dB acceptable-fit threshold.

Test Signal G-SWMU PMU MP-Dict.
P-class M-class

Phase Jump 21.7† dB 8.7 dB 8.8 dB 45.4† dB
Event 6 31.6† dB 8.16 dB 18.8 dB 21.1† dB
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Figure 4.21: Event 6 transient reconstruction

Phasor Estimation Performance

To benchmark the phasor estimation performance, the proposed method is compared

to an interpolated DFT (Ip-DFT) phasor extraction method [85], the traditional DFT

based EWT used in [83,147] and the Matrix pencil modal decomposition method [120].

Case 2 of an open source dataset available in [102] is used. This case is derived from a

simulation of the Hami (China) power grid and consists of a simulated SSO components

sampled at 10 kHz. Tables 4.5-4.8 indicates that the oscillations in standard PMU

phasors fail to give a good representation of the underlying dynamics of the waveforms.

The DFT-based EWT computed using a similar size window as the proposed algorithm

has lower resolution (12.5 kHz). In this instance even though the IMF frequencies (50

Hz, ∼ 25 Hz, ∼ 75 Hz) are close to points evaluated by the DFT, there is still a level of

leakage into surrounding frequency bins leading to mode mixing (similar to Figure 4.9),

resulting in oscillations in the phasor output of this method. The Ip-DFT and DFT-

based EWT methods can give accurate results but require longer observation windows,

i.e. 2 s of PMU data, and 20 cycles respectively. The proposed method achieves accurate

results within the first few observation windows, allowing for earlier oscillation mode
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identification and potentially enabling more prompt mitigations.

Table 4.5: Comparison of SSO Phasor Estimation: Fundamental Component

Method Frequency, (Hz) Magnitude(pu) Initial Phase,
(rad)

G-SWMU 49.993 0.0696 -1.360(4.5 cycle)

PMU Osc Osc Osc(M class)

PMU Osc Osc Osc(P class)

DFT-EWT Osc Osc Osc(4 cycle)

DFT-EWT 49.998 0.0698 -1.376(20 cycle)

Ip-DFT 50.000 0.07 -1.377(2s PMU data)

Matrix Pencil 49.999 0.07 -1.376(2s Waveform)
Osc: indicates oscillation in fundamental phasor outputs
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Table 4.6: Comparison of SSO Phasor Estimation: Super-synchronous Component

Method Frequency, (Hz) Magnitude(pu) Initial Phase,
(rad)

G-SWMU 75.445 0.1540 1.280(4.5 cycle)
PMU - - -(M class)
PMU - - -(P class)

DFT-EWT - - -(4 cycle)
DFT-EWT 75.425 0.1548 1.445(20 cycle)

Ip-DFT 75.425 0.1561 1.210(2s PMU data)
Matrix Pencil 75.424 0.1559 1.371(2s Waveform)

-: indicates component not detected

Table 4.7: Comparison of SSO Phasor Estimation: Sub-synchronous Component

Method Frequency, (Hz) Magnitude(pu) Initial Phase,
(rad)

G-SWMU 24.542 0.0875 1.340(4.5 cycle)
PMU - - -(M class)
PMU - - -(P class)

DFT-EWT - - -(4 cycle)
DFT-EWT 24.915 0.0864 1.068(20 cycle)

Ip-DFT 24.575 0.0855 1.530(2s PMU data)
Matrix Pencil 24.576 0.0849 1.379(2s Waveform)

-: indicates component not detected
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Table 4.8: Comparison of methods, GoF (dB)

G-SWMU PMU DFT-EWT IpDFT Matrix Pencil

(4.5 cycle) M class P class (4-
cycle)

(20
cycle)

(2 s
PMU
data)

(2 s
wave-
form)

34.23 14.37 11.68 10.57 24.84 29.24 24.05

4.4.5 Case Study: SSO Monitoring Applications

SSO Event in China’s Grid

To demonstrate the performance of the G-SWMU algorithm for real-world events, a

current waveform recorded during an actual SSO event in China, sampled a 1 kHz

and available from [102] is input to the algorithm. Figure 4.22 shows the oscillation

waveform, the identified oscillation components and their respective phasors estimates

produced by the G-SWMU algorithm. The inter-harmonic frequencies are detected and

are consistent with the (2s window) analysis performed in [85]. However, the proposed

algorithm is also able to track the evolution of each component across the observation

window. It is noted that the amplitude of the sub-synchronous component increased

with time, which indicates the system was poorly damped with respect to this mode.

Figure 4.22: G-SWMU output for China SSO event
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SSO Event in GB’s System

The waveform captured during an SSO event in the GB system and analysed in Section

3.4 is re-analysed using the proposed G-SWMU algorithm to investigate if any sideband,

inter-harmonic oscillations were present. As mentioned previously, the SSO frequency,

in phasor measurements, was ∼ 5-7Hz. Figure 4.23 compares the I-EDFT spectrum

(with a resolution of 0.5HZ) to the traditional DFT spectrum for the suspected SSO

event, as well as a waveform recorded during a period with no suspected SSO.
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Figure 4.23: Comparison between DFT and I-EDFT for an SSO event in the GB system,
with results from a time with no oscillations for reference.
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This is done to ensure that any detected peaks are not due to noise or an artifact

of the processing methods. It is observed that the increased resolution of the I-EDFT

correctly identify potential SSO components. The proposed I-EDFT-EWT is then ap-

plied to decompose the input waveform into its oscillatory components, as illustrated

in Figure 4.24. The resulting components and their estimated frequencies, produced by

the G-SWMU algorithm, are displayed in Figure 4.25. The fundamental frequency was

estimated to be ∼ 49.23Hz, while the sub/super-synchronous frequencies were estim-

ated to be ∼ 42.38Hz and ∼ 55.17Hz respectively. The results of this case study provide

evidence that inter-harmonic sub/super-synchronous oscillations associated with IBR-

driven SSOs are present in the GB system.
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Figure 4.24: I-EDFT-EWT filtering of GB SSO waveform
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Figure 4.25: Detected inter-harmonic sideband SSO components

Oscillation Source Location Using the G-SWMU Algorithm

A key advantage of the G-SWMU algorithm is that processed outputs can be communic-

ated to a central application, thus enabling wide-area monitoring. A synchro-waveform

based oscillation source localisation (OSL) algorithm, utilising the G-SWMU algorithm

outputs, is demonstrated in this section. A test network, illustrated in Figure 4.26, was

developed based on a portion of the GB network with a high penetration of IBRs (wind-

farms). The network and scenarios modelled were created in association with industry

partners and are representative of real-world scenarios [155].

The IBRs were modelled using a grid following control structure with a synchronous

reference frame based PLL, inner current control and AC voltage control. An equival-

ent voltage source was modelled to represent the rest of the AC network. The PLL

bandwidth of Windfarm A was increased, thus making it more sensitive to changes in

the gird reference voltage but also, reducing the phase margin, thus making the IBR
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less stable. A transmission line near the IBR was taken out of service to simulate an

IBR driven oscillation stemming from a contingency and a mistuned IBR. More details

of the IBR model and the stability analysis can be found in Appendix C.
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Figure 4.26: Test network for the OSL case study

The test case was simulated in the real time digital simulator (RTDS) and the voltage

and current waveforms from the PCC at each windfarm were input to the proposed

G-SWMU algorithm and a PMU algorithm. The reference direction for the current

measurement is defined as flowing into a system element (windfarms) to be consistent

with [156]. The synchro-waveform based OSL application utilises the multi-frequency

phasor outputs of the G-SWMU application to calculate the oscillation powers at the

detected oscillation frequencies. The oscillation power based criteria with negative

power at the oscillation frequency representing a source of oscillation and a positive

power representing a sink of the oscillation mode, presented in [156], is utilised in this

case study.

The oscillating, fundamental phasor outputs of the PMUs are input to the dissip-

ating energy flow (DEF) method [56]. The DEF method is based on the relationship

between the active power of the generator (or system element) and the frequency (i.e.
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rate of change of speed), as well was the relation between reactive power and the elec-

tromagnetic field energy stored or released, as reflected in the bus voltage. The DEF

method calculates a cumulative quantity that is related to the dissipation of the oscillat-

ory energy. The equation of the DEF can be found in Appendix C. It should be noted

that with the assumed current convention into the windfarm, a positive DEF means

that energy flows from the system into the windfarm, while a negative DEF means that

energy flows into the system from the windfarm. The sources of oscillations are the sys-

tem elements that produce dissipating energy. Therefore, with this current convention,

a negative DEF is indicative of the oscillation source, while a positive DEF is indicative

of an oscillation sink. This convention is different from that commonly adopted in the

literature, but is adopted to maintain consistency when comparing the G-SWMU and

PMU-based OSL methods.

Figures 4.27 and 4.28 illustrate the G-SWMU and PMU-based OSL case study res-

ults respectively. The G-SWMU-based method highlights sub and super-synchronous

components and the oscillation power flows point to Windfarm A as a possible source.

In contrast, the PMU method identifies Windfarm D as a possible source and identi-

fies windfarm A as a possible sink. It is possible that the mode-mixing of the PMU

measurement and/or the assumption of electromechanical dynamics in the definition

of the DEF can account for this inconsistency [157]. To test the outputs of the OSL

algorithms, the suspected source produced by each OSL algorithm is disconnected. Fig-

ure 4.29 illustrates that disconnecting windfarm A, identified by the G-SWMU-based

OSL utilising the proposed algorithm outputs, removes the oscillations from the system

as observed via the bus voltage as bus F. In contrast, disconnecting windfarm D does

not remove the oscillations. This case study therefore demonstrates the advantages of

the G-SWMU over conventional PMUs in enabling security-critical applications in IBR

dominated networks.
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Figure 4.27: SWMU based OSL results
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Figure 4.28: PMU based OSL results
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Figure 4.29: Impact of disconnecting potential oscillation sources identified by SWMU
and PMU bsed OSL

4.5 Practical Considerations for Real-time Deployment

4.5.1 Computational Complexity

The computational cost of the SWT utilised in the WSCTF is proportional to the

window size O((N · 2J) [158], while the main computational burden, due to the I-

EDFT, is dependent on the number of frequency points (ωM ) evaluated, O(M2) [148].

A three-phase signal with 50 +/- 30Hz sideband oscillations is input to the algorithm

and simulations are performed using the Simulink Desktop Real Time kernel [159] on

a computer with 32GB ram and an Intel Core i7, 3.10GHz CPU. Table 4.9 shows the

execution times of the G-SWMU algorithm for a sampling rate of 6.4kHz, a 64 point

I-EDFT over a 2-cycle window, Ω = 200 Hz, and different resolutions. The WSCTF

settings are as described in Section 4.3.

Table 4.9 illustrates the trade-off between computational cost and ability to separate

closely spaced oscillations. A target frequency range and/or lower resolution, achieved

by specifying Ω or M respectively, improves the execution time. Alternatively, an

approximate I-EDFT using the FFT algorithm (O(N logN)) [148] can be investigated

in future research.
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Table 4.9: Computational performance for different settings

Case Resolution Execution time All SSO
components

detected

1 fs/M = 2.67Hz 56.77ms Y
2 fs/M = 4Hz 24.77ms Y
3 fs/M = 5.33Hz 19.48ms N

4.5.2 Reporting Latency

The IEEE/IEC 60255-118 PMU performance standard defines latency requirements as

described in Section 2.1.3. This latency is the delay between the time when an event

occurs on the power system to the time that it is reported in data. This is usually

estimated as the difference in the UTC time stamp of the measurement and timestamp

at which the output communication packet is sent. It can be impacted by estimation

method, windowing, processing time, filtering, performance class and reporting rate.

Figure 4.30 illustrates the group delay (no execution delay) of the G-SWMU al-

gorithm for Event 6. Examining the distortion in the waveform at approximately 0.04

seconds shown in Figure 4.30 (a) and comparing the first transient detection output

of Figure 4.30 (b) associated with this distortion validates the 1.5 cycle delay of the

WSCTF module within the G-SWMU design described in Section 4.3.5. It should be

noted that there is a startup portion for the phasor estimation in Figure 4.30 (c). How-

ever, examining the beginning of the step change in the phasor estimate with the input

waveform shows approximately 4.5 cycles of delay for the G-SWMU phasor output.

Although real-time deployment via a dedicated hardware platform is beyond the

scope of this thesis, the sum of the group delay (4.5 cycles) and the real-time Simulink

desktop simulation execution is used to estimate the latency of the algorithm. For Case 2

in Table 4.9, the latency is estimated as 0.09s (group delay)+0.0245s (execution delay) =

0.1145s which is within the (7/50Hz = 0.14s) standard limit defined for conventional

M-class PMU performance. It should be noted that this value is achieved with minimal

optimisation for real-time deployment and without dedicated processing hardware, and

it can be significantly improved if algorithmic optimisation and specialised hardware
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acceleration are employed. The results therefore demonstrate the feasibility of the G-

SWMU algorithm for real time deployment. Further refinement and optimisation of the

algorithm for hardware deployment will enable practical deployment.
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Figure 4.30: Group delay of the G-SWMU algorithm: (a) input, (b) transient detection,
(c) phasor output with data attribute: step detected flag status shown.

4.5.3 Communications Protocols

Presently, there is no specific or standard protocol for the proposed G-SWMU algorithm,

but it is possible to utilise an existing protocol for the real time publishing of its output.

A potential mapping to the IEEEC37.118.2-2024 protocol is presented in Table 4.10 to

demonstrate how the G-SWMU algorithm can operate in tandem with both existing

and emerging protocol functionalities to support synchro-waveform adoption.

The transient detection output can be used for event detection via the discrete event
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data frame. It can also be used to set the phasor data attribute: step detected bit of the

periodic data frame, thus informing users or applications that the measurement window

contains a transient and the phasor estimate may be unreliable. Examining Figure

4.30, the transient detection flag is activated in between phasor reporting instants. The

asynchronous event data frame of the IEEE C37.118.2-2024 standard can be utilised

here if fast detection is desirable. Additionally, this status can also be retained and

communicated with the highlighted phasor reporting instants as a phasor data attribute

flag.

The sparse matrix of wavelet coefficients Wtr, associated with the transient distor-

tions in the waveform, can be encoded and communicated via the analogue field in the

periodic data frame. Established encoding techniques include the compressed sparse

row [160], which retains non-zero elements and their positions can be utilised. Altern-

atively, combining the proposed method with emerging synchro-waveform compression

techniques like the embedded zero-trees of wavelet transforms used in [69] or the vari-

able length delta encoding compression algorithm of [86] can also be considered. Further

derived transient features for a target application, e.g. wavelet energy for protection,

can also be sent as an analogue signal within the standard protocol.

Table 4.10: Mapping G-SWMU algorithm outputs to IEEEC37.118.2-2024 protocol

G-SWMU
Output

Frame type Field Comments

Transient
Detect Flag

Discrete event data
frame

Digital Event detection

Periodic data frame Data Attribute
Phasor (Step

detected)

Transient in
measurement

window

Wtr Periodic data frame Analogue Sparse matrix
encoding

Multi-frequency
Phasors

Periodic data frame Phasor Increased number
of phasors

Multi-phasor outputs can be communicated via the periodic data frame. The num-
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ber of communicated phasors depends on the number of oscillatory components detected

above a certain noise threshold, as discussed in 4.3.3. A limit on the number of phasors

can also be considered, as during an event the majority of the input waveform signal

energy is composed of the oscillatory components of interest. For example, returning

phasors for the 5 highest energy components was found to be adequate for analysing

the real-world SSO case studies in this thesis.

The existing and widely adopted IEEE C37.118.2-2024 protocol discussed in this

Section is a frame based protocol with a fixed message structure. It is not the most

efficient solution for the G-SWMU or other synchro-waveform applications as the data

to be transmitted may be different depending on the dynamics present at the input.

There are also overheads associated with the message structure itself, thus limiting its

scalability. More recently, alternative communication architectures including peer to

peer and publish-subscribe architectures have been investigated for their scalability and

flexibility in publishing streams of data [161, 162]. Peer-to-peer communication allows

devices to exchange measurements directly. Publish-subscribe communication allows

different data streams, for example phasors or event-triggered data, to be published

as separate streams. These protocols therefore do not rely on a rigid frame based

structure. Such architectures including the STTP protocol as discussed in Chapter

2 or the Message Queuing Telemetry Transport (MQTT) protocol may therefore be

more suitable for both continuous streaming of synchro-waveforms or the processed

and variable outputs (e.g. the transient coefficients) of the G-SWMU algorithm. The

application of these protocols can be investigated in future research.

4.5.4 Estimated Streaming Requirements

The proposed G-SWMU algorithm may process the waveforms locally at the measure-

ment points or within substations, allowing for both local and wide-area applications via

the communication of only relevant event data when appropriate. During steady states,

conventional synchrophasor data is output, while during events (e.g. faults, system

oscillation, etc.), processed outputs (as opposed to raw waveforms) can be derived and

communicated. Increased bandwidth is reserved, but only utilised when events occur.
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This increase in communication and archiving infrastructure associated with wide area

G-SWMU processed outputs will however be significantly less than those associated

with continuously streaming of full synchro-waveform data.

Based on the mapping described in Section 4.5.3 a theoretical estimation of data

frame sizes and streaming requirements can be found using a guidance provided in

Annex D of the IEEE C37.118.2-2024 [26]. The bandwidth requirements (BR) are a

function of the data frame size, data rate, and communication overheads and can be

estimated via:

BR = fr × (TCP/UDP_OH + 118_OH + 118_PL) (4.27)

where fr is the reporting rate; TCP/UDP_OH is a fixed number (54B and 43B re-

spectively) of bytes added to each data frame by IP protocols; 118_OH is the fixed

number of bytes (16B) in each data frame apart from measured values and 118_PL

is the variable payload depending on the measurement data that is transmitted. The

payload will change depending on the SWMU output and is dependent on the number

of phasors, number of digital and analogue quantities and a bytes-per-quantity value,

which is specified in the standard depending on data format. For example, assuming a

fixed point 16-bit integer format then 4 bytes per phasor (plus 2 bytes per phasor data

attribute), and 2 bytes per frequency, RoCoF and analogue measurement are required.

In steady-state, three-phase, fundamental phasors are sent. During SSOs such as those

highlighted in the case studies of Section 4.4.5, three phasor frequencies (corresponding

to the fundamental, sub and super synchronous components) and nine (three-phase for

each oscillation component) phasors are sent.

The estimated payload during transient conditions depends on the number of non-

zero elements (NNZ) of the sparse wavelet transient matrix that are encoded. As ex-

plained in Section 4.2.1, the output of the transient wavelet matrix Wtr consists of

(J − l + 1)×N total elements, where J is the decomposition level, l is the correlation

level, and N is the number of samples in the observation window. For the analysis

of the real-world event 6 in Section 4.4.4, Wtr consisted of [4 × 256] entries and 61
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non-zero elements for transmission. If the synchro-waveform was used and continuously

streamed, this would require streaming 256 samples.

In this research, the widely adopted compressed sparse row format [160], is investig-

ated to encode the sparse transient feature matrix via three arrays. The first two arrays

consist of the 61 non-zero values and 61 column indices sorted by their respective rows,

resulting in 61 NNZ indices. The third array contains row pointers, at which the entries

in the previous two arrays change rows in the original sparse matrix. For example,

the first element of the row pointer array will be the starting NNZ index and the next

value will be the NNZ index between 1 and 61, at which the encoded non-zero value

and corresponding column index belong to another row. Row pointers therefore give

an indication of the number of non-zero values in each row. This means that the row

indices do not need to be explicitly sent. In this way, the number of elements in the

third array will be the number of rows + 1. Based on this, the variable payload of the

Wtr output is estimated as

Wtr 118_PL = (NNZ values × bytes per measurement)

+ (NNZ columns × bytes per measurement)

+ ((number of rows + 1)× bytes per measurement).

(4.28)

For the event 6 case study, this result in (61× 2) + ((61× 2) + (4 + 1)× 2) = 254 B.

Finally, regardless of the G-SWMU output, some overhead to the estimated pay-

load is added for status and time quality indicators. The bandwidth requirements are

estimated using (4.27), assuming a UDP overhead, a reporting rate of 50fps (for com-

parison with existing monitoring solutions [44]) and the variable payload estimates.

More details of the calculations are shown in Appendix (B.4). Table 4.11 summarises

the estimated payloads of the G-SWMU algorithm for different conditions. Table 4.12

compares the estimated bandwidth requirements (for a single measurement point) for

the proposed G-SWMU algorithm, the PMU/WMU solutions described in [44] (VISOR)

and continuous streaming of synchro-waveforms.
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Table 4.11: Estimated payloads for G-SWMU outputs for different conditions

Condition Output Estimated Payload
(Bytes)

Steady-state Fundamental Phasor
Quantities

32

SSO Multi-Phasor Quantities 88

Transient
Wtr

288Fundamental Phasors
Transient Detected

Table 4.12: Comparison of bandwidth requirements

Solution Estimated Bandwidth (kbps)

VISOR PMU [44] 34-50 kbps

VISOR WMU (200fps, +’ve Seq.) [44] 125 kbps

Proposed G-SWMU Steady State 32 kpbs

Proposed G-SWMU SSO 50.4 kbps

Proposed G-SWMU Transient
(analyses 128 samples per cycle,

reported at 50fps only when detected)

134-402 kbps

Three-phase synchro-waveform streamed
at 4 kHz [27]

5000 kbps

The above theoretical analysis shows that the proposed G-SWMU algorithm has

similar bandwidth requirements as standard PMUs during steady state. In compar-

ison to VISOR’s WMU solution, which streams the positive sequence waveform at 200

samples per second, the G-SWMU is able to send multiple oscillation phasors with

relatively less (∼ 60% less) bandwidth. VISOR’s WMU solution also loses details of

the transients in the waveform due to downsampling. The G-SWMU algorithm retains

details available at a resolution of several kHz (7.68kHz), addressing the limitations

of the PMU and VISOR’s WMU, but is able to communicate these features with less

bandwidth than continuously streaming the synchro-waveform. The wide estimated

bandwidth range of the SWMU transient caters for all three phases being distorted. It
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should be noted that transient events may not need to be communicated to a central

location in real time, with the exception of protection applications, which can have

dedicated communications infrastructure. These events can be stored locally, further

processed by local applications (e.g. event classification) or buffered and transmitted

with a tolerable delay if there are bandwidth restrictions.

It is noted that as of 2018, a 4 Mbps (4000 kbps) bandwidth is utilised by a GB

transmission owner for the existing VISOR WAM system [44]. Overall, the G-SWMU

algorithm allows for extracting insights from high resolution (several kHZ) synchro-

waveform data and enables real-time communications via conventional supporting in-

frastructure, simultaneously addressing the limitations of PMUs that filter out dynamics

and the challenge of continuous synchro-waveform streaming, which has high commu-

nication burden.

4.6 Chapter Summary

A generalised synchro-waveform processing algorithm i.e. the G-SWMU algorithm,

which utilises correlations across discrete wavelet scales to represent distortions and

a novel I-EDFT based EWT for multi-phasor extraction, has been presented in this

Chapter. The design of the G-SWMU algorithm is based on extracting the inform-

ation contained in the input waveform and addresses the reliance on a fundamental

sinusoidal reference in the standard synchrophasor definition. The G-SWMU algorithm

extracts relevant features from synchro-waveforms, which is capable of more accurately

reflecting the underlying dynamics present in the waveforms as compared with standard

PMUs and existing synchro-waveform processing algorithms. The I-EDFT-EWT multi-

phasor extraction has improved frequency resolution, allowing for improved detection

of IBR driven SSO events. The design and performance of the G-SWMU algorithm

can be optimised via interpretable settings and design considerations, such as frequency

resolutions and noise rejection thresholds.

The performance of the G-SWMU algorithm is benchmarked against conventional

PMUs and existing synchro-waveform processing methods. The results demonstrate
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the versatility of the G-SWMU algorithm to detect and characterise different dynamics

present in synchro-waveforms, ranging from non-sinusoidal transients to closely spaced

inter-harmonic SSOs. The WSCTF outputs of the G-SWMU were found to detect and

accurately represent distortions present in different real-world event waveforms. An SSO

monitoring application was demonstrated via case studies with actual measurements,

which highlighted sub/super-synchronous oscillation components in the GB system. The

G-SWMU algorithm extracts relevant features from different event types (transients,

oscillations) without any changes or modifications to the algorithm and with limited

prior knowledge of the events.

Practical considerations for the deployment of the proposed algorithm were also

discussed. A mapping of G-SWMU algorithm outputs with emerging communications

protocols demonstrate its compatibility with such protocols. Theoretical estimates of

the bandwidth requirements provide evidence that the G-SWMU outputs greatly re-

duces the supporting infrastructure requirements compared to continuously streaming

synchro-waveforms, while extracting critical information that PMUs and other synchro-

waveform processing methods may exclude. The G-SWMU algorithm can therefore

be considered a general purpose, adaptable algorithm that can extract insights from

synchro-waveforms, while being able to utilise the continuous streaming/storage infra-

structure of conventional PMUs. The adaptability and scalability of the G-SWMU

can enable improved monitoring of IBR dynamics and, in a broader context, support

wider synchro-waveform applications. Datasets curated from increased deployment of

G-SWMUs can potentially serve as valuable input to enable AI/ML-based applications

(e.g. event classification), thus improving situational awareness. This application will

be explored in Chapter 5. Finally, desktop simulations show the feasibility of real-time

deployment of the algorithm. Further refinement and optimisation of the G-SWMU

algorithm for hardware deployment provides a promising avenue for future deployment.
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Chapter 5

G-SWMU based Open-Set

Classification of Power System

Events

The G-SWMU algorithm, proposed in Chapter 4, accurately represents a wide range of

system conditions with reduced requirements on supporting infrastructure. Previously,

the G-SWMU algorithm was demonstrated to support improved monitoring of IBR-

induced oscillations, however, its wider deployment can be further justified by utilising

its adaptability and scalability to enable concurrent applications across different as-

pects of the power system. Pattern recognition based event classification, utilising the

information captured by raw synchro-waveforms and retained by the G-SWMU out-

puts, is one such application. The identification and mitigation of anomalous events is

of particular importance in IBR-dominated power systems that may be more sensitive

to such events. However, a key challenge to translating the information contained in

synchro-waveforms into accurate event cause identification remains the lack of labelled

event waveforms. Limited training data introduces biases in event classification models,

leading to inaccurate event identifications that inform incorrect or inefficient mitigation

strategies. This Chapter therefore presents a G-SWMU based wavelet scattering open-

set nearest neighbours (WS-OSNN) power system event classification model that is
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compatible with limited training data and capable of detecting unknown class instances

to avoid inaccurate results.

The extracted wavelet features of the G-SWMU algorithm are integrated into a deep

convolution network (similar to state-of-the-art ML methods) via the wavelet scatter-

ing transform (WST). Conventional ML methods learn optimal filter weights as part

of their feature extraction process, thus requiring large datasets. In contrast, the fea-

ture extraction of the G-SWMU algorithm combined with the WST utilises pre-defined

wavelet filters and is therefore more suitable for limited training data. To further en-

hance the capabilities of the proposed classifier, this research incorporates open set

recognition (OSR) which aims to accurately classify known class instances and simul-

taneously recognise inputs that do not belong to known classes in order to classify them

as unknown.

The proposed WS-OSNN, will be trained and evaluated using only real-world data.

Noting that historic G-SWMU datasets are not available, the WS-OSNN is firstly de-

veloped and demonstrated using an open-sourced database of raw synchro-waveforms.

Case studies demonstrating the performance of the WS-OSNN with the processed G-

SWMU outputs are then presented. The G-SWMU based WS-OSNN therefore utilises

existing limited labelled training datasets while the practicality of OSR addresses the

limitations of state-of-the-art power system event classifiers. This allows for informed

decision-making to better mitigate known events while aiding in further investigations

into unknown events. A framework to identify, group and label anomalous waveforms

is also presented. The proposed classification tool will be capable of deriving valuable

insights from high resolution synchro-waveform measurements, thus supporting event

classification, improving training datasets, and facilitating enhanced situational aware-

ness.
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5.1 The Need For Synchro-Waveform Based Power System

Event Classification

Synchro-waveforms contain valuable information about the dynamics and transients of

the system, which can be used to enable critical situation awareness applications. One

such application is event classification, based on learnt patterns present in the voltage

and current waveforms. As demonstrated in Chapter 4, synchro-waveforms, as well as

the processed outputs of the proposed SWMU algorithm, better capture underlying

dynamics (that PMUs filter out) associated with abnormal events. Figure 5.1 compares

synchro-waveform and PMU measurements, available from [108], for the faulted phase

voltage during two different event categories. The PMU measurements are quite similar,

showing a voltage drop. In contrast, the synchro-waveform measurements highlight

distortions which can potentially be used as fault signatures for pattern recognition.
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Figure 5.1: Comparison between synchro-waveform and PMU measurements for differ-
ent event types

Furthermore, ageing infrastructure, severe weather, and complex behaviours of IBRs

can increase the occurrence and impact of anomalous events (e.g., faults, equipment fail-

ure, etc.). These events can have severe consequences, ranging from increased unplanned
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outages [163] to widespread damage to life and property, e.g. from wildfires ignited by

vegetation encroaching on energised lines [88]. Such occurrences negatively impact con-

sumers, with utilities subject to regulatory penalties. Maintenance interventions are

required to perform preventative measures or to isolate faults and restore service in a

timely manner. Pairing the event detection and feature extraction capabilities of the

proposed G-SWMU algorithm with data analytics can enable accurate identification and

classification of anomalous event waveforms. This is critical to informing safe, timely

and efficient mitigation strategies, thus improving the system resiliency and meeting

operational code requirements.

5.2 Limitations of Existing Synchro-Waveform Based Event

Classification Methods

Typically, event waveforms are captured and stored locally by DFRs. Event cause iden-

tification relies on domain expertise to manually collate and process the available fault

waveforms (along with weather, maintenance records, etc.) to identify signatures, trends

and correlations that point to a specific underlying cause. This is a time-consuming and

labour-intensive process, requiring the processing of large volumes of data. Automated

ML based classifiers have been proposed in the literature, however, a key challenge to

deriving actionable insights from synchro-waveform measurements remains the limited

availability of labelled datasets containing actual event waveforms. Limited training

data can lead to inherent biases in the performance of such classifiers. [132] processes

voltage and current waveforms to extract time-frequency spectrograms and inputs these

into a convolution neural network (CNN) classifier. The dataset used consisted of real-

world event data augmented with simulated motor starts and system faults. Similarly,

multi-time-frequency features encompassing short time transients and slower dynamics

across the observation window are input to an ML based classifier trained on simulated

data and tested on real waveform measurements [106]. However, the events of interest

were limited to events that were straightforward to accurately model, such as switching,

line faults and generator trips. While high classification accuracies are achieved, physics
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based modelling cannot realistically simulate certain causes (e.g. vegetation, equipment

failure) or fully represent measurement noise and possible variations within the same

event cause.

The state-of-the-art GESL open access repository contains approximately 5600 event

records (at its inception) with only 50% of PMU and synchro-waveform records labelled.

Furthermore, synchro-waveform data accounted for only 8% of its total records [164].

Deep learning methods have provided satisfactory classification performance in domains

where large labelled datasets are available [165]. However, their practical deployment

towards power system classification can be hindered by limited real-world, labelled

data [166]. Although the information retained by synchro-waveforms can potentially

improve power system event classification, insufficient labelled PoW datasets can result

in training biases, thus methods suitable for limited training datasets are required. A

signature matching tool that uses statistical features and support vector machine (SVM)

to classify events in the GESL, e.g., transients and lightning strikes, with up to 80%

accuracy is presented in [164]. The authors note that improved feature engineering can

lead to better results. [105] incorporates a dynamic time warping (DTW) waveform

similarity metric and context similarity into a one-nearest neighbour(1-NN) classifier.

DTW performs a time-alignment prior to calculating the similarity of two waveforms.

This allows for feature extraction and suitable comparison of waveforms with different

sampling frequencies, observation windows and event start times. This method utilises

waveforms from the GESL and offers enhanced accuracy with limited data.

A key limitation of the aforementioned methods is that the training and testing data

are sampled from the same label and feature spaces, therefore, there is an underlying

assumption that the ML classifier will only ever encounter known classes. This is referred

to as closed-set classification, where the goal is to classify input data as one of the

known classes [167]. However, in practice, a power system event classifier can face novel

inputs after deployment, which were not seen in training, and thus unknown to the

classifier. This can include signatures associated with normal events (e.g. capacitor

switching, transformer inrush) that were simply not considered in training, as well

as new fault types or behaviours resulting from the increasing penetration of IBRs.
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Therefore, it is critical to ensure that events unknown to the trained model are not

erroneously classified as known classes. Instead, such events must be explicitly identified

as unknown, thereby preventing incorrect decision-making and missed opportunities to

identify new phenomena. This can be achieved by open-set classification. Information

present in raw-synchro-waveforms or features derived through processing the synchro-

waveform using the proposed G-SWMU algorithm presented in Chapter 4, can enable

such open-set classification with limited training data, which is discussed in detail in

the following sections.

5.3 G-SWMU based Open Set Power System Classification

In this Section, OSR and the WST will first be defined, followed by the design of the

proposed WS-OSNN classification model.

5.3.1 Open-Set Recognition (OSR)

OSR Problem Formulation

For various event classes, y, and corresponding d-dimensional feature vectors, x, the

goal of ML classification is to obtain a recognition function, f(x), which maps features

in x to the corresponding class label in y. The overall feature space, So, encompasses all

known training examples and corresponding positively labelled feature space labelled

by f(x), as well as open space, O. In this context, open space refers to regions of the

feature space that is outside the optimal decision support region learnt from known

data, where there is no reliable basis for assigning a known class (KC) label. Open

space risk is the inherent risk that f will label open space as positive with respect to

any of the KCs, resulting in a sample from an unknown class (UC) being misclassified

as a KC.

The open space risk, Ro(f) can therefore be defined in terms of the ratio of positively

labelled open space to the overall positively labelled feature space as in [168]:

Ro(f) =

∫
O f(x)dx∫
So
f(x)dx

. (5.1)
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As can be seen from (5.1), the more open space that is labelled as positive, the greater

the open space risk. This is illustrated in Figure 5.2. For closed-set classification (Figure

5.2(a)), So is divided by decision boundaries around the known classes. Inputs from an

unknown class, represented by ‘+’, are classified as KC 3. In OSR, however, the goal is

to balance accurate KC prediction with minimised open space risk, thus enabling the

identification of UC instances as illustrated in Figure 5.2(b).

^

KC 1KC 1 KC 2KC 2 KC 3 KC 3 KC 3 (Test)KC 3 (Test)KC 1 KC 2 KC 3 KC 3 (Test)

KC 2 Feature SpaceKC 2 Feature SpaceKC 1 Feature SpaceKC 1 Feature SpaceUC (Test)UC (Test) KC 2 Feature SpaceKC 1 Feature SpaceUC (Test)

Open SpaceOpen SpaceKC 3 Feature SpaceKC 3 Feature Space Open SpaceKC 3 Feature Space

(a) (b)

d(x)^d(x) d(x)^ ^

^
cc

c

d (x)d (x)

d (x)

Figure 5.2: Comparison between closed set and open set classification, (a) closed set,
(b) open set classification with distance ratios of a known class and an unknown class
instance highlighted.

For each known power system event class, let X̂CI
be the training features of the

class of interest CI , and X̂K be training features of all other KCs denoted by K. The

training dataset CTR consists of CI ∪ K. Under realistic conditions, new data input

to the classifier may contain UCs denoted by U , so the testing dataset, CTE , contains

CI ∪K ∪ U . OSR is therefore defined as finding f as [168]:

f = argmin
f

{Ro(f) + λrRϵ(f(X̂CI
∪ X̂K))}, (5.2)

where Rϵ is the risk of closed set misclassification and λr is a regularisation constant

to prevent overfitting. λrRϵ(f(X̂CI
∪ X̂K) is therefore a representation of traditional
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closed-set classification with λr and f dependent on respective ML methods, hyper-

parameters and training data. It should be noted that (5.2) is a generic OSR objective

rather than a closed-form optimisation problem that is solved directly. The nonlinear-

ity, solution procedure, and convergence properties depend on the selected classifier and

OSR algorithm. In this research, the implemented classifier approximates this objective

through wavelet scattering feature extraction and nearest neighbour decision rules as

will be discussed in the following Sections.

As seen in Figure 5.2(b), OSR aims to discriminate between KCs while defining

decision boundaries (using only known data) that limit open space risk. This allows

UCs that are different from KCs in the learnt feature space to be identified without

prior knowledge of the UCs.

OSR Methods

A range of OSR methods have been proposed and reviewed in [167]. A typical OSR

approach is based on the fact that UCs will be different from the KC instances. This

means that extracted features from UC instances will lie in the tails (i.e., they will be

outliers) of the distributions of similarly extracted features from KCs. By definition, the

tail of distributions contains a small number of instances, making it difficult to reliably

model. To address this challenge, specialised tools that estimate the probabilities of

rare events can be applied. In this research, the extreme value theory (EVT) is applied.

EVT models exceedances over a high threshold using a Generalised Pareto Distribution,

(GPD) (based on Pickands-Balkema-de Haan theorem [169, 170]) to infer statistical

properties from a limited number of extreme observations. EVT models the tail region

of the known class distribution, which can then be used to assess new input data to

determine if it has a low probability of belonging to the known class distribution and

should therefore be rejected as an unknown class instance [168].

[171, 172] achieve OSR within SVM classifiers via applying EVT to model the tail

of the distribution of distances from decision boundaries learnt from the known classes.

Such an open set SVM classifier penalises decision scores of new data that move further

away from known data to open space. This allows for an OSR threshold based on known
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data to be determined. A similar concept is applied in OpenMax to recalibrate the class

probabilities of deep neural networks in [173]. [174] builds a dictionary corresponding

to known classes, then aims to find a sparse representation of input data using this

dictionary. EVT is used to model the tail distribution of reconstruction errors to get

an OSR threshold.

The open set nearest neighbour (OSNN) algorithm proposed by [175] applies a

threshold on the ratio of distances between new data and its nearest neighbour from

its closest class and the distance to its nearest neighbour from its second closest class.

If the ratio is small, it implies that the new data belongs to the first class, while a

large ratio implies it lies in open space. This method remains efficient as the number

of KCs increases, but may be sensitive to outliers due to using only two reference

samples [167]. This is addressed by [176], which generalises the OSNN to k-OSNN

which uses k reference samples and incorporates EVT for modelling the distribution of

distance ratios to perform OSR. OSR has been successfully applied in computer vision

systems [177], mechanical bearing fault diagnosis [178] and electrical load classification

[179]. The novel application of OSR to power system event classification in this research

can improve situational awareness and inform improved decision-making.

It should be noted that there are other frameworks that partially address OSR,

but have different formulations and goals (see [167]). Anomaly detection may treat all

KCs as a single class and detects when new data are different from all KCs. Ignoring

discriminative features between KCs may impact the accuracy of such methods to detect

anomalies [167]. Out of distribution detection similarly uses statistical deviation from

the training data distribution to detect anomalies. Such methods may be used as part of

an OSR framework which aims to accurately classify known classes and label anomalies

as unknown.

Open Set Nearest Neighbours (OSNN)

Due to the low complexity and scalability to multi-class classification of the k-OSNN

algorithm [176], this method is adapted for power system event classification in this

PhD research. For feature vectors xi, corresponding class labels, yi ∈ Y, and a target
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vector x̂, k-NN classification finds the k nearest training points, Nk(x̂), using a distance

metric such as Euclidean distance [180]. The predicted label, ŷ, is the class label with

the highest occurrence among these points. To facilitate OSR, a distance ratio, r(x̂), is

defined as [176]:

r(x̂) =
d(x̂)

dc(x̂)
, (5.3)

where d(x̂) represents the average distance between x̂ and the set of points in Nk(x̂)

and dc(x̂) represents the average distance between x̂ and k nearest points that are not

in class ŷ. As illustrated in Figure 5.2, this ratio is small if x̂ is close to a known class

and is larger if x̂ moves into open space away from known classes. If r(x̂) is above a

specified threshold, then x̂ should be classed as unknown.

During the training phase, no knowledge of the unknown classes is available. There-

fore, the rejection threshold is determined based on distribution of the distance ratios,

r(xi) ∈ R, of the training data. It is expected that an unknown class instance will have

a large distance ratio, r(x̂), compared to the majority of the training distance ratios

associated with known classes. This means that the proportion of training distance

ratios that are greater than r(x̂), estimated by P (R > r(x̂)), will be small. r(x̂) of an

unknown class instance is therefore in the tail of the distribution. Based on EVT, it is

shown in [176] that P (R > r(x̂)) can be approximated by:

P (R > r(x̂)) = P (R > t)×Gτ,γ(r(x̂)− t), (5.4)

where P (R > t) is the proportion of samples above a threshold t, chosen so that

values of R > t are considered to be in the tail of the distribution and Gτ,γ(r(x̂)− t) is

the conditional probability that R exceeds r(x̂) given that it is already above t. This

probability is estimated by fitting the generalised Pareto distribution (GPD) to the tail

(i.e. values above t) of R. The OSNN class prediction, yO, becomes:

yO =


argmax

y∈Y

∑
i∈Nk(x̂)

1{yi = y}, if P
(
R ≥ r(x̂)

)
≥ α,

Unknown, otherwise.

(5.5)
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where α is a user specified parameter that determines the sensitivity to UCs. α

can be interpreted as the percentage of known class instances that are at risk of being

classed as unknown. The choice of α is a tradeoff between closed-set misclassification

and failure to detect unknown classes. (5.5) effectively classifies new inputs as the class

associated with its nearest neighbours (i.e., traditional kNN classification) when the

input does not lie in the tail of the known class distribution, otherwise, it is rejected as

unknown. Another key strength of open-set classification is that the training process

will simultaneously optimise the known class classification performance, while fitting

the tail distribution. It therefore balances closed set accuracy with the ability to reject

unknown classes. It should also be noted that (5.5) cannot differentiate between different

unknown classes.

5.3.2 Wavelet Scattering Transform (WST)

Event classification and OSR require discriminative features that reduce within-class

variability and maximises variability across different classes. To achieve this, the wavelet

features produced by the proposed G-SWMU can be further enhanced using the WST.

The WST is a deep convolution network consisting of cascading layers of convolution

with complex wavelet filters, non-linear modulus operations and average pooling [181].

Wavelets localise transients in the input waveforms, extracting amplitude and phase

information across different frequency scales. The modulus of the wavelet coefficients

captures the energy of the signal, and removes the impact of phase information that may

be sensitive to translations within the same event class (e.g. similar events with different

inception angles) [182]. Low pass filtering produces an average representation over the

width of the filter, leading to scattering coefficients with local translation invariance.

Cascading layers capture different information structures. The zeroth, S0x(t), first,

S1x(t, λ1), and second, S2x(t, λ1, λ2), order WST of a time series signal x(t) are defined

as:

S0x(t) = x(t) ∗ ϕJ(t), (5.6)

S1x(t, λ1) = |x(t) ∗ ψλ1 | ∗ ϕJ(t), (5.7)
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S2x(t, λ1, λ2) = ||x ∗ ψλ1 | ∗ ψλ2 | ∗ ϕJ(t), (5.8)

where ϕJ(t) is a low pass filter with averaging scale of 2J , ψ is a wavelet filter bank

and λ1, λ2 are the centre frequencies of the corresponding wavelet filter banks that are

specified via the number of wavelets per octave Q [182]. The zerothorder scattering

represents a local average of the signal. The first order scattering captures local energy

at different frequency scales, thus extracting oscillatory and transient structures within

the input. It should be noted that the expression x(t)∗ψλ1 in (5.7) produces the wavelet

coefficients utilised and retained by the G-SWMU. The second order scattering captures

patterns of how that energy changes over time, thus enhancing patterns and structures

in the occurrence of transients over the observation window. Figure 5.3 illustrates the

first and second order WST coefficients for the faulted voltage waveforms associated

with a splice failure and vegetation encroachment, respectively.

It can be seen that features associated with transient distortions are more clearly

represented in the second order scattering. The differences between the extracted WST

coefficients across both scattering orders can help discriminate between different events.

The multi-layer network and predefined wavelet filters make the WST suitable for deep

feature extraction from limited labelled event training data. It is also invariant to local

translations and stable to time-warping deformations, based on the averaging scale of

ϕJ(t) (2J samples), making it robust to within-class variations present in power system

event waveforms.
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Figure 5.3: Visualisation of Wavelet scattering coefficients for different events: (a)-(c)
Splice failure and (d)-(f) Vegetation encroachment

5.3.3 Wavelet Scattering based Open Set Nearest Neighbours (WS-

OSNN) Classifier

The proposed WS-OSNN is illustrated in Figure 5.4. The wavelet scattering on its own

provides a deep feature extraction (different layers of information correlated to differ-

ent structures) with limited data. This richer feature extraction allows discriminating

between known classes. This research further extends the discriminative ability of the

wavelet scattering transform by embedding open set recognition within the distribution

of scattering features to determine a threshold to reject unknown class instances, which

are likely in real-world conditions especially if the training data is limited .

Three-phase voltage and current waveforms (data from the GESL is used in this
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study) are scaled to per unit values based on nominal voltage levels and pre-event

currents. The Clarke transform is then applied to obtain orthogonal alpha and beta

components, Vα,β, Iα,β to represent unbalanced conditions. The use of the Clarke trans-

form is beneficial, since conventional WST implementations typically also assume input

channel independence. This is then input to the WST as implemented based on [183].

J , which influences the time invariance, is specified in terms of number of samples in

the observation window, depending on the application and the data. A minimum of

1 nominal cycle should be specified for different event inception angles. In the case of

DFR records, which contain several cycles of measurements before and after an event

of interest, a fraction of the observation window can be chosen up to 1/2 of the input

window.

The design of the wavelet centre frequencies impacts the feature extraction. A higher

Q leads to increased frequency resolution, but will result in lower time resolution, and

it is better suited to oscillatory dynamics. A lower Q results in a higher time resolution

and is better suited to transients or impulses. A Q factor of 1 is therefore selected for

the second scattering order to better characterise transients [182]. It is proven in [181]

that for an increasing order of the scattering transform, the energy converges to zero,

hence a scattering order of 2 is sufficient for this application. The values of J and the

first order Q are considered hyperparameters and will be selected in the training phase.
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Figure 5.4: Architecture of the proposed WS-OSNN power system event classifier

For each input to the WST, mean pooling is applied to combine the different scat-

tering layers, resulting in scattering vectors V S
α,β, I

S
α,β . These are then combined for

each event, resulting in feature vector xi = {ISα,β, V S
α,β}, x ∈ X, i = 1...N , where X is

the feature matrix for N events. The training features are then input to the OSNN.

For each feature vector, distance ratios are calculated using (5.3) and the tail of this

distribution is modelled by fitting a GPD to the values above a threshold t, using an
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iterative maximum likelihood procedure. The optimal k and t are found so that they

give good known class classification accuracy and a good GPD fit for the training data.

More details of this procedure can be found in [176].

The resultant classification model therefore has an OSR mechanism via (5.4) to

evaluate the probability that a new input produces a distance ratio in the WST feature

space that is extreme in comparison to the training data. (5.5) is then used to per-

form the open set classification. Since unknown class instances are unavailable during

training, an initial value for α is set as an acceptable risk factor of classifying known

classes as unknown and can be adjusted in open-set validation testing and/or updated

after deployment. An initial α of 0.2 is adopted in this research based on a sensitvity

analysis that will be subsequently discussed. The proposed WS-OSNN can therefore

extract relevant features from limited labelled power system event waveforms and clas-

sify known classes while remaining robust to unknown classes that may be encountered

in deployment.

5.3.4 Open-set Power System Event Classification Framework

Figure 5.5 illustrates an open set power system event classification framework consisting

of three main phases. In the open set model training phase, historical labelled event

waveforms (e.g. from the GESL in this work) are processed and input to a supervised

classification model such as the proposed WS-OSNN. Only known class training data

are utilised to minimise the training/validation closed set error and incorporate OSR.

The trained model is then deployed in the open set classification phase. New event

waveforms to be classified, that may belong to unknown classes, are input, processed

and classified. If the new event waveform is determined to belong to the known classes,

then the class prediction is output, otherwise the waveform is classified as unknown. The

incremental learning framework builds on OSR, which does not differentiate between

different unknown classes. Unsupervised clustering techniques or waveform similarity

metrics can be used to find initial clusters of waveforms that may be attributed to

similar unknown event causes. This can then be combined with domain knowledge in-

cluding domain expertise, root cause failure analysis findings, or further investigations
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to determine suitable event labels. Finally, these event labels and corresponding wave-

forms can be added to the existing database and the classification models updated, thus

facilitating manual incremental learning.
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Figure 5.5: Open set power system event classification framework

5.4 Classification Performance and Benchmarking

5.4.1 Class Definition

For ML-based applications, it is critical to have realistic training data. As mentioned

previously, the open source data available in the GESL has been used in this work.

It contains labelled three-phase voltage and current waveforms sampled at 15,360 Hz

and 7,680 Hz with a nominal frequency of 60 Hz. Downsampling is used to create a

consistent dataset sampled at 7680 Hz and a window of 1024 samples (8 cycles) is input

to the WS-OSNN. Vegetation encroaching on power lines and equipment failures can

manifest as intermittent self clearing faults that may not immediately trigger protection

relays or lead to a major incident. Identification of these early signs can inform critical

interventions. The event classes {and the associated class sizes} used to evaluate the

proposed classification model are:

• Vegetation Encroachment, VE, {30}

• Equipment Failure, EF, {25}
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• Transformer Inrush, TI, {11}

• Hot Transfer, HTF, {9}

• Splice failure, SF, {2}

VE and EF represent the main closed set targets requiring maintenance intervention.

TI and HTF represent transient but normal operations that may be encountered by a

classification model but not necessarily accounted for in training. SF may be considered

as a sub-class of the EF class (but not in the EF training data). SF is representative of

rare unknown class instances that can be encountered in deployment. Case studies are

performed with different combinations of classes assigned as KCs and UCs. The degree

of openness O∗ of the classification task is defined as [167]:

O∗ = 1−
√
2CTR/(CTR + CTE), (5.9)

where CTR is the number of KCs in training and CTE is the number of classes in testing

including KCs and UCs. For a closed-set dataset, O∗ is zero and increases as the number

of UCs increases.

5.4.2 Determining Optimal Settings for J and Q

To determine suitable values for J and the first scattering order Q, a grid search is

performed for different combinations during the training phase. Each observation win-

dow contains 1,024 samples or 8 cycles. J is varied from 6 to 9, where the value of 6

corresponds to 26 = 64 samples, i.e. half a cycle, while the value of 9 corresponds to

29 = 512, i.e. 4 cycles or half the observation window. Q is varied from 1, which is

best suited to short time transients, to larger values (up to 16), which provide finer fre-

quency resolution and are therefore better suited to oscillatory components. Closed-set

accuracy and unknown detection rates are used to analyse the impacts of J and Q on

the performance of the WS-OSNN.
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Figure 5.6: Impact of J and Q on closed-set accuracy
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Figure 5.7: Impact of J and Q on unknown detection

Figures 5.6 and 5.7 illustrate heatmaps for closed-set accuracy and unknown detec-

tion rate, respectively, for different combinations of J and Q. The analysis indicates

that a J of 9 and a Q of 8 gives a relatively balanced performance in terms of main-

taining closed-set accuracy and rejecting unknown instances for the dataset used in this

research.

5.4.3 Performance Metrics

A true positive (TP) classification of UCs is not strictly defined since it is not represented

in the training set [167]. F-measures, as described Section 3.3.2 of Chapter 3, are

therefore calculated taking into account the TP rate of KCs only as defined in [167].
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These metrics penalise misclassified UCs (via false negatives) and misclassified KCs (via

false positives). To assess the WS-OSNN’s ability to reject UCs, Youden’s index, YI,

which captures true negatives (TN), is applied as:

R = TP o/(TP o + FNo), (5.10)

S = TNo/(TP o + FNo), (5.11)

Y I = R+ S − 1, (5.12)

where R is recall, S is the true negative rate, TP 0 are known samples correctly classified

as known, FNO are known samples incorrectly classified as unknown, TNO are unknown

samples correctly classified as unknown and FPO are unknown samples incorrectly

classified as known. These are highlighted in Figure. 5.8(a). Y I ranges from [−1, 1]

with a higher value indicating improved OSR. F-measures highlight how incorporating

OSR impacts the closed-set performance while Y I evaluates OSR performance.

5.4.4 Case Study: Closed-Set Performance in Classifying Known Classes

This case-study evaluates the performance of the trained models when subject to new in-

puts that belong to the KCs. Accurate classification of KCs and reducing false detection

of UCs (by the open-set models) are important performance benchmarks. The closed-

set performance of the proposed WS-OSNN model is first demonstrated in its ability

to classify Vegetation and Equipment Failure events. The performance of proposed

open-set model is compared with its closed-set equivalent WS-NN, the closed set DTW-

1NN waveform similarity model of [105] and a kNN classifier with out-of-distribution

detection incorporated separately (referred to as OOD+WS-NN). Hyperparameters and

settings of these models are listed in Appendix D.

Leave-one-out-cross validation (LOO-CV), which is suitable for small datasets, is

used to assess the performance of the models and the performance metrics are sum-

marised in Table 5.1. The high F-scores show that features present in event waveforms

can be used for event cause identification. Models that use the WST show an increase
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in performance compared to the DTW. This highlights the advantage of extracting

time-frequency structures from waveforms compared to time-domain similarity based

features. Open-set models, e.g. the proposed WS-OSNN, show a slight decrease in

closed-set performance compared to the WS-NN, highlighting that incorporating OSR

can result in a trade-off with closed set performance as the decision boundaries may

change.

Table 5.1: Closed-set Performance

Classifier F-score (%)
Vegetation Equipment Failure

WS-OSNN (Proposed) 82.75 80.76
OOD+WS-NN 83.02 79.07

WS-NN 89.23 84.44
DTW-1NN 83.33 80

5.4.5 Case Study: Open-Set Performance in Identifying Unknown

Classes

TI is now introduced as an UC into the test set in this case study, which represent a

scenario where previously trained models are deployed and encounters an event class not

considered during the training phase. LOO-CV is applied on the KCs, the final model is

then trained using all the KC training data and the UC is input to the final model. The

confusion matrices and open-set performances are presented in Figure 5.8 and Table

5.2 respectively. As expected, UCs are incorrectly classed as a KC by the closed-set

models (Figure 5.8(c) and (d)), i.e., a degradation in performance. This translates to

false positive detections of the target KCs.

The OOD+WS-kNN had a tendency to class KCs as Unknown, resulting in a lower

YI compared to the WS-OSNN, which can lead to missed target event detection. This

highlights the advantage of incorporating OSR within the ML training optimisation

process as in the WS-OSNN. The WS-OSNN achieves a good balance between detecting

UCs (higher YI) and avoiding false negative unknown classifications (higher F-scores).

146



Chapter 5. G-SWMU based Open-Set Classification of Power System Events

(a)(a)

TP
O

TN
O

FP
O

FN
O

(d)(d)(c)(c)

(b)(b)

Figure 5.8: Open-Set Performance: (a) WS-OSNN with metrics used to calculate YI
highlighted, (b) OOD+WS-NN, (c) WS-NN and (d) DTW-1NN

Table 5.2: Open-set Performance

Classifier F-score (%) YIVegetation Equipment
Failure

WS-OSNN
(Proposed)

82.75 79.25 0.9091

OOD+WS-NN 83.02 79.07 0.7454
WS-NN 84.06 73.08 NA

DTW-1NN 78.13 70.18 NA

Deployed classification models are likely to encounter larger proportions of UCs,

leading to increasing openness. To evaluate this, different combinations of UCs are

added to the test set and the corresponding levels of openness are calculated using (5.9).
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Figure 5.9 highlights the performance of the models under different levels of openness.

O∗ = 0% corresponds to closed-set with 2 KCs, while the ratios of KC/UC are 3/1, 2/1

and 2/2 for O∗ = 7.4%, 10.6% and 18.3% respectively. The open-set models are more

resilient to UCs with smaller reductions in F-scores compared to the closed-set models

as the openness increases. The WS-OSNN also has better OSR performance, as shown

by the higher YI, compared to the OOD+WS-NN. However, the OSR performance of

the WS-OSNN fluctuates as the class definitions and openness changes, highlighting its

reliance on the statistical distribution of the known training data and the selection of

the OSR threshold.

Openness

(KCs)/(UCs)

0%

(VE)/(EF)

7.4%

(VE,EF,TI)/(HT)

10.6%

(VE,EF)/(TI)
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Macro average F-score
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WS-OSNN OOD+WS-NN WS-NN DTW-1NN

Figure 5.9: Impact of openness on classification performance

5.4.6 Case Study: Sensitivity of the WS-OSNN to Unknown Classes

Table 5.3 highlights the F-scores and YI for different values of α for the O∗ = 7.4%

(VE, EF, TI)/(HT) case. A small α decreases the sensitivity to UCs (lower YI) with

some UCs being classed as known, lowering the F-scores. Increasing α improves the

OSR performance, but this can impact the closed-set performance reflected by lower
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F-scores. To set α, the approach adopted in this thesis of assigning some of the KCs as

unknown can be used to get an initial setting. α can then be updated after deployment

to balance spurious alarms with missed events (with respect to the target known classes).

However, there is no prior knowledge of true unknowns, so a choice of α that places

greater importance on closed-set performance is a more conservative approach. Based

on Table 5.3, α = 0.2 appears the best value for this dataset.

Table 5.3: Impact of α on Open-set Performance

α Macro-average F-score
(%)

YI

0.05 79 0.55
0.2 77 0.78
0.35 72 0.78

5.4.7 Case Study: Identifying Similar Unknown Event Waveforms

To demonstrate how the proposed WS-OSNN can facilitate event investigations, the

SF, HTF and TI records, described in Table 5.4, are input to the model trained on the

VE and EF classes. The EF training records do not include representative instances

of the SF. The closed-set WS-NN classes one instance of the SF class as EF and one

as VE, highlighting inconsistencies caused by inputs that are out of the training data

distribution. The proposed WS-OSNN classes both of these as Unknown.

Visualising hierarchical relationships within the WST feature space of the UCs de-

tected by the WS-OSNN can aid investigators in identifying similar waveforms. Figure

5.10 illustrates a hierarchical clustering dendrogram for UC instances identified by the

WS-OSNN. The lowest level of the dendrogram represents the individual signals. Sig-

nals 195 and 193 are the SFs, 914-916 are associated with TI and 893-895 are associated

with HTF. A node signifies where two branches merge, and the branch height shows the

distance at which two clusters were joined. Initially, each signal is its own cluster. In

this analysis, clusters are merged by calculating the maximum distance between mem-

bers of clusters and merging the two clusters in which this distance is smallest. This

process is repeated until all the unknown signals are in one cluster. A key considera-
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tion is therefore how to interpret the hierarchical dendrogram to estimate a meaningful

number of clusters (if any exist). Statistical methods are described in [184], however, it

is also noted that assumptions made about unknown data limit the suitability of these

methods. Their application to limited power system data is beyond the scope of this

research. Manual interpretation via the application of domain knowledge and engin-

eering judgment is also suitable approaches [184]. One such approach is partitioning

the dendrogram at a particular height. Branches that merge below this decision height

are considered to belong to a potential cluster. This partition height is therefore a

threshold that limits how dissimilar instances can be, in order to be considered in the

same cluster.

Partition Height

Cluster 1

Cluster 2

Outlier

195 193 915 914 916 895 893 894

Figure 5.10: Hierarchical clustering dendrogram of Unknown event waveforms

An intuitive way to estimate an initial partition height is to find large changes in

the merging heights [184,185]. An ordered plot of merging heights versus the resulting

number of clusters can be examined and inflection (elbow) points corresponding to large

changes can be used as the partition height as illustrated in Fig. 5.11. An inflection

point in this context is where the rate of decrease changes noticeably, meaning the curve

transitions from a steep decline to a gentler decline. This indicates that splitting the

data into the corresponding number of clusters captures a significant separation in the

150



Chapter 5. G-SWMU based Open-Set Classification of Power System Events

data. This is based on the distances between wavelet scattering features of members

of the different resulting clusters. An increasing in the number of clusters accompanied

by a relatively less steep drop in merging heights means that there could be clustering

on noise or over-segmenting the data. The highlighted inflection points correspond to

numbers of clusters beyond which further increasing the number of clusters yields only

marginal improvements in cluster separation. Applying these thresholds and visualising

the dendrogram gives an approximate clustering for further (manual) validation.

The analysis shows that signal 195 is clearly differentiated from other waveforms

(corresponding to two clusters in Figure 5.11). The second inflection point in Figure

5.11, corresponding to 4 clusters illustrated in Fig. 5.10 shows that signal 193 is also

differentiated from distinct clusters that align with the TI and HTF class labels. This

analysis provides a starting point from which investigators can examine and manually

verify potential clusters, as illustrated in Figure 5.12. It should be noted that this

analysis alone does not provide a basis for attributing signal 193 and signal 195 as

being members of the same class. Combining data and learnings from similar events

and applying domain expertise may better allow investigators to determine a suitable

event clustering and root cause.
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Figure 5.11: Merge heights of the UC instances with large changes highlighted
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Figure 5.12: Voltage and current waveforms of potential clusters and outliers from
clustering analysis
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Table 5.4: Event Descriptions from GESL

Signal ID GESL Description

193 Fault on riser splice
195 Splice failure on aerial cable
914 Small inrush on phase B
916 Small three phase inrush
893 Three phase line switch 50% decrease
895 Three phase line switch 20% increase

5.4.8 Discussion

The proposed classification model is trained entirely on a small (<100 instances) real-

world dataset and demonstrates good performance with respect to classes (VE, EF)

that are highly variable and difficult to model. This is evidenced by the higher f-scores

of 82.57% and 79.25% compared to the scores of the waveform based DTW-1NN (78.13

and 79.25) for the WE and EF classes. This is due to pre-defined wavelet filters, trans-

lation invariance and deep time-frequency structures extracted by the WST. The event

descriptions in Table 5.4 and the waveforms of Figure 5.12 show different inception

angles, durations, magnitudes and affected phases that power system events exhibit.

The time-frequency features extracted by the WST resulted in satisfactory classifica-

tion performance, with little feature engineering required to address or normalise these

variations.

Incorporating OSR within power system event classification can improve the per-

formance of traditional closed-set classifiers when unknown inputs (with respect to the

known training data) are encountered. It was found that applying out-of-distribution

detection separately as a pre-classification step can detect unknown instances. How-

ever, it was prone to incorrectly classifying known instances as unknown, resulting in a

lower YI score of 0.7454 as shown in Table 5.2. Incorporating OSR within the training

framework addressed this issue achieving a higher YI of 0.9091, and a 16% increase in

OSR performance. Integrating OSR therefore allows a mechanism, via α, to adjust the

tradeoff between sensitivity to unknown classes and closed-set performance.

The case studies highlight the effectiveness of the WS-OSNN to discriminate between

153



Chapter 5. G-SWMU based Open-Set Classification of Power System Events

different event causes while identifying unknown events. The proposed WS-OSNN is

therefore a valuable method for accurately classifying known events and identifying, with

the aid of visualisation, clustering analysis and manually applied domain expertise, sim-

ilar waveforms for further investigation. A key benefit of the proposed WS-OSNN is that

it addresses the near-term challenges of adopting state-of-the-art art machine learning

methods, which would typically require large labelled datasets, for power system event

classification. The proposed method is suitable for training databases with limited la-

belled event instances, and through the identification of unknown event waveforms, can

provide an initial point for further, possibly, manual analysis.

5.5 Integration With the Proposed G-SWMU Algorithm

5.5.1 Classification Using Post-Event G-SWMU Output

The preceding open-set classifier was trained and evaluated using the historical data-

base of raw event waveforms as captured by recording devices. However, curating such

datasets may be difficult due to storage requirements and manual data collation. To

demonstrate the potential advantages of utilising the informative, yet sparse features

produced by the G-SWMU algorithm proposed in Chapter 4, a case study that inputs

the reconstructed waveforms via the G-SWMU outputs to the WS-OSNN is presen-

ted. The three-phase voltage and current waveforms from event 187, described as an

arrester failure, are input to the proposed G-SWMU algorithm, resulting in a wavelet

feature matrices and phasor outputs. These outputs are then used to give a partial

reconstruction of the event waveforms, as illustrated in Figures 5.13 and 5.14.
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Figure 5.13: Comparison between SWMU algorithm reconstruction and fundamental
phasor

Figure 5.13 compares the input phase C voltage waveform from the GESL with the

reconstruction created via the processed G-SWMU algorithm outputs. It is observed

that the transient distortion, particularly between samples 200 and 300, is preserved.

For reference, the fundamental phasor magnitude is also displayed, highlighting the loss

of these signatures.

Figure 5.14 demonstrates the reconstructions for all event 187 waveforms. It should

be noted that where there are sudden step changes, an error is introduced as the G-

SWMU phasor output gradually tracks the step. However, the distortions in the wave-

forms are retained. Similarly, event 165 (Vegetation) was also processed and recon-

structed. The proposed WS-OSNN is trained using all other available, raw waveforms

and the reconstructed event waveforms were input to the WS-OSNN. Table 5.5 demon-

strates that the WS-OSNN correctly outputs the predicted class labels of the G-SWMU

based reconstructed waveforms and the results were also consistent with the predicted

label using the raw GESL waveforms.
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Figure 5.14: Event waveform reconstructed from G-SWMU algorithm outputs

This case study demonstrates that the feature extraction capabilities of the proposed

G-SWMU algorithm offers similar classification performances as using raw waveforms.

The G-SWMU algorithm therefore better detects and extracts relevant features con-

tained in the input synchro-waveforms compared to PMUs while significantly reducing

the burden associated with continuously streaming and archiving synchro-waveforms.
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The proposed WS-OSNN classifier can be trained using existing, raw waveform signa-

tures from recording devices and utilise processed G-SWMU outputs in deployment,

thus highlighting its practicality and compatibility with existing synchronised measure-

ment technologies.

Event Input True Label Predicted Label

187 GESL Waveform EF EF
SWMU Reconstruction EF EF

165 GESL Waveform VE VE
SWMU Reconstruction VE VE

Table 5.5: SWMU based WS-OSNN classification results

5.5.2 Design of Online G-SWMU-Based Event Classification

To facilitate online event detection and classification, the trained WS-OSNN classi-

fier can be deployed within the proposed G-SWMU algorithm presented in Chapter 4.

Figure 5.15 illustrates a possible configuration for an online, event driven, G-SWMU

processing platform capable of event diagnostics. Synchro-waveforms are input to the

proposed G-SWMU algorithm. The wavelet based transient filter,WSCTF, is used for

event detection as demonstrated in Section 4.2.1. If no transient events are detected,

then the appropriate synchrophasors are output.

If an event is detected, the transient detected flag is enabled and communicated

within the phasor data attributes, since the estimated phasor may be unreliable. At the

same time, input waveforms (consistent with the window size used in offline training)

can be input to the trained WS-OSNN classifier. If the event is determined to be from

a known class, the event class prediction can be output and communicated to inform

situational awareness and mitigation actions. In this case, the transient wavelet matrix

that gives an approximate reconstruction of the transients of interest may also be saved

or communicated. If the input is determined to be unknown to the pre-trained classifier,

the G-SWMU transient output or the raw waveform records, as would typically be done

using conventional DFR functionality, may be saved to enable post event investigations.
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Figure 5.15: G-SWMU algorithm with integrated WS-OSNN functionality

As the deployment of G-SWMU devices increases, the framework illustrated in Fig-

ure 5.15 allows actionable information to be communicated while reducing the storage

requirements by requiring the storage of only unknown events, either as DFR waveforms

or G-SWMU processed outputs.

This design is flexible and extendable depending on the user needs. For example,

particular event classes may trigger certain processing or outputs relevant to that event.

The recurrence of similar events (or similar unknown event waveforms found by cluster-
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ing as discussed in Section 5.4.7) may also trigger alarms, as this may be a precursor of

a more serious failure, e.g., self-cleaning incipient faults before equipment or insulation

failure.

5.6 Chapter Summary

This chapter has presented a G-SWMU based power system event classifier, which is

capable of accurately classifying anomalous power system events using limited training

data. The wavelet features extracted by the G-SWMU algorithm proposed in Chapter

4 were extended to a deep learning architecture via wavelet scattering networks. The

wavelet scattering transform utilises pre-defined wavelets to extract the time-frequency

structures of the input waveforms, further expanding the transient features retained

by the raw waveforms or processed G-SWMU outputs. This property is useful for

waveform based power system event classification where training datasets are limited.

To further address potential overfitting and biases associated with limited data, open set

recognition, which is a mechanism for classification models to reject unknown instances

and avoid misclassifying such instances as known, was also applied.

The proposed WS-OSNN combines wavelet scattering feature extraction and OSR

integrated classification. It was trained and evaluated on actual event waveforms avail-

able via the open-source GESL. The WS-OSNN was found to accurately classify known

classes of interest even when trained with limited labelled examples. Unknown class

instances were also successfully rejected, thus reducing false detection of events. To aid

in unknown event investigations and potentially improve training datasets, similar in-

stances within the unknown class set can potentially be found by visualising hierarchical

clusters among the WST features.

The WS-OSNN was demonstrated using both raw waveforms from the GESL and

waveforms reconstructed via the proposed G-SWMU algorithm outputs. The results

indicate that the outputs of the G-SWMU algorithm of Chapter 4 can support synchro-

waveform based applications, while reducing the requirements of supporting infrastruc-

ture associated with continuous streaming of synchro-waveforms. The WS-OSNN may
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also be integrated with the G-SWMU algorithm to enable online identification of anom-

alous events of interest. The long term adoption of the G-SWMU and the WS-OSNN can

aid utilities in curating event datasets with meaningful diagnostic labels, thus improv-

ing situational awareness and enabling more targeted decision support via the accurate

identification of critical events.
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Chapter 6

Conclusions and Future Research

6.1 Conclusions

The massive integration of IBRs in power systems has fundamentally altered the sys-

tem behaviour, which introduces significant operational challenges that can severely

compromise system security. This thesis has presented research on addressing the chal-

lenges associated with real-time monitoring and decision-support, with a specific focus

on IBR dominated systems. Current wide-area monitoring systems primarily rely on

synchrophasors from PMUs, which assumes a fundamental sinusoidal reference. This

limits their suitability in fully capturing emerging system dynamics induced by IBRs,

which can frequently contain non-sinusoidal distortions, sub-cycle transients, sub/super

synchronous oscillations, etc. High-resolution, synchro-waveforms can accurately cap-

ture IBR-induced dynamics, thus addressing the issue with accuracy. However, they

typically output large volumes of data, which results in challenges of data transmis-

sion (particularly if continuous streaming is required), storage and processing, making

them impractical for deployment over wide areas of the power system. Therefore, new

synchronised measurement approaches are urgently required that can simultaneously

provide accurate representation of diverse system dynamics and maintain compatibility

with practical data storage and communication constraints, in order to enable critical

real-time monitoring and decision support functions in IBR-dominated power systems.

The first contribution of this thesis addresses the challenge associated with emer-
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ging IBR-induced oscillations from the perspective of existing measurements (including

synchrophasors and raw synchro-waveforms) and infrastructure. An analysis of a PMU

dataset uncovered precursory signs of SSO events in the GB system that persisted within

operational timescales. A framework for identifying oscillatory signatures, including

precursors, in historic synchronised measurement datasets via statistical change-point

analysis was proposed. Based on these signatures, an ML-based SSO early warning

system was developed to detect and inform the risk of emerging IBR-driven system

oscillations. The SSO early warning system was validated using real-world data and

highlights the ability of PMU measurements to detect oscillatory instability. From the

study, it was also demonstrated that the fundamental sinusoidal reference and standard

filtering of conventional PMUs limit their ability to detect and characterise multiple

IBR driven oscillation modes (e.g. sub/super-synchronous oscillations) and their prop-

erties. Raw synchro-waveforms can enhance oscillation analysis, however communica-

tion and storage infrastructure constraints mean that such measurements are available

via threshold-triggered waveform recorders that can miss emerging oscillation events.

Improved processing of raw synchro-waveforms to support their real-time and scalable

deployment can benefit the analysis of IBR-driven SSO’s and other emerging dynamics.

The second contribution of this thesis addresses the measurement challenge of bal-

ancing accuracy and data volume by developing a novel, generalised synchro-waveform

measurement unit processing algorithm i.e. G-SWMU, which is capable of extracting

and translating key meaningful features of raw synchro-waveforms while reducing the

volume of data to be communicated. The G-SWMU utilises a two-stage, time-frequency

feature extraction method. In the first stage, non-sinusoidal distortions are detected

and sparsely represented by a wavelet scale correlation transient filter (WSCTF). In

the second stage, multi-frequency phasor estimation is achieved via the iterative exten-

ded DFT based empirical wavelet transform (I-EDFT-EWT). The G-SWMU therefore

produces fundamental phasors during steady state conditions and adapts to different

possible dynamics contained in the input synchro-waveforms. The proposed G-SWMU

algorithm was validated using actual waveforms and can detect and characterise a wide

variety of conditions, including transient events and oscillations. Accurate and prompt
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(within conventional PMU processing windows) measurements of closely spaced inter-

harmonics associated with IBR-driven oscillations are demonstrated via case studies

using waveforms captured during actual SSO events. The suitability of the proposed

SWMU algorithm output to more effectively support oscillation source location tech-

niques was demonstrated, providing improved performance relative to a conventional

PMU based method.

The G-SWMU algorithm requires little to no prior knowledge of the underlying dy-

namics, is configurable, (e.g. frequency resolution is a design specification), and provides

a balance between noise rejection and sensitivity. Synchro-waveforms are processed loc-

ally to extract features that capture information up to several kHz, with the features

reported at standard PMU reporting rates (< 200 frames per second). A mapping of pro-

cessed outputs of the proposed G-SWMU algorithm to the IEEE C37-118-2-2024 format

has also been presented. Theoretical estimations demonstrated slightly increased but

manageable bandwidth requirements compared to traditional PMU outputs and con-

siderably less bandwidth requirements compared to streaming raw synchro-waveform

samples at several kHz. The G-SWMU algorithm therefore addresses the measurement

limitations of conventional PMUs as well as the challenges of continuously streaming

large volumes of raw synchro-waveforms, thus enabling a wide range of monitoring and

control applications urgently needed in IBR-dominated power grid.

While motivated by IBR-driven dynamics, the adaptability and scalability of the

G-SWMU can enable wider applications that extend beyond IBR-specific use cases,

thus supporting broader investment in synchro-waveform platforms. The third contri-

bution of this thesis therefore developed a novel G-SWMU based event classifier, i.e,

the WS-OSNN. The outputs of the G-SWMU algorithm were integrated into a feature

extraction process suitable for state-of-the-art ML methods via the wavelet scattering

transform WST. The improved transient features retained by the G-SWMU along with

the predefined wavelet filters of the WST were found to be suitable for event classes with

limited labelled instances that are also difficult to accurately model, e.g. vegetation en-

croachment and equipment failure. To further enhance the capabilities of the proposed

G-SWMU based WS-OSNN classifier, this research incorporated open set recognition
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(OSR) which aims to accurately classify known class instances and simultaneously re-

cognise inputs that do not belong to known classes in order to classify them as unknown.

The WS-OSNN was trained and evaluated using real-world data and achieved accur-

ate classification performance for known classes while successfully rejecting unknown

class instances. The G-SWMU enabled WS-OSNN classifier therefore translates high-

resolution synchro-waveform features into reliable event classifications, thus enabling

improved situational awareness and informing more appropriate, effective mitigation

strategies.

The findings of this research demonstrate the critical need for high-resolution yet

scalable monitoring techniques for secure IBR integration. The contributions presented

in this thesis provide feasible solutions to this challenge, setting the foundation for the

adoption of a new generation of synchronised measurement technologies. The adoption

of the contributions of this research will enable accurate monitoring and mitigation of

critical events in order to ensure the secure and reliable operations of IBR dominated

power systems.

6.2 Future Research

6.2.1 Hardware Deployment of the Proposed G-SWMU Algorithm

The development and testing of the G-SWMU algorithm conducted in this thesis was

limited to desktop simulations. Practical deployment of the G-SWMU algorithm will

require further refinement and optimisation of the algorithm to run on a dedicated

hardware platform. The equations describing the transient detection filter and the I-

EDFT-EWT phasor extraction module highlight that matrix operations are required

to execute the algorithm. The size of these matrices are proportional to the window

size, wavelet decomposition levels and required frequency resolutions. Investigations

into suitable hardware platforms are needed.

A field programmable gated array (FPGA) processor which is designed for matrix

operations and typically used in industrial settings can be utilised. Alternatively, ad-

vances in processing hardware to support AI applications, such as graphical processing
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units (GPUs), can also be adapted to local signal processing and edge ML applica-

tions such as the proposed event classification frameworks proposed in Chapters 3 and

5. This is considered to be a promising avenue, as it is shown in this research that

AI driven event characterisation can improve the insights derived from synchronised

measurements.

A potential mapping of SWMU outputs to IEEE Std C37.118.2-2024 communication

messaging format was proposed in this thesis. To future proof the algorithm design,

investigations with the emerging IEEE 2664-2024 Standard for Streaming Telemetry

Transport Protocol (STTP) can also be conducted. A communication module that

actually encodes the SWMU outputs for real-time streaming needs to be developed.

Experimental testing with the hardware prototype can then be conducted to validate

the estimated bandwidth requirements.

6.2.2 Improved Data Analytics for Situational Awareness

SWMU deployment will be gradual and will operate complimentary to conventional

PMUs and SCADA systems. In addition to power system voltage and current measure-

ments available from the aforementioned measurement technologies, system operating

data is also available. This can include system topology, system loading, generation

profiles and weather etc. Research focused on combining different resolutions of meas-

urements as well as correlating operational conditions with synchronised voltage and

current measurements will also play a vital role in understanding system-wide dynamics.

The proposed G-SWMU can capture emerging IBR dynamics, including their re-

sponses to different operating conditions. G-SWMU based event classification via su-

pervised ML has been investigated in this thesis, however, these measurements can also

be utilised for unsupervised data driven dynamics discovery. Emerging physics-informed

ML, symbolic regression, grey-box modelling techniques and digital twins etc, can be

utilised to discover mathematical representations of these IBR dynamics. These hybrid

physics-based, data-driven approaches can address the complexities of IBR modelling,

particularly when IBR control designs and parameters are unknown, but require SWMU

measurements that accurately capture the underlying IBR behaviours. G-SWMU in-

165



Chapter 6. Conclusions and Future Research

formed IBR and power system models can enable or improve a wide variety of applic-

ations including, stability assessments, grid code compliance verifications, oscillation

source localisation and mitigation, and WAMPAC schemes. The efficient and scalable

deployment of SWMUs will therefore be vital to managing IBR dominated power sys-

tems.
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Appendix A

A Review of Signal Processing

Techniques used in Power Systems

This Appendix provides a brief review of selected underlying signal processing tech-

niques that are utilised in the power system monitoring algorithms reviewed in Chapter

2.

A.1 Discrete Fourier Transform

The DFT of an N sampled signal is given by:

X(ω) =

N−1∑
n=0

x(n)e−j2πkn/N , (A.1)

and is evaluated over N equally spaced frequencies, ωk = 2πk/N along the ω axis,

such that 0 ≤ ω ≤ 2π and 0 ≤ N − 1 [186]. For power system phasor estimation,

the window sizes and sampling rates are chosen for computational efficiency (based on

the fast Fourier Transform implementation) and to ensure that the nominal frequency

coincides with one of the frequency points being evaluated. This is done as the intention

is to measure power system fundamental waveform quantities. It also ensures that the

nominal and integer harmonics are measured as accurately as possible with minimal

spectral leakage. DFT based measurement algorithms are therefore suitable for near
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steady-state conditions as well as for conditions that result in integer harmonics, e.g.

transformer inrush, arc furnaces, switching etc.

The effectiveness of DFT based methods is negatively impacted if there is spectral

leakage in the resulting frequency spectrum. This can lead to inaccurate amplitude,

phase and frequency measurement. This can occur due to the true frequency of interest

not being close to a point evaluated by the DFT, resulting in the associated energy

being distributed among several adjacent evaluated frequency points, referred to as

bins. To address this, the interpolated-DFT (Ip-DFT) fits an analytical model to the

peak frequency and the surrounding bins in which the leakage occurs. It then determines

a fractional correction term to reassign the spectral energy across multiple bins to give

an interpolated estimate of the true frequency in between evaluated points of the DFT

[187]. This method has been widely adopted in the literature for improving fundamental

synchrophasor estimates in the presence of noise and more recently for inter-harmonic

phasor estimation. [149,188]

A.2 Modal Decomposition Methods

Power system signals can be modelled as the sum of N damped sinusoids (referred to

as modes):

x(n) =

N∑
i=1

Aie
σin cos(ωin+ ϕi), (A.2)

where λi = σ ± jω are the eigenvalues and ωi = 2πfi, σi, Ai, ϕi are the angular

frequency, damping, amplitude and phase of the i-th mode respectively. Using Euler’s

identity, this can be expressed as:

x(n) =

N∑
i=1

Aiz
n
i , (A.3)

where zi = e(σi+j(ωi+ϕi)). The goal of modal decomposition methods is to estimate the

number of sinusoidal modes and their respective modal parameters from measurements.

Two popular approaches for this in the literature are the Prony method [189] and the

Matrix Pencil (MP) method [120]. Both method seek to find the solutions for zi first
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and then estimate the amplitudes via optimisation, typically, using the least squares

approach to minimise the error between the reconstruction and the observed data. The

Prony method estimates P sinusoidal modes by solving the characteristic equation,

zP + a1z
P − 1 + ... + aP = 0, where the coefficients are estimated from a difference

equation constructed from lagged samples of the input measurements.

The MP method constructs matrices based on one-sample time-shifted versions of

the input. Noting (A.3), the lagged version of X1 becomes X2 such that x(n + 1) =∑
i(Aizi)z

n
i . Projecting onto a subspace, described by the vectors, V , the relation

between X1 and X2 becomes X2V − ziX1V = 0. This implies that (X2 − ziX1)V = 0.

Solving this is equivalent to finding the eigenvalues (zi) and eigenvectors (V ) of (X−1
1 X2)

which are obtained from the measurements. This can be done using singular value

decomposition and expressions detailed in [190]. These methods have been used in

oscillation analysis in power systems, typically for electromechanical oscillations and

more recently for IBR driven oscillations [191,192].

A.3 Time-Frequency Methods

Traditional DFT and modal estimation methods assume the sinal being measured is

sinusoidal. These methods are frequency domain methods which assume that modal

properties are constant across the observation window, i.e. there is a loss of temporal

information. An extension of these methods are time-frequency methods that seek to

jointly extract temporal and frequency information. The short time Fourier transform

windows a signal into overlapping segments and computes the traditional DFT for each

segment. The output is a combination of the spectrums across the time windows,

resulting in a spectrogram. This method however still relies on sinusoidal bases.

The wavelet transform applies a set of bases referred to as wavelets that are dilated

and translated before comparison with the input signal. The dilation changes the fre-

quency resolution of the wavelet. For each dilated wavelet corresponding to a certain

frequency range, a translation retains temporal information, for example the time in-

stants in which a transient occurs within the input window. In contrast to Fourier bases
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which are sinusoidal, wavelet bases have a variety of shapes and properties arranged in

families. This flexibility allows for bases that are more suited for non-sinusoidal distor-

tions [193]. Wavelets have also been used for phasor estimation, however a key challenges

arises due to the uncertainty principle that results in a trade-off between temporal and

frequency resolution, resulting in energy from a particular frequency spreading into

adjacent bins. Phasor extraction requires accurate frequency estimation. To address

this, synchro-squeezing is applied. Synchro-squeezing process the wavelet spectrum to

identify spectral bands and determines the distribution of energy across adjacent fre-

quency bins. It determines the instantaneous frequency from the phase information in

the wavelet transform output and uses this to reassign the energy to the proper fre-

quency, allowing for accurate phasor magnitude estimation and improving separation

of multiple oscillatory components [194].

A.4 Matching Pursuit Algorithms

Matching pursuit algorithms (MPA) seeks to find the optimal linear combination of

basis functions (referred to as atoms) from a redundant dictionary of such basis func-

tions. By finding the minimum number of atoms, MPA finds sparse representations of

signals. User defined dictionary atoms also offer a level of interpretability. MPA initially

calculates the inner product of the input signal with the dictionary of atoms to find the

most similar atom, for example a sinusoidal wave. An optimal fit between the atom

and the input data is found to estimate the parameters of the atoms that best describe

the input, for example amplitude, frequency and phase of a sinusoidal atom. A residual

is then found by subtracting the parameterised atom from the input waveform. The

overall process is repeated to discover the different atoms and parameters (for example

a wavelet atom for a transient left over in the residual from the previous iteration) that

give a sufficient approximation of the signal, i.e., until the residual reduces beyond an

acceptable threshold. The dictionary can include the previously described Fourier and

wavelet transforms as well as domain specific, user specified entries. MPA is therefore

adaptive to different possible dynamics that may be present in power system waveforms
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A.5 Comparison of Methods

A comparison of the above methods and the signal processing methods used in the pro-

posed G-SWMU algorithm of Chapter 4 is presented in Table A.1. In terms of phasor

extraction, multiple, closely spaced interharmonic frequencies remain a challenge for the

DFT, IpDFT, wavelet and synchro-squeezing methods especially in an online context as

PMU processing windows tend to be a few cycles of nominal power system waveforms.

Even with interpolation and synchro-squeezing, the spectral leakage from one mode

of interest into another mode of interest is difficult to separate, in contrast to simply

improving phasor estimates of one mode due to spectral leakage. These methods there-

fore require further information, i.e. longer observation windows leading to increase

detection time. The I-EDFT and MP can address this but can be computationally

complex, sensitive to noise and cannot represent non-sinusoidal information. The dic-

tionary based MPA and the proposed G-SWMU approach addresses this limitation and

are both adaptive to possible dynamics in input waveforms. The proposed approach

presents several advantages of the MPA approach. It does not require complex diction-

ary design and, through the combined WSCTF and I-EDFT-EWT, is generalised to

different input dynamics. This means it can represent information in situations that

are not pre-defined in the MPA dictionary. The potential trade-off is a loss of inter-

pretability that the MPA can provide, for example, if angle jumps, RoCoF and other

known conditions are defined. Overall, the proposed method is adaptable and general-

ised to different conditions, with critical design features (such as frequency resolution)

configurable, thus making it suitable for emerging IBR driven dynamics.
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Table A.1: Comparison of Signal Processing Techniques

Method Advantage Limitation

DFT,
Ip-DFT

Computationally efficient Frequency resolution
limited

Accurate for
nominal/harmonic

components

Unsuitable for
non-sinusoidal distortions

Interpolation reduces
impact of spectral leakage

and interhamonics

Modal de-
composition,
(Prony/MP)

Suitable for
inter-harmonics

Unsuitable for
non-sinusoidal distortions

Provides damping Online processing design
complex

STFT,
Wavelet
Transform

Suitable for non-sinusoidal
distortions

Limited frequency
resolution

Synchro-squeezing reduces
impact of spectral leakage

and interhamonics

MPA
Dictionary

Suitable for sinusoidal and
non-sinusoidal distortions

Complex dictionary design

Interpretable Pre-defined dictionary not
suitable for all dynamics

G-SWMU
WSCTF, I-
EDFT-EWT

Suitable for sinusoidal and
non-sinusoidal distortions

Some loss of
interpretability

Generalised (not limited
to dictionary)

Simplistic noise rejection
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Additional Considerations of the

Proposed G-SWMU Algorithm

This Appendix provides supplemental information regarding the proposed G-SWMU

algorithm of Chapter 4. A more detailed explanation of the theory of the I-EDFT [150,

195] component utilised in the algorithm is provided. Additional G-SWMU algorithm

settings are also discussed. Finally, an additional case study illustrating the performance

of the algorithm under severe distortions is also presented and discussed.

B.1 Theory of the Iterative-Extended DFT

The continuous time Fourier transform (FT) of a signal and its inverse is given by:

F (ω) =

∫ ∞

−∞
x(t)e−iωt dt, (B.1)

x(t) =
1

2π

∫ ∞

−∞
F (ω)eiωt dω, (B.2)

respectively. For a sampling period, T , and a finite, uniformly sampled observation

window consisting of a sequence x(nT ), n = 0, 1...N , the discrete time Fourier transform
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(DTFT) and its inverse become:

FN (ω) =
N−1∑
n=0

x(nT )e−iωNT , (B.3)

x(nt) =
1

2π

∫ Ω

−Ω
FN (ω)eiωt dω, (B.4)

respectively. Note that the inverse DTFT is obtained across a band-limited frequency

range with Ω ≤ the Nyquist frequency. Recall also that the signal amplitude spectrum

S(ω) is the FT divided by the length of the observation window:

S(ω) =
1

N
FN (ω). (B.5)

The extended Fourier transform seeks to calculate the FT in terms of a generalised,

extended basis, α(w, nT ), such that the extended DFT and its inverse becomes:

Fα(ω) =
N−1∑
n=0

x(nT )α(w, nT ), (B.6)

xα(nt) =
1

2π

∫ Ω

−Ω
Fα(ω)e

iωt dω. (B.7)

and α(ω, nT ) can be evaluated at additional frequencies of interest. To develop a

solution for this, the extended DFT formulates the problem as solving the least square

minimisation between the (ideal) continuous time FT and the extended DFT, as defined

below:

min |F (w)− Fα(ω)|2. (B.8)

However, the continuous time FT cannot be directly computed for a windowed signal.

Recall that a complex exponent signal at a periodic frequency, ω0, and complex amp-

litude, S(ω0), (like a sinusoidal power system waveform at 50Hz and 1 p.u. amplitude)

can be expressed as:

x(w0, t) = S(ω0)e
iω0t. (B.9)

The FT of such a signal can be expressed by the Dirac delta function, at the point of
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the frequency axis corresponding to the frequency of the sinusoidal component:

∫ ∞

−∞
x(ω0, t)e

−iωtdt = 2πS(ω0)δ(w − ω0). (B.10)

For example, a steady state power system signal will have its spectral energy concen-

trated at 50Hz in the frequency domain. Note also that the amplitude spectrum at the

frequency ω can be estimated as the ratio of the signal extended FT to the transform

of an exponent with unit amplitude in the same extended basis:

Sα(ω) =

∑N−1
n=0 x(nT )α(ω, nT )∑N−1
n=0 e

iωnTα(ω, nT )
. (B.11)

F (ω) in (B.8) can be represented by (B.10) and substituting (B.9) into (B.6) gives

the expression for Fα(ω). Equation (B.8) therefore becomes:

∣∣∣∣∣
∫ Ω

−Ω
2πS(ω0)δ(w − ω0)−

N−1∑
n=0

S(ω0)e
iω0nTα(w, nT )

∣∣∣∣∣
2

, (B.12)

for an N sampled discrete signal, evaluated across a frequency range, ±Ω. This equation

can be solved for α(ω, kT ) via setting the partial derivative of this equation, with respect

to α(ω, kT ), equal to zero [150,195]. The solution to this in matrix form is [148]:

Aω = |S(ω)|2R−1Eω, (B.13)

where R becomes an autocorrelation matrix dependent upon the estimated signal power

spectrum and Eω is the matrix form of e−iwnT . Converting to matrix format and

substituting (B.13) into (B.6), (B.7) and (B.11) gives:

Fα(w) = xAω = x|S(ω)|2R−1Eω,−Ω ≤ ω ≤ Ω (B.14)

xα(t) = xR−1Eω, (B.15)
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Sα(ω) =
x|S(w)|2R−1Ew

EH
w |S(w)|2R−1Ew

=
xR−1Ew

EH
w R

−1Ew
(B.16)

The above equations express the FT and power spectrum in terms of an auto-

correlation matrix. Recall the relationship that a signal’s autocorrelation and power

spectrum are Fourier transform pairs, i.e. a signal’s power spectral density is the FT of

its autocorrelation function (Wiener-Khinchin theorem [196]). Returning to equations

(4.13)-(4.17) listed in Chapter 4 The I-EDFT solves the least square minimisation prob-

lem of (B.8) by first making a guess of the signal spectrum via a set of weightings, W ,

that describe the contributions of each frequency in the extended basis. An autocorrel-

ation, R is then estimated from the assumed spectral properties. Note that no signal

information is used at first. Next, the input data is projected unto the extended basis

using the initial R and an updated amplitude spectrum is then estimated based on this

input data by (4.15). Together, these steps determine how well the measured signal x

sampled at nT increments can be represented by the basis, Ew, consisting of the user

defined frequencies of interest and the estimated spectrum. Finally, the new estimated

spectrum is used to initialise the weightings for the next iteration. This procedure is re-

peated until there is minimal change in the estimated spectrum relative to the previous

iterations.

This method presents a data-driven approach to project the input signal onto a

frequency basis that is not strictly limited by the observation window. The method

therefore iteratively solves (B.16) using equations (4.13)-(4.17) listed in Chapter 4 and

finally calculates the I-EDFT used in the I-EDFT-EWT multi-phasor extraction module

of the G-SWMU algorithm of Chapter 4.

B.2 Additional Design Parameters of the Proposed G-SWMU

Algorithm

There are several minor design choices involving the I-EDFT-EWT multi-phasor ex-

traction module that will be elaborated in this section.
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B.2.1 Spectrum Segmentation and Transition Widths

After the I-EDFT is applied to obtain a spectrum with increased resolution, the spec-

trum must be processed to determine spectral peaks and determine suitable boundaries

in order to isolate these peaks via the EWT filters. This is done via spectrum segment-

ation. First peak detection is utilised using Matlab’s inbuilt ’findpeaks’ algorithm [197]

which searches for local maxima in the I-EDFT spectrum. A minimum peak size is em-

pirically chosen to disregard any noise. The peaks may also be sorted by amplitude and

a max number of peaks may also be specified depending on the amount of components

of interest. For example, selecting the top 5 peaks in terms of signal energy may give a

good representation of the signal while limiting the amount of phasor outputs to reduce

communication requirements.

After determining the peaks, a simplistic method of determining the mid-point

between peaks is adopted in this thesis to determine the boundaries. For the first

and last peaks, the mid-point between the respective peaks and ±Ω (i.e. the end-points

of the frequency range being evaluated) are utilised. This method assumes that the

I-EDFT spectrum has sufficient resolution to separate the components by at least the

transition width, τn, to avoid mode-mixing. A small transition width is therefore prefer-

able. It is shown in [145] that the maximum transition width depends on the separation

of the detected boundaries. For boundaries ωn+1 and ωn along the frequency axis, the

transition width must be less than ωn+1−ωn

ωn+1+ωn
. The transition width is therefore set as

the resolution of the I-EDFT as this represents the minimum it can be.

B.2.2 Initial Spectrum Weighting

The I-EDFT requires an initial spectrum estimate in the form of a set of weightings

that are incrementally updated. The weighting matrix must have all non-zero entries

and contain a weighting for each frequency point specified in the extended DFT basis.

Domain knowledge is applied in this research to specify an initial weighting that em-

phasises the nominal frequency. Figure B.1 illustrates the initial (two-sided) spectrum

weighting for the frequency range ± 200 (i.e. Ω = 200) that serves as an input to the

algorithm.
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Figure B.1: Initial spectrum weighting

B.2.3 List of G-SWMU Algorithm Settings

A list of settings, with descriptions and examples of typical values and where appropriate

dependencies on other settings, are highlighted in Table B.1.
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Table B.1: Settings of the proposed G-SWMU algorithm

Setting Description Typical Value

W_name WSCTF Wavelet Family db4

J Wavelet decomposition
level

5

l WSCTF correlation level 3

λtr WSCTF transient
threshold

3× σ2ofW (j, n)

λsm WSCTF Smoothing
threshold

1% of Normalised wavelet
energy per level

Fo Fundamental frequency 50 Hz

fsample Sampling frequency 12.8 kHz

N Number of samples per
I-EDFT processing window

512

Ω I-EDFT Frequency range ±200Hz

T [1×N ] Matrix of time
instants for I-EDFT basis

kernel

(0 : N − 1)× (1/fsample)

M Number of frequency
points of the I-EDFT

fsample

F [1×M ] Matrix of
frequency points of the

I-EDFT

−Ω : fsample/M : Ω

E [N ×M ] Kernel matrix of
I-EDFT basis

e−i2πFT

W_init [1×M ] matrix of initial
spectral weightings

Nominal frequency has
greatest weighting

λI-EDFT Threshold to stop I-EDFT 0.001

pkmin Minimum peak height for
I-EDFT-EWT spectrum

segmentation

1%

npkmax Maximum number of
peaks for I-EDFT-EWT
spectrum segmentation

5

τn EWT transition width fsample/M
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B.3 Performance of the G-SWMU Algorithm Under Severe

Distortions

Under severe distortions, the I-EDFT will fail to converge to a solution because the

sinusoidal basis cannot represent the signal, even after filtering by the WSCTF. Under

such conditions, the phasor output cannot give an appropriate representation of the

input synchro-waveform, and hence the SWMU algorithm output will consist of the

wavelet coefficient matrix of the extracted transients. Figure B.2 illustrates the faul-

ted phase current for event 51 (60Hz signal sampled at 256 samples per cycle) of the

GESL [164] that was caused by animal contact. This lead to a sharp increase in current

over a short duration, leading to severe non-sinusoidal distortions. For comparison, the

distortions associated with event 6 illustrated in Figure 4.18 of Chapter 4 are much

less severe. For event 51, the G-SWMU algorithm therefore contains several phasor

measurement windows with severe transients and discontinuities, even after the filter-

ing operations. Figure B.2 compares the data-driven I-EDFT solution for a pre-fault

window and during fault window, highlighting that if the input cannot be represented

by the sinusoidal basis, the SWMU algorithm’s phasor extraction can fail to converge

to a solution.

However, in this scenario the phasor estimate does not have a clear physical meaning

since the waveform is non-sinusoidal. Under severe distortions, analysis or applications

utilising phasor outputs are not suitable, however, the wavelet based transient features

extracted by the G-SWMU algorithm, illustrated in Figure B.2, can be directly input

into ML applications as demonstrated in Chapter 5. The transient detection flag and the

unknown class label of the proposed wavelet scattering, open-set (WS-OSNN) classifier

can be used as a trigger to capture the waveform for later manual analysis by domain

experts. The proposed G-SWMU algorithm can therefore give a useful representation

of synchro-waveforms, adapting to various conditions including oscillations, harmonics

and severe distortions, thus enabling improved monitoring for IBR dominated power

systems.
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Figure B.2: G-SWMU phasor and transient detection output under severe distortions
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Figure B.4: SWMU algorithm WSCTF output for severe distortion event

B.4 Estimated Bandwidth Requirements of the G-SWMU

Algorithm

The theoretical estimations of the bandwidth requirements of the G-SWMU algorithm

is based on Table D.1 of IEEE C37-118-2-2024 standard [26]. The estimated payload of

Table 4.11 in Chapter 4 is calculated using the following expression:

118_PAYLOAD = (STAT_FLAG WORD = 2B) + (TIME_QUALITY = 2B)+

(PHNMR × bytes/phasor) + (ANNMR × bytes/analog)+

(FRNMR × bytes/freq) + (DFDTNMR × bytes/dfdt) + (DGNMR × 2). (B.17)

Table B.2 displays the field name descriptions and bytes per quantity as stated in the

IEEE C37-118-2-2024 standard. Assuming a steady state payload of three-phase voltage

and currents, frequency and RoCoF measurement, the calculated payload becomes:

118_SS = 4 + (6× 4) + (0× 2) + (1× 2) + (1× 2) + (0× 2) = 32 bytes

In a similar way, an SSO condition resulting in fundamental and sideband compon-
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ents can be estimated as:

118_SSO = 4 + (18× 4) + (0× 2) + (3× 2) + (3× 2) + (0× 2) = 88 bytes

For a transient condition, there is variability depending on the size of Wtr. Using

the result described in Section 4.5.4 the estimated payload for a transient condition

assuming the transient detection flag, phasor data attribute (digital signals) and a

fundamental phasor estimate, the payload becomes:

118_tr = 4 + (6× 4) + (126× 2) + (1× 2) + (1× 2) + (2× 2) = 288 bytes

Table B.2: Field name and typical sizes of standard PMU message format

Field Size per quantity
(bytes)

Description

PHNMR 4 Number of phasors
ANNMR 2 Number of analogue values
FRNMR 2 Number of frequency

signals
DFTNMR 2 Number of df/dt signals
DGNMR 2 Number of digital signals
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Supplementary Information for the

OSL Test Network of Chapter 4

This Appendix contains details of the IBR control structure, settings and network para-

meters used in the test network for the OSL study case of Section 4.4.5 and are based

on the report and findings of [155].

C.1 IBR Control Structure and Settings

The simplified schematic of the grid side converter control diagram is illustrated in

Figure C.1. This represents a generic model in which the control strategy is fully

transparent, allowing for investigation of the sensitivity of the oscillation mechanism

to different control parameters. The grid side controller consists of inner current dq

frame control and outer control loops, which provide references for the inner current

controllers, consisting of AC voltage (or reactive power) and DC link voltage (or active

power) control. The Phase-Locked Loop (PLL) control of the default model is modified

to conform with the design described in [97] in order to have more flexibility in analysing

and simulating the oscillation mechanism of interest. Table C.1 lists the control settings

and IBR parameters including power ratings and filter elements which are the same

across all IBRs unless otherwise stated.
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Figure C.1: IBR grid side converter control structure of the OSL test network

Table C.1: Controller parameters and IBR ratings

Parameter Description Values

KPLL
p PLL proportional gain [97] WFA: 150

WFC,WFD: 60
TPLL
i PLL integral gain [97] WFA: 2000

WFC,WFD: 1400
LPF (fcutoff) Cut-off frequency of the PLL 2nd order low pass

filter [97]
25 Hz

KGC
p Inner current control proportional gain [198] 0.51

TGC
i Inner current control integral gain [198] 0.001

KPC
p Outer control proportional gain [198] 1.0

TPC
i Outer control integral gain [198] 0.1678

VCONV Rated converter voltage [198] 35 kV LL rms

Lf Filter inductance [198] 0.584 mH

Cf Filter capacitance [198] 650 µF

SR Rated IBR power output 500 MW
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C.2 Stability analysis of PLL induced oscillations

PLL induced oscillation mechanisms have been reported as a cause in several real-world

events [98], especially when areas of a high penetration of IBRs are connected to a weak

grid [97]. It is assumed that the outer loop controls and inner current loop controls are

properly tuned and the stable operating point is a constant active power output, with a

reactive current reference irefq set close to zero, and the voltages at the point of common

coupling is maintained at 1 p.u. It is shown in [2] that for such an operating point,

the stability is impacted by the PLL controller. The open loop gain of the system is

therefore proportional to the term GPLL, which is represented by:

GPLL =
GPLL_OL

1 +GPLL_OL
(C.1)

where, GPLL_OL is defined as:

GPLL_OL =
VPCC

(
KPLL

p +
TPLL
i
s

)
sLPF (s)

(C.2)

Stability analysis of the system under the assumed operating point is performed via

Bode plots of, GPLL_OL, with values of KPLL
p , and TPLL

i , specified in Table C.1. The

analysis shows an instability for the settings used in windfarm A, as the peak in the

magnitude response of the open-loop gain of the PLL loop is above 0 dB when the

phase angle crosses 180° (at around 20Hz), while for the settings of windfarm C and

D the amplitude is below 0 dB at the same point, and thus, the closed-loop system is

expected to be stable.

C.3 Calculation of the DEF using PMU measurements

The conventional DEF method utilises PMU measurements and is derived based on the

electro-mechanical swing equation [56]. This method has been successful in detecting

traditional electromechanical oscillations and low frequency oscillations in both exper-

imental and real-world applications. The DEF, W , from bus i to bus j, is calculated
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as:

Wij,n+1 =Wij,n + 2π∆Pij,n∆fij,nts +∆Qij,n
∆Vi,n+1 −∆Vi,n−1

2V ∗
i,n

(C.3)

where

V ∗
i = Ṽ +∆Vi (C.4)

where, Ṽ is the average voltage in the observation window with oscillations of a signific-

ant magnitude above noise; quantities with ∆ are the filtered phasor voltages, powers,

P , and frequency, f , components of an oscillation mode in phasor measurements; ts is

the time interval between PMU samples and n is the sample index. Assuming a current

measurement flowing from bus j to bus i, a negative DEF is indicative of a source while

a positive DEF is indicative of a sink.
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Appendix D

Settings of the Classification

Models in Chapter 5

This Appendix lists hyperparameters of the ML classifier models used in Chapter 5.

Table D.1: WS-OSNN / WS-NN Settings

Parameter Description Value

k Neighbours 5
α (WS-OSNN) OSR threshold 0.2
t (WS-OSNN) Threshold to define distribution tail 75%

(γ, τ) (WS-OSNN) Fitted GPD shape parameters (−0.74, 0.096)
Distance metric - Euclidean
Standardization Scale input features Max-absolute

Table D.2: OOD+WS-NN Settings

Parameter Description Value

k Neighbours 5
Distance metric - Euclidean
OOD method Anomaly detection method Local outlier factor

Standardization Scale input features Max-absolute
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