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Abstract

In a world of increased digitization and digitalization together with the increased demand of
power and renewable energy sources, the cyber-physical interaction in the power system is
expanding at a fast pace. This expansion requires new and improved techniques to ensure
a stable and protected power system, able to deliver the necessary power demanded from
the grid. Phasor Measurement Units (PMUs) provide the ability to improve monitoring and
protection capabilities in power systems. These measurement units allow for precise high
frequency measurements throughout the power system, increasing the situational awareness
for system operators. However, these units require multiple components and systems working
in unison, as well as data transmission over long distances. This makes the measurement
system vulnerable for anomalies originating in the system itself, as well as external malicious
cyber attacks. It is therefore crucial for rapid and effective anomaly detection schemes to

protect and hinder instability in the power system.

This thesis investigates and proposes an anomaly detection method using machine learning and
artificial intelligence models. Prediction based machine learning models together with error
thresholding is used to locate and label anomalous data provided by PMUs. Two different data
sets with PMU measurements are analyzed. The data sets contain real measurements from the
power system in Norway and Texas, USA. The hybridization of machine learning models based
on Convolutional Neural Network (CNN) and Long Short Term Memory (LSTM) architecture
proved more effective in detecting anomalies in the tests completed, with a higher percentage
of anomalies detected together with fewer false positives. The models lacked in performance
detecting drift anomalies, however showed promising results for anomaly detection for injected
noise, spikes and offset anomalies, laying a good foundation for further model development

and real-time model deployment.




Sammendrag

I en verden av gkende digitalisering, kombinert med en gkende etterspgrsel etter strgm fra rene
energikilder, vokser den cyber-fysiske interaksjonen i kraftsystemet stadig fortere. Denne vek-
sten krever nye og bedre teknikker for & sikre et stabilt og beskyttet kraftsystem, med evnen
til & mote etterspgrselen i samfunnet. Phasor Measurement Umits (PMUs) gir nettselskapene
muligheten til a forbedre deres overvaknings- og sikkerhetskapasitet. Disse maleenhetene tilbyr
presise hgyfrekvente malinger gjennom hele kraftsystem, og gker dermed nettselskapenes sys-
temoversikt. Samtidig krever disse enhetene at flere komponenter og systemer fungerer feilfritt,
blandt annet dataoverfgring over lange avstander. Dette gjor maledataen sarbar for feil som
har sin opprinnelse i selve systemet, samt eksterne nettangrep. Det er derfor avgjgrende for
raske og effektive feildeteksjonsmodeller for & beskytte og hindre ustabilitet i kraftsystemet.

Denne masteroppgaven undersgker og foreslar en metode for feildeteksjon ved bruk av maskin-
leering og modeller for kunstig intelligens. Prediksjonsbaserte maskinleringsmodeller sammen
med metoder for terskelverdier brukes til & lokalisere og merke unormale maleverdier levert
av PMUer. To forskjellige datasett med PMU malinger har blitt analysert. Datasettene inne-
holder ekte malinger fra transmisjonsnettet i Norge, og i Texas, USA. Maskinleeringsmodeller
basert pa en kombinasjon av Convolutional Neural Networks (CNN) og Long Short Term
Memory (LSTM) arkitektur viste seg & vaere mest presise i a finne feil under testene som ble
gjennomfgrt. Disse modellene fant en hgyere prosent av feilene, samtidig som de markerte
feerre falske positive. Alle modellene manglet evnen til & detektere avdriftsavvik, men viste
derimot lovende resultater for deteksjon av injisert stgy, hopp og kortvarige topper. Dette
legger et godt grunnlag for videre modellutvikling, og til slutt implementering av modellen i

sanntid.
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1 Introduction

Operating and maintaining a functioning and reliable power grid is becoming increasingly difficult
with exceedingly complex power systems [1]. The increasing electricity demand over the last
century has forced the power systems to become vastly greater in size and complexity. The future
power system will have to deal with a higher share of Variable Renewable Energy Sources (VRES),
which are introduced in order to reach the climate goals of 2050 [2]. A robust power grid is necessary
to accommodate for the expansion, requiring precise measurement and analysis techniques to ensure

the reliability and availability of power that society demands.

Conventional power grid State Estimation (SE) techniques using Supervisory Control and Data
Acquisition (SCADA) systems monitors and collects data from connected Remote Terminal Units
(RTUs) stationed in the grid [3]. These RTUs measure voltage magnitude as well as active and
reactive power at their locations. The system works by collecting data over a time interval, and
as such the technique provides an overview of the grid and a SE. However, because the different
RTUs are not time synchronized, the measurements might not be relevant for the power grid state

if a change or an anomalous event has occurred during or after the time interval [4] [5].

The introduction of Phasor Measurement Units (PMUs) has increased the potential for more
frequent grid measurements and therefore, also increased the potential for grid SE [4]. The time
synchronous measurements allows for a clearer and more immediate picture of the state of the
power grid, increasing the situational awareness for System Operators (SOs). The PMUs are able to
provide real-time online measurements across the grid, using a measurement frequency close to the
grid frequency. This allows for rapid anomaly detection and continuous SE, however the immense
amount of data can cause issues. With a high measurement frequency, where each PMU can
measure voltage magnitude, angle, frequency and current, millions of data points are accumulated
quickly. Processing and analyzing such vast amounts of data requires special techniques and
methods [5].

This thesis will look into the cyber-physical interaction between power systems and SOs. More
specifically what types of anomalies and cyber attacks occur in power systems and how to most
effectively detect them, using artificial intelligence (AI) and machine learning (ML) techniques.
Prediction based models based on Al and ML architecture allows for the use of error-threshold
based anomaly detection methods [6]. The last few decades, a huge amount of work and research

has gone into developing ML models, allowing for specific models for specialized use cases.

This thesis will test the strengths and weaknesses of single-output prediction based error-thresholding
models comparing pure and hybridized ML models based on Convolutional Neural Networks (CNN)
and Long Short Term Memory (LSTM) architecture. Investigating the possibility of improving the

cyber-physical resilience of PMU integrated power systems.

The scope of this thesis can be summarized into these points: (1) Presentation of different anomalies
commonly found in the power system. (2) Investigate the impacts of anomalies on power systems
and their political and social consequences. (3) Comprehensive review of different AI/ML methods
for anomaly detection purposes. (4) Development of pure and hybrid Al-based anomaly detection
models using PMU data. (5) Testing the developed models for anomaly detection purposes with
various false data injection attacks. (6) Comparative evaluation of the models and their anomaly

detection results as a sensitivity analysis.




2 Background Information

This section is partly based on previous work done by the same authors [5].

The power system is a complex system that requires precise analysis and operation. Introducing
PMUs to the power system provides new possibilities for power system analysis and state estima-
tion. This section will look into and explain the workings of PMUs and how they are integrated
in the power system. Further, the focus will shift towards the cyber-physical interaction that the
PMUs require. With this interaction follows some drawbacks in the form of vulnerabilities. Anom-
alies in the power system will be explained further, these include both physical and cyber related.
The impacts of these anomalies will be presented, as well as methods for anomaly detection that
has previously been utilized. The methods discussed are mainly methods within machine learning,

both supervised and unsupervised. Statistical anomaly detection methods are also presented.

2.1 The Power System

A power system can be simplified and explained by the coexistence of load centers and generation
units connected by transmission lines. For power systems on regional, national and international
levels, thousands of different components and installations work together to bring power from
the generation source to the end user. These components include generators, transmission lines,
transformer stations, loads as well as other electrical installations [7]. These components work in
harmony to satisfy the main function of the system - to reliably supply electrical power to the

consumer while still being economically efficient [8].

For the purpose of this thesis, a closer look at the transmission system is necessary. As the
generation sites and load centers are usually spaced far apart, a transmission system is needed to
connect both points. The transmission system also allows for a more interconnected grid on an
international scale introducing power as a commodity that is available to be bought and sold on a

power marked, which is essential for the balance between supply and demand [§].

To most effectively transmit the power the transmission system is usually divided into different
grids. These grids have their own use, either it is for long distance transmission or distribution
to different smaller loads, like buildings and other infrastructure. The Norwegian transmission

system is divided into three main grids [9]:
e Transmission Grid: > 132kV

e Subtransmission Grid: 22kV — 132kV
e Distribution Grid: 230V — 22kV
Operating with different grids allows for efficiently balancing safety, losses and ease of use. Figure

1 shows the structure of a power system with the three different grids represented. The following

subsections will explain each grid in more detail.
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Figure 1: Tllustration of the power system [10].

2.1.1 Transmission Grid

The different power grids can be compared to the road network. The transmission grid being
the high speed highways of the power system, moving large amount of power from one location to
another through high voltage lines and cables. The transmission grid connects the power system on
national and international scales by providing high capacity transmission between locations. The
transmission grid does not supply individual areas with power, but operates in a point-to-point
fashion, where the subtransmission grid and distribution grid further distributes the power to the

consumers.

Each countries’ transmission grid is usually operated by a single Transmission System Operator
(TSO). These TSOs are responsible for the transmission grid and operates under strict regulatory
control [11]. In Norway the TSO is Statnett which is owned by the Norwegian state through the
Ministry of Petroleum and Energy (MPE) with its supervisory authority The Norwegian Water
Resources and Energy Directorate (NVE). Statnett’s responsibilities as a TSO are divided into

three categories [12]:

e System Operator: Ensure instantaneous balance between consumption and production of

electrical power.

e Grid Owner: Own and maintain the Norwegian transmission grid and its connections to

other countries’ transmission grids.

e Grid Planner: Planning and building the transmission grid.

With the green shift in full motion, the TSOs play a key role in the development and expansion
of VRES. In the EU, the increase in VRES has led to the ambitious goal of creating a large
interconnected European grid to withstand the varying power production across borders expected
in the future. The TSOs will be responsible for this expansion, where innovation and investments
into infrastructure is needed to accomplish the goal, as well as restructuring and development of

new technology and digital tools [11].




2.1.2 Subtransmission Grid

The subtransmission grid is the next step down in the transmission system. This grid is the con-
nection between the transmission grid and the distribution grid. The subtransmission grid brings
high voltage power closer to load centers, like city centers, where it is further downscaled to match
the voltage of the distribution grid. The grid also supplies power intensive industries, production
facilities and buildings. Both the subtransmission grid and distribution grid are operated by Dis-
tribution System Operators (DSOs). In Norway, these companies span and are owned by multiple

Norwegian counties [8].

2.1.3 Distribution Grid

The distribution grid is the main supplier for end users. This grid is operated by the DSOs and
runs at a voltage level of 22 kV and below. This grid is by far the largest grid of the three, spanning
around 100 000 km of lines and cables in Norway [8]. The grid is separated and categorized into
low and high voltage distribution, having 1 kV as the upper and lower limit for the low and high

voltage grids respectively.

2.2 Phasor Measurement Unit

PMUs are units capable of measuring positive sequence voltages and currents, the phase angle and
Rate Of Change Of Frequency (ROCOF) can then be calculated with high accuracy. Using Global
Positioning System (GPS) communication to synchronize the measurements across the power grid
allows for anomalies to be detected [13]. In the 1980s the first PMU devices were introduced,
these were, however, not utilized to a great degree. Further advancements in its technology has
made the PMUs more attractive to be used by the TSOs, and only now their true potential is
starting to be exploited. The occurrence of blackouts in major power systems globally has driven
the industry towards implementing Wide-Area Monitoring Systems (WAMS). PMUs are central
to the implementation of WAMS since the data gathered can be used to locate anomalies quickly

and initiate preventive measures to avoid larger cascading faults [14].

Traditional SCADA measurement techniques do not allow for a high measurement rate. The higher
frequency of measurements, which the PMU delivers, provide an excellent opportunity to get a
clearer and more accurate picture of the state of the power grid [15]. Best practices for power
grid state estimations have been lacking in real time, having estimates take tens of seconds, and
sometimes minutes [3]. Using PMUs along with GPS communication allows for the ability to make
syncrophasors. A block diagram presents the PMU components in figure 2. Syncrophasors are
time syncronized phasor measurements at different locations which provides information on both
the supply and demand side of the grid within the same time frame. This gives vital information
about the correlation of the demand and supply side of the system [16]. The synchrophashor will

be discussed in detailed manner in subsection 2.1.2.

PMUs are designed to make high frequency measurements, typically around the grid frequency,
however newer technology using pPMUs allow for a much higher sampling rate exceeding 10 000
samples per second. The pPMUs are used on the distribution grid levels [17], and therefore not

relevant for this thesis.




The vast amount of data that PMUs collects is considered a potential big resource for the system
operators. However, tapping in to this potential has proven to be a considerable challenge [18].
Developing good and effective machine learning algorithms is one way to extract the most important

information from large data sets.

GPS

receiver
Analog
Inputs Phasor
locked oscillator
Anti-aliasing 16-bit Phasor
filters AID conv micro-
processor

Figure 2: PMU block diagram [16].

2.2.1 Phasor Representation

v,
_~. Magnitude

~+, phase
- 2 o
Phase
reference
v
Time reference
a) Sinusoidal waveform of a signal b) Polar representation of the same signal

Figure 3: Sinusoidal and polar representation of a phasor [16].

The measurements from PMUs come in the form of phasors. A phasor is a vector representation
of a voltage or current. In electrical engineering, the phasor represents the magnitude of current
or a voltage and its angle with respect to a reference point. In this representation, the positive
angles are counted in a counter-clockwise direction. The mathematical expression for a sinusoidal

wave is given by:
u(t) = Upcos(wt + &) (1)

The corresponding synchrophasor representation is given by:

U= %eﬁo _ %(cos(éo) + jsin(6y)) = Re{U} + jIm{U} @)




Where U—\/’% represents the root mean square value (RMS) of the sinusoid, the angular frequency,
w = 27 f, where f is the frequency and j is the imaginary number. The frequency is either 50 or
60 Hz depending on what frequency is used in the power system, where 60 Hz is mostly used in
North and South America, while 50 Hz dominates the rest of the world. &g is the phase angle of
the signal with regards to the reference point, and U, is the magnitude; both are represented in

Figure 3.

This type of technology is considered to become an important tool in the future power system [16].
The advantage lies in the PMUs ability to monitor voltages and currents over large areas with the
use of GPS technology. Synchronizing the different signals from different locations on the grid is

done with respect to the same phasor reference [16]. This is visualised in Figure 4:

Figure 4: Phasors at different locations has the same signal as reference [16].

In an ideal environment the measured phasor is constant. However, in a real power system, the
input signals are not constant and their frequency may be variable. Since all phasors that share a
diagram in a WAMS, shown in Figure 4, must have the same frequency, the issue of varying signals
needs to be dealt with [14].

It is further explained in [14] that the PMUs job is to monitor these changes, but due to differing
frequencies this is not a straightforward task. To deal with this issue there is a need for considering
the input signal data within a limited time period. The time period, which is used is usually one
period of the fundamental frequency of the input data. The data considered in this time period
is called a sample. If the input signal’s frequency differs from the nominal frequency of the power
system (which it often does when at least two decimals are considered), the PMU estimates the
fundamental frequency component. This is done using a frequency-tracking step which gives a

desired estimation for the phasor.

The input signal usually has harmonic and non-harmonic components. The PMU needs to separate
the fundamental frequency from these signals to find the phasor representation. Discrete Fourier
Transform (DFT) is the most common way of dealing with this issue. DFT is applied to the data
sample which the PMU considers, and its phasor is calculated. The sampled data represents the
input signal which needs to be filtered for noise such that the results will be more accurate. This

process is shown as the analog anti-aliasing filter in Figure 2. Due to the Nyquist criterion, the




pass band of the anti-aliasing filter is limited to less than half of the sampling frequency of the
PMU [14]. PMUs measure 50/60 Hz AC voltages and currents usually at 48 samples per cycle
(2400,/2880 samples per second) [16]. The phasor, X, is then given by [19]:
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e { } 3)
Where N is the number of samples over a period of the input signal and xj is the measured value

of sample k.

The summation is multiplied by % since X is converted to its RMS value. Each frequency w
component of the signal calculated from DFT has a complex conjugate and thus appear at +w
in the graph. Combining these and dividing by the number of measurements in the sample (N)
to obtain the average value, explains the factor % in front of the summation in Equation 3 [19].
The fundamental frequency’s peak value is thus obtained and the harmonics of the sample is
eliminated by the DFT. However, there is an error in the estimation of the phasor which is caused

by non-harmonics and other random noise in the sample [14].

2.2.2 Synchrophasor Definition

The PMUs ability to synchronize each measurement over a large area using GPS deems it a
promising technology for the future power systems [16]. The term synchrophasor describes the
phasors that have been estimated at a given time stamp. For WAMS it is essential to synchronize
the time stamps over a large area, to make sure that the measurements happened at exactly the
same time. However, the anti-aliasing filter causes an issue for the synchronization due to applying
a phase delay on the input signal. This delay depends on the characteristics of the filter as well as
the frequency of the signal. For the synchronization to be true, the PMU needs to compensate for

this delay as the measurement is performed after the filter [14], as is shown in Figure 5
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Figure 5: Block diagram of how the PMU compensates for the phase delay created by the anti-
aliasing filter [14].

To ensure correct synchronization, the PMUs take advantage of the internal clock of the GPS. This
clock is very accurate due to its connection to satellites in orbit around Earth. The GPS conveys
this information by sending out a one-pulse-per-second signal [20]. The PMUs synchronization
is based on using a sampling clock which is phase locked to the signal from the GPS. The time




stamps are created by the PMU at multiples of the power systems’ nominal frequency [14].

An Analog to Digital converter digitizes the analog wave forms for each phase. The GPS receiver
and phase-lock oscillator [21] synchronizes each sample with a location and a time stamp within
an accuracy of one microsecond. Now that the phasors are time tagged and located the samples

are transferred to a receiver at up to 60 Hz [16].

2.2.3 Phasor Data Concentrators

Synchrophasors only exist if there are multiple phasors to time align and synchronize. Therefore
it is necessary to compare the data collected from multiple PMUs in one system. To connect and
aggregate the data provided by different PMUs in multiple different locations across a country,
Phasor Data Concentrators (PDCs) are used. PDCs collect data from multiple PMUs and pro-
cesses it for time alignment, and therefore synchronization. This process includes aggregating and
validating before the data is archived and further distributed for storage or processing [22]. Due to
the PMUs being located at different locations, sometime spanning hundreds of kilometers, delays
are inevitable. Depending on the use of PMU data, forwarding data from the PDCs at a specific
time interval might be more important than data completeness. The PDCs can therefore also have

the function to filter out data points collected from the PMUs with excessive delays [22].

2.3 Anomalies in Power System

The power grid is a vast and complex infrastructure which is prone to a number of different
anomalies and faults. This section will give an understanding of the anomalies that might occur,
and the causes behind them. When working with PMU data the different types of anomalies will
reveal themselves differently. Therefore a deep understanding of these differences is essential for
the work in this thesis [23].

This section discusses two different types of anomalies:

1. Bad data

2. Physical faults

Bad data refers to reported measurement values which does not correspond to the true values of the
system. These might occur due to faulty measurement or issues with the communication between
the PMU and the data receiver. If bad data is not detected, the SO might act and implement
wrong measures as the operator might believe the system being in another state. Cyber attacks
affecting the data received by the PMU can also go under the category bad data as they affect
the reliability of the data. This is either done subtly, or by overloading the system with a lot of
noise. The subtle attacks attempt not to get detected by simulating the normal behaviour of the
power system, but perhaps in another state then the real one. The purpose of these attacks is to
mislead the system operator and are called false data injection (FDI) attacks. The second type
of cyber attacks, called Denial of service (DoS) attacks, disrupts the data flow by overloading the
communication channels with information. The purpose of these attacks is to deny the SOs the

opportunity to read the measurements she relies on [24].




Physical faults are anomalies that happen on the different components that constitutes the power

grid. There are many types of physical faults that affect the system, including:

Line outages

Sudden load changes

Transient events

Voltage variations

All of which will be discussed in this section.

2.3.1 Bad Data

Working with PMU measurements is synonymous to working with a vast amount of data over a
longer period. When dealing with this, the occurrence of bad data faults become inevitable [4].

Bad data can be organized into two categories:

1. Missing data

2. Incorrect data

These faults occur as the result of cyber attacks or temporal equipment failure on either measurement-

or communication units or both.

2.3.1.1 Missing data Due to the high volume flow of data points that the PMUs deliver, even
a short disruption of the data transmission can cause a large amount of missing data. Utilizing
the PMU’s time synchronization feature might prove useful when a case of data transmission error
occurs. Since all data points are labeled with a time stamp, data points which aren’t lost can
be retroactively be integrated into the data set. However, when dealing with live online state
estimation or anomaly detection, this might not be possible since the live data feed might already

be analyzed before the temporarily lost data is restored [23].

2.3.1.2 Incorrect data The data received from the PMU might include incorrect values.
These faults appear in different configurations, depicted in Figure 6, where four different types

are presented [25].
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Figure 6: Different types of bad data examples [25].




The first type presented is noise. Noise can occur due to sensor or transmission malfunctions.
These can cause large oscillations, or noise that can be recorded by the PMUs. Noise of low
magnitude is normal for PMUs [14], and is of no real issue as built in noise reduction systems
help calibrate and cancel this noise. However, the noise recorded by the PMUs at high magnitude,
indicating a faulty system, can be troublesome for the components connected to the system. Power
components subjected to noise and other power quality issues can lead to misoperation, damages

and process disruption [26].

Synchronization errors might cause a drift over time, where the measurement errors add onto each
other over time. It is of high importance that these types of anomalies and faults are detected
[26]. If drift anomalies are not detected, system SE may be wrong, and as such production and
loads may be utilized in a sub-optimal way. A drift may, in worst case scenario, cause production
facilities to produce an abundance or a deficiency of power that the system requires. This can lead

to a system collapse as the supply and demand of power is not in balance [27].

Sensor and transmission malfunctions can also cause spikes, or single bad data points. These spikes
may not be of issue by themselves, but can warn TSOs of suspected damaged equipment or failures.
If these are detected early on, faulty components can be taken out of service and replaced or fixed,

reducing the chance for cascading faults that may be catastrophic for the system.

Sudden load changes and uncalibrated or malfunctioning measurement meter can cause an offset
to appear, shifting the measurements higher or lower in magnitude. Offsets are not inherently
dangerous for the power system if they are within the tolerable limits [28]. The problem occurs
if the offsets breach the limits, which is why it is important to detect the offsets quickly. This
allows for rapid handling like production increase or decrease and load shedding, to counteract the

anomaly.

2.3.2 Topological Errors

When trying to estimate the operating state of a power system, having the correct topology of the
system is vital [29]. The topology of the system means knowing the physical interconnections in
all parts of the system, an example shown in Figure 7. All connected generators, transformers,
busbars, loads and lines, as well as their connections, need to be known to make a correct estim-
ate. Therefore, it is essential to know if the topology of the system is altered in any way without
warning. In [29], the authors introduce a simple and effective approach to identify these topology
errors. Extending a method used to identify multiple analog bad data, topology errors can be iden-
tified using tests to check the colinearity between the lagrange multiplier vector and the columns
of the corresponding covariance matrix [30]. Tested on the Brazilian northern power system at
the substation level, the method provides correct answers for different types of topology errors,
including cases of low redundancy. The simplicity of the mentioned method makes it viable for

real-time application, it also makes elaborated hypothesis testing unnecessary.

Topological errors can be split into three categories [31]:

e A line is in service but not included in the model.
e A line is not in service but included in the model.

e A line is open/not open ended in the model but not in the actual system.
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As understood from these categories, topological errors are a mismatch between the model used
for system analysis and SE, and has no real effect on the measurements done by PMUs. However,
the events leading up to the topological errors can be both physical faults and bad data anomalies,

explained further below in this thesis.
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Figure 7: Single-line topology diagram of a 20-bus case study in [32].

2.3.3 Sudden Load Change

A Sudden Load Change (SLC) in the system can affect the quality of power delivered [27]. A
sudden load change occurs when loads are suddenly added to or removed from the system. This
is usually done in a normal and controlled way using load management techniques, like increasing
generation while starting an industrial process [33]. Failing to properly handle a load change can
lead to a SLC anomaly. A SLC anomaly affects the frequency and voltage levels of the system,
which can lead to these levels exceeding the normal operating tolerances [27]. A sudden load
change can also occur as a result of other faults. If a generator experiences a fault and needs to be
taken off-line, spontaneous generation loss can occur, the system reacts to sudden generation loss
in a similar fashion as sudden increase in load, shown in Figure 8. Similarly, the same can happen
if a circuit breaker is used to clear a fault in the system, therefore topological errors and sudden

load changes are closely linked.

Detecting sudden load changes and handling them effectively is important to preserve the Power
Quality (PQ) of the system [35]. The impacts of PQ are further explained later in this thesis.

2.3.4 Transient Events
In [36], transient events are categorized and a method to process them is proposed. The paper
explains transients in power systems as a description of short events on voltage and current signals.

Furthermore, the paper classifies transient events into three:

e Events that adjust or change the voltage magnitude of the fundamental frequency over long
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Figure 8: Frequency response after a short-term interconnection trip [34]

periods. These events can create voltage sag or swells for a period of time ranging from 50

ms to several seconds.

e Events that change the voltage magnitude for a short duration, typically fuse-cleared faults

or self-extinguishing faults.

e Events where the fundamental voltage magnitude is of little importance. A lightning strike

on the system goes under this category.

The IEEE has created a standard for categorizing transient phenomena which is illustrated in
Table 1 [26]. This standard describes transients as events that cause undesired signals in voltages
and currents. A synonym for transient in the context of the power system is surge. For simplicity,

we will refrain from using that term in this thesis.

Table 1: Categorizing of transients [26].

Categories Spectrum Typical Duration | Typical Magnitude
Nanosecond 5 ns rise <50 ns
Impulsive Microsecond 1 p s rise 50 ns - 1 ms
Millisecond 0.1 ms rise >1 ms
Low frequency <50 kHz 0.3 - 50 ms 0-4pu
Oscillatory | Medium frequency | 5-500 kHz 20 us 0-8pu
High frequency 0.5-50Mhz | 5 us 0-4 pu

2.3.4.1 Impulsive transient An impulsive transient is usually associated with lightning strikes
since that is the most common cause of this phenomena. The impulsive transient is a sudden change
in the steady state condition of voltage, current or both. Their categorization is given by their rise

and decay time [26].

Impulsive transients are damped quickly due to their high frequency, and they therefore don’t
travel far from their source. However, they can resonance with the power system circuits in a way

that creates another type of phenomena, oscillatory transients [26].
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In Figure 9 an impulsive transient event is found in a 132 kV network. This type of signal is typical
for many impulsive transients. One can clearly see that the networks response to the event induces

low amplitude oscillations in the signal that lasts about 5 ms [36].
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/

Figure 9: Impulsive transient illustration [37].

2.3.4.2 Oscillatory transient Oscillatory Transient events are characterized by the rapid
changing polarity of current or voltage values. Each event is classified by their frequency rate in

the categories low, medium or high as shown in Table 1 [26].

All high frequency oscillatory transients are usually caused by some sort of switching event. Usually
this is caused by a local system response to an impulsive transient, that often comes from lightning
strikes [26].

Medium frequency oscillatory transients currents can be caused by back-to-back capacitor energiz-
ation, which happens when a capacitor bank is energized in the near presence to another capacitor
bank already in use. Transient voltages in the same category occurs due to cable switching. It can

also occur as a response to an impulsive transient [26].
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Figure 10: Medium frequency oscillatory transient current caused by back-to-back capacitor bank
switching [26].
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Low frequency oscillatory transients, visualized in Figure 10, has many different causes. Some
examples are capacitor bank energization which induce transients between 300 and 900 HZ, shown
in Figure 11, while ferroresonance and transformer energization can induce transients below 300

Hz. These events occur on subtransmission and distribution system levels.
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Figure 11: Capacitor-bank energization induced Low frequency oscillatory transient current [38].

2.3.5 Voltage Variations

Voltage variation anomalies are time periods where the voltage differs from the nominal level.
Voltage fluctuations can cause damages to connected equipment, and is the most common type of
PQ problems [39]. Voltage variations are categorized after the IEEE 1159 standard and is rendered
in Table 2. Undesired change of voltage can either be voltage rises (swells/overvoltages), voltage

drops (sags/undervoltages) or total loss of voltage (interruptions) [39].

Table 2: Categorizing of voltage variations [26].

Categories Typical Duration | Typical Magnitude
Insanteneots Sag 0.5 - 30 cycles 0.1-0.9 pu
Short duration variations Swell 0.5 - 30 cycles 11-1.8 pu
Interruption | 0.5 -3 s <0.1 pu
Momentary Sag 30 cycles - 3 s 0.1-0.9 pu
Swell 30 cycles - 3 s 1.1-1.4pu
Interruption | 3 s - 1 min <0.1 pu
Temporary Sag 3 s-1 min 0.1-0.9 pu
Swell 3 s -1 min 1.1-1.2 pu
Interruption, sustained >1 min 0.0 pu
Long duration variations | Undervoltages >1 min 0.8 -0.9 pu
Overvoltages >1 min 1.1-1.2 pu

2.3.5.1 Short duration variations Short duration variations are changes in voltage that
are under a minute in length, where the shortest variations spans half a cycle of the voltages’
frequency of typically 50 or 60 Hz. There are several causes of short duration voltage variations,
the most prominent being equipment failures, system faults (for instance single line-to-ground),

control system malfunction, damaged or loosely connected wires and SLCs [39].
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In [40], several PQ surveys has been compared in relation to short interruptions and sags. The
authors conclude that voltage sags are accountable for between 61% and 87% of all PQ incidents.
According to [41] the same statistic for voltage sags is considered to be 70% to 90%. Furthermore
the authors recognize short circuits and other faults, lightning strikes and inrush currents as the

main causes of voltage sags.

2.3.5.2 Long duration variations Long duration voltage variation are defined when a breach
of the ANST limits [42] occur for more than 1 minute. One can see from Table 1 that this phenomena
has three subcategories, namely sustained interruption, undervoltages and overvoltages. There are
several causes for these types of faults. Some examples are load variations, erroneous tap setting

on transformers, system switching operations, blown fuses and failed circuit components.

2.3.6 Drop in Frequency Events

In power systems, the frequency is a measure of the balance between load and generation. Generate
too much and the frequency increases, generate too little and the frequency drops [43]. A drop in
frequency impacts the power quality, as well as increasing the possibility of system failure, with
eventual collapse of the grid. There are multiple reasons for a drop in frequency. All the anomalies
explained above can be potential reasons, as they all have an impact on the balance between load
and generation. In normal operation, the operating range for the frequency is commonly £0.2 Hz.
It is therefore vital to detect the frequency changes rapidly so the threshold is met at all time.

2.3.7 Cyber Attacks

With the integration of Internet of Things (IoT) and digitization, the cyber-physical horizon of the
power system is ever increasing [7]. With the need to control a power system that keeps increasing
in complexity, the vast amounts of data collected needs to be recorded, centralized and handled
quickly. This is done through the cyber-physical layer by communicating over the internet. This
makes the system prone to cyber attacks, like any other internet-connected system. Cyber attacks
can be categorized as follows: False Data Injection (FDI) attacks and Denial of Service (DoS)

attacks.

2.3.7.1 False Data Injection Attacks The increasing number of PMUs in the power system
make them more susceptible to attacks. FDI attacks revolve around getting access to the data
flow and altering the measured data between the measuring point and the data collecting point in
the system [44]. FDI attacks can prove effective if they are hard to detect and go unnoticed for a
long period of time. Being able inject small amounts of false data while still being under normal
operating conditions can have a major effect on the stability of the system. As the measured data
is used for SE and to balance the production and loads in the system, the false data can destabilize

the system and have catastrophic effects on the grid.

For microgrids, a common way to destabilize the system is by GPS spoofing and altering PMU data
[44]. This is possible due to the time synchronization of PMU data. The spoofing is conducted by
sending similar signals to the Phasor Data Concentrator (PDC), with the intention of injecting false

data or altering the timestamp of the phasors, causing the magnitude and angles to be wrongly
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synchronized [45].

2.3.7.2 Denial of Service attacks While injecting false data is not intended to be detected,
Denial of Service (DoS) attacks will have an immediate effect on the system. The attacks are
constructed to overload the network used to transmit data. This hijacking or overloading of the
network has as intention to block out the normal data flow that is vital for the functioning of the
system [46]. Detecting a DoS attack is not about subtle changes in measurement data, but rather
understanding that an attack is ongoing instead of believing that a fault somewhere in the system

is causing the disturbance of data flow.

2.4 The Impacts of Anomalies in Power Systems

As discussed, there are many types of anomalies that occur on the power system. All these
anomalies have several consequences which will be explored in this section. The biggest threat
when experiencing faults in the system is not being able to meet the power demand, causing severe
economic consequences [47]. Electricity is an essential commodity for almost all human activity
and a failure to supply also has large political and social. The severity of the supply failure ranges
from load shedding of small areas or industrial plants, to large scale blackouts lasting over longer

periods.

As our society and businesses continues to digitize and digitialize in an ever increasing pace, the
economy is more reactive to anomalies in the power system [47]. These reactions are not only
caused by the mentioned power outages, but also when there are issues with the PQ. These issues
include everything that deviates from nominal power frequency and voltage levels; voltage sags,

surges, transients and harmonics [48].

The economic loss from power anomalies are on an enormous scale. It is estimated, from a study in
2001, that the U.S. economy loses $104 to $164 billion each year due to power outages and major
blackouts [48]. In addition another $15 to $25 billion a year is lost due to PQ-related losses.

In extreme cases consequences of power outages can be fatal. The 2021 Texas power crisis had an
official death toll of 246 fatalities with direct or indirect connection to the power outages in Texas,
February 2021 [49]. On top of the fatalities, it is estimated the damages due to the winter storm
total to $195 billion [50]. The extent of the blackout can be seen in Figures 12 and 13.

2.4.1 Impacts of Transients

Transients, which are described in earlier subsections, can affect the PQ depending on the severity
of the transient event. Both impulsive and oscillatory events effect equipment that rely on high
PQ delivered by the T'SO. This equipment includes motors, transformers, capacitors, cables, cir-
cuit breakers and other electronic components [39]. The high power transients, such as lightning
strikes, has such a high energy concentration and voltage magnitude that it causes a degradation
of insulation, dielectric breakdown (hazardous electric flow in the insulation) and thermal failure
of components. The same degradation of insulation is also caused over time by repeated transients
of lower voltage magnitude and power. Degraded insulation is a hazard, as it might not work

as intended. Degraded insulation can cause physical failures on components which can lead to
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Figure 13: The same area exactly one week
later. Texans experienced around 2,495,594
power outages during the extreme weather
[51].

Figure 12: Satellite imagery of Texas Febru-
ary 7th 2021, before extreme weather hit the
State and caused a major blackout [51].

cascading faults on the power system. It is also a potential safety hazard to workers, as the risk
of electrocution might be higher than advised and in unexpected locations. Heat losses can also
increase which cause further degradation and reduces the efficiency of the components. Lastly,
damaged insulation will experience a more rapid degradation during events which strengthens the

threat of the aforementioned issues [39].

2.4.2 Impacts of Voltage Variations

All deviation from nominal voltage levels is undesired and can cause failures and damage in equip-
ment [39].

Long duration voltage variations is a phenomena that occurs less than short duration voltage
variations. However, the consequences of these sustained PQ issues is a serious economic and safety
concern for utility companies and the industry. The consequence of sustained voltage interruptions
is a complete shutdown of important equipment to our infrastructure. Overvoltage intensifies the
aging of the power system. It can also trigger an immediate failure of electronic devices and
disrupt operation. Undervoltage reduces the output of lighting appliances and causes overheating

in motors due to current surges [39].

In [52], the authors has described concrete electricity failure events and their costs. One of them is
a 15-minute voltage interruption in Vancouver 1995, corrupting data and back-up files at the city’s
stock exchange. The exchange didn’t manage to fix the problem in time for opening the next day.
They therefore lost revenues of around 30,000 CAD, and their members firms lost commissions
such that the total losses were extended in to the millions. This is just one of many examples that

the paper illustrates of how big of an economic impact a single event can have.

2.4.3 Social and Political Impacts

In [47], the effects of electricity outfalls in the UK is studied. From the survey that the study
conducted, the authors report that people could, in general, cope with short disruptions. As

long as the outage lasts less than 24 hours the social impact is minimal. However, our society is
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becoming increasingly reliant on electricity due to electrification and digitalization. Hence, in the

future the impacts of blackouts will only increase.

A modern example of electrical outage comes from present day Lebanon, where an economic crisis
has left the country with a shortage of diesel which is used to produce electricity. The paper
[53], describes how the country is embossed with social unrest due to this crisis. Although power
shortage is the result of an economic crisis rather than a network anomaly, it still shows how
vigorously the blackouts impact communities, and especially poor communities. This is due to
these communities relying on power for basic health and income purposes. At the same time the
more wealthy people of Lebanon continue living comfortably as they have enough money to buy

diesel privately and run privately owned generators.

Electricity demand is extremely inelastic [47]. Hence, electricity shortfall will lead to rising power
prices, which in turn increases fuel poverty. Wide-scale outages propels energy supply up in the
political agenda, and can put serious pressure on a sitting government, having long lasting impacts.
The three-day week policy in the UK in 1974 [54] is an example of this. The policy contributed to
a change of government and to changes in the UK’s energy policy that has lasted to this day [47].

2.4.4 Impacts of Cyber Attacks

In a system that is largely digital with a lot of data transmission, as a PMU integrated system is,
the possibilities for cyber attacks are very real. Their impacts can have vast consequences, where
having systems and personnel to deal with the attacks quickly is crucial for the systems reliability
[7].

The impacts of cyber attacks are similar to other anomalies, as in they can cause blackouts and
disruptions, however they have the potential to be much more complicated to fix. In 2015, Ukraine
was a target for a cyber attack on its power system. The attack is believed to be successful through
the use of phishing emails to inject malware into crucial systems to gain access and information,
before unleashing a DoS attack. The attack resulted in 230,000 households losing power for up to
6 hours. This blackout could have lasted much longer, had the SOs not had some cyber security
measures established. However, the attack could have been avoided altogether had better cyber

security processes been in place [55].

The authors in [56] dig into the impact and control of load altering attacks on a 9-bus power
grid. Distributed energy resources (DERs) are more and more common with the introduction of
numerous wind parks and solar farms. The DERs need to communicate with the rest of the grid
in order to provide information of how much they generate. The authors look into how cyber-
physical attacks, namely dynamic-load altering attacks (DLAA), on this communication line can
impact the system. By introducing a load variation in the system greater than 25% the system

was destabilized with the collapse of frequency.

2.5 Methods for Anomaly Detection in Power Systems

Using PMUs in the data acquisition process provides a clearer and more precise picture of the state
of the power system for the system operator [57]. There are however some challenges, as the vast

amounts of data needs to be processed and analyzed, preferably in real time.

18



This section provides information of different types of anomaly detection methods have been used
in the past. These methods focus on time-series data, as this resembles the data stream from
PMUs. Here, ML algorithms of both supervised and unsupervised types are presented, as well as

statistical methods.

For ML, we will focus on two different categories:

1. Supervised

2. Unsupervised

The difference correlates to if the outputs are known and labeled or not [7].

2.5.1 Supervised Machine Learning

In supervised ML, each set of input data contains a desired output value. In time series data this
corresponds to the next real measurement. Knowing the next value allows for further corrections
to tune the algorithms to better suit the desired output. The goal of the algorithm is learning
to recognize labeled data, such that it can correctly analyze unlabeled data for identification and

classification purposes.

An issue that can occur when training the algorithm is overfitting. This is when the algorithm
is tuned or fit too carefully to the training data. This problem is most common when there is
a lacking amount of training data [58]. This will give great performance factors for the data its

training on, however, it will prove itself lacking or even useless on a similar, but different data set.

2.5.1.1 Artificial Neural Network Artificial neural networks (ANNs) are commonly used
for analyzing and predicting time-series data [59]. ANNs are constructed by one or more hidden
layers of artificial neurons as illustrated in Figure 14. These neurons are non-linear functions that
transform the inputs. The connections between the different layers and neurons are called edges.
Weights are added to the neurons and edges, with corresponding threshold values which decides
the maximum accepted error between the forecast and real values. These start out as random
values, which are then adjusted throughout training of the algorithm. The threshold values decide

if the input will be transmitted through to the next neuron [7].

ANNSs are under the category supervised learning, as the weights and parameters are changed to

best predict a known target.

In [60], the authors propose a method to distinguish between topological and analog errors, as well
as identifying where the error has occurred. This is done using an Artificial Neural Network (ANN)
based on the Group Method of Data Handling (GMDH) [61]. The method is tested on a Brazilian
118-bus system. The tests show promising results in distinguishing topological and analog errors
efficiently with real-time monitoring requirements. This is done while identifying branch or bus
misconfigurations and inaccurate measurements. The computational time required to perform this
analysis is also minimal, making it suitable for real-time applications for many different operating

conditions.
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Figure 14: Artificial neural network structure [59].

2.5.1.2 Long Short-Term Memory Long Short-Term Memory (LSTM) is one type of deep
neural network algorithms that is popular and well-suited for time series data processing [62]. The
algorithm uses a feedback loop to reuse the outputs as inputs. These types of algorithms are called
Feedback Neural Networks (FNN) which is a subcategory of Recurrent Neural Networks (RNN).

A well known issue for RNNs is their tendency to encorporate vanishing and exploding gradients
[63]. This is one of the issues LSTM algorithms overcome [64]. The difference lies in the ability to
store values in "memory cells”. This allows for long term memory storage and therefore the ability

to learn long term correlations.

In [6], the author uses two LSTM layers, shown in Figure 15, with a dropout layer after each one to
regularize the data. The purpose of the dropout layer is to reduce overfitting issues. The method
allows for tweaking of different parameters, such as the amount of hidden units in each LSTM layer

and how many LSTM layers exist.
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Figure 15: LSTM architecture [6].

In [6] the LSTM provided the best results, compared to other methods, for the purpose of detecting
anomalies in time-series signals from a NASA spacecraft. Giving a Fy 5 score of 0.76 with 40 hidden
units in the LSTM layer.

In [64], the authors propose to use stacked LSTM networks to learn higher level temporal patterns
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using normal time series behaviour. These patterns are then used to predict the next time steps to
compare the real values for anomaly detection. The method foregoes the need for a pre-specified
time window, this allows for a flexible algorithm for anomaly detection. The authors focus on
modelling and predicting normal behaviour of time series data, which leads to accurate detection

of deviations or anomalies in the data.

The popularity of the LSTM neural network algorithms has produced a lot of various archetypes.
Various approaches based on LSTM networks for anomaly detection in different technical systems
using time series data are compared in [62]. These LSTM networks include regular LSTM, encoder-
decoder based methods and hybrid approaches. The paper also presents recent trends in learning-
based anomaly detection, where graph-based approaches and transfer learning approaches are

presented.

2.5.1.3 Multilayer Perceptrons In [65], Multilayer Perceptrons (MLP) and cumulative sum
technique are introduced to detect stealthy attacks on cyber-physical systems. Testing on data
collected from a scaled down water treatment plant, the machine learning algorithm MLP and the
statistical cumulative sum technique detected false data injection even when they were continuous
and discrete. The authors mention that the model was tested on individual attacks, ie. individual
components were injected with bad data one at a time. However, the model proved successful for

its purpose in the paper.

2.5.1.4 Multi Class Support Vector Machines Multi Class Support Vector Machines
(MSVM) is a method used with Support Vector Machines (SVM) for multi class classification.
The method constructs decision hyperplanes with decision boundries in the high dimensional fea-
ture space. The mapping into high dimensional feature space allows for pattern recognition by

linear classifiers, separating input data into different classes [66], shown in Figure 16.

As is common with other supervised ML methods, the data set should be split up into a training set
and a validation set. SVMs use a different training approach which makes the data split obsolete
[7].

f-f=1

Class1 %

Class2 +

Class3 ()

Figure 16: Three-class labels MSVM [66].
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2.5.1.5 K-Nearest Neighbors For classification and regression, the k-Nearest Neighbors
(kNN) technique is widely used [7]. The parameter, k, indicates how many of a given data points
nearest neighbors are to be used in the process. Figure 17 shows an example of how clustering a
given data set with k=3 looks like. The technique usually uses euclidean distance for classification
or regression of data values. Where the euclidean distance between the points F; and P; in the

xy-plane is given by [67]:

distance(P;, Pj) = \/(JEJ — )2 + (y; — )2 (4)

The method is non-parametric, meaning that the deciding factor depends on the k nearest neigh-

bors. The technique can be used for classification or regression:

e For classification purposes, the data point is assigned to the class most common among the

k nearest neighbors.

e For regression purposes, the value is determined by the average of the values of its k nearest

neighbors.

For time series data application, [68] propose two novel approaches. These approaches looks into
different ways of dividing the past data set for neighbor comparisons. The first approach compares
the subsequence in question, with every possible subsequence of the same length from the past. The
second approach reduced the amount of subsequence sets, therefore reducing the computational
load. The results show that the first approach outperformed the second approach, however the

computational load needs to be considered for the intended purpose and size of data set.
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Figure 17: Example of k-nearest neighbors clustering with three clusters [69].
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2.5.1.6 Correlation Based Neural Networks For time series based data and systems, the
time correlation between data points can be a good indicator for faults, bad data and cyber attacks.
In [4], correlation analysis is combined with a neural network classifier. The correlation analysis is
based on Pearson’s correlation coefficient, shown in Figure 18. This suits the type of data that the

PMUs generate, as the coefficient conveys how strong the linear relationship is between two data

sets is.
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Figure 18: Examples of Pearsons correlation coefficients [70].

The authors propose an algorithm that detects and identifies bad data before SE is computed.
This results in only one computation needed for SE, leading to quicker estimation as the bad
data analysis is done pre-SE. The computational load for this method is lower than other typical
methods used prior. The algorithm is also heavily data based, so network topology knowledge is not
needed. Noise in the measurement data was one of the main performance factors that was tested.
The results show that the amount of noise heavily affects the performance, due to higher noise
being labeled as bad data. The authors conclude with the algorithm having significant potential
in bad data detection. However, further work within real-time system analysis of real data needs

to be conducted to assess how real system noise affects the algorithm.

2.5.2 Unsupervised Machine Learning

Unsupervised machine learning, as stated previously, does not have known outputs that correspond
with the inputs. Instead the algorithms must discover patterns in the training data on its own.
These types of algorithms require less work compared to supervised methods which need labeling
and comparisons of the output. The unsupervised methods can also detect patterns that have
not been known or visible to the engineers beforehand. This type of pattern recognition and

categorization is called clustering, and is the primary use of unsupervised machine learning [7].

2.5.2.1 K-Means Visualizing clustering in a 2-D plane can easily be shown with the k-means
algorithm. Being the simplest unsupervised learning algorithm, the goal is to find the minimum
sum of euclidean distances (Equation 4) between data points [7]. A 2-D visualization with 5 clusters

is shown in Figure 19.

The algorithm is structured to cluster the data points to a predetermined, k, number of clusters.
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Figure 19: k-means clustering [71].

These clusters are centered around centroids. The centroids start of randomly placed in the data set,
where each data point is assigned to its nearest centroid. Iteratively the centroids are moved to the
mass center of its assigned data points, or where the sum of euclidean distances are the least. After
which the data points are reassigned its closest centroid based on the squared euclidean distance
[7]. This continues until no data points are assigned a different centroid after each successive

iteration.

The optimal number of centroids will vary depending on the type of data and its intention. In
[72], the optimal number of clusters are determined by the elbow method. This method plots the
number of clusters, here from 1 to 10, and a cost function is computed for each number of clusters.
The number of clusters that optimize the cost function is the optimal number of clusters to be

used for its purpose.

2.5.2.2 Gaussian Mixture Model
Model (GMM) is used for clustering of unsupervised data [7]. This method, however, uses multiple

Similar to the k-means algorithm, the Gaussian Mixture

Gaussian functions to cluster the data points. Each data point is assumed to be generated by
different Gaussian distributions with a corresponding probability. The authors in [72], proposes
that the maximum likelihood estimator of the GMM is found using two steps. The first step is the
expectation step, the posterior probability is found using an expectation maximization algorithm
and conditioning the weights, means and covariance using the k-means algorithm. These are then
used in step two to optimize the probability of the parameters. This process is repeated until

convergence.

In the case of anomaly detection, central in [72], the method proved in its ability to identify
anomalies in streaming PMU data. The method was tested on different number of features in the
data, spanning from 2 to 16. The Fj score for the method in all cases was above 0.91, and 0.99
and above for 8-16 features when using historical data. The method was also tested on real time
PMU streamed dataset, in which the F} score was even higher. The authors concluded with the

method being able to adapt to the streaming PMU data, reducing the false positive rate.
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3 Methodology

This section is mainly based on previous work done by the same authors [5]

High quality data establishes the foundation of anomaly detection models. This thesis will look
at PMU data received from the Norwegian TSO, Statnett; as well as data obtained by the Texas
Synchrophasor Network (TSN). The data sets consists of a total of over 50 million data points.
The PMUs measure voltage magnitude, voltage angle, real power flow and frequency. This data
needs to be processed so it is possible to use in further model training, prediction and anomaly
detection. The data preprocessing consists of removing missing values, applying noise filtration
and data normalization. The preprocessing enables the data to be used for a number of different

ML models, which makes it practical to swap out and test different algorithms.

In this thesis different ML models for anomaly detection is trained, tested and compared on the
given data. Different hybrids of CNN and LSTM algorithms are selected for this purpose, as it
has in previous research shown promising results using time series data. Different ML models
require different training and evaluation methods and therefore different approaches in splitting
the available data. For different LSTM variants for instance, a train/test split of 80%/20% is
preferred. Using the data, training and testing of the models is executed. When training the
model the objective is to predict each next measurement with high precision. Therefore the model
is tuned and altered so the predictions and measurements line up in the best possible fashion. After
training the model, previously unseen test data is used to label any abnormalities as anomalies.
Evaluating the algorithms performance is important to identify overfitting issues, and to analyze its
potential. Comparing the models with an established third party model is part of the model analysis
step, where the models are validated to indicate their efficacy. The actual anomaly detection tests
is performed with false data injection before the models are deployed to detect anomalies on real

anomalies. The flowchart of this process is presented in Figure 20.
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Figure 20: Methodology flowchart.
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3.1 Data Gathering

A common issue when experimenting with data from power systems is that the data collected
and used by the TSOs and power producers is considered critical information and is therefore
confidential for the general public and hard to come by. This also applies for the PMU data that

is used for this thesis.

At the same time, to work with ML and AI, having enough data is crucial for efficient and effective
training and testing of the models. This thesis uses two different data sets. One of the data sets
is obtained through the Norwegian TSO, Statnett. Obtaining this data was possible due to a
close research collaboration between NTNU and Statnett, and important for this thesis’ research.
Statnett’s PMUs measure data from power lines on the Norwegian transmission system, however,

their exact location and the voltage levels are classified.

The second data set is obtained through the Texas Synchrophasor Network (T'SN) by the University
of Texas, using an independent system of six PMUs across Texas, USA. The data is described and
analyzed briefly in [73]. This thesis will use five of the six PMUs in the system. The reason being
one of the PMUs being on the costumer, 120 volt, side of the power system. The five stations are
located within different zones of the Electric Reliability Council of Texas (ERCOT) and shown in

Figure 21. The locations are:

e University of Texas - Austin

University of Texas - McDonald Observatory in Fort Davis

University of Texas - Pan American in Edinburg

Houston in Harris County

Waco in McLennan County
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Figure 21: Positions of the PMU’s considered in the study.
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3.1.1 Data Format

The PMUs in the two different networks measure voltage magnitude, voltage phase angle and
frequency, for each given timestamp. Statnett measures real power flow in addition to the features
mentioned. Due to the nominal frequency difference of Norway and the U.S, the PMUs measure at
different frequencies as well, corresponding to half the grid frequency. Statnett therefore measures
at a rate of 25 Hz, while the TSN measures at 30 Hz. The units of the values given by the PMUs
are also different, due to the data from Statnett is critical information, both the voltage magnitude
and real power flow are given in per unit (pu) values. The TSN data does not have this constraint
and the voltage magnitude is given in volts. The units of the values are therefore given as shown
in Table 3:

Table 3: Units for measured values.

Statnett TSN
Voltage Magnitude: [py] V]
Voltage angle: ] ]
Frequency: [Hz] [Hz]
Real power flow: [pu] -

The Statnett data set contains measurements from three different PMUs. Each of the three PMUs
covers coherent measurements spanning 48 hours at unknown locations at an unknown time in
2022. With a measuring frequency of 25 Hz, this totals to 4,320,000 different timestamps, each
with the four measurements shown in Table 3. This corresponds to over 16 million data points for

each PMU that can be analyzed and used to train and test the models.

The TSN data is more specific and covers measurements from one hour on January 3rd 2012
between 1 AM and 2 AM. With a measuring frequency of 30 Hz, this totals to 108,000 different
samples for each station, each with the three measurements mentioned above. This corresponds
to 1,620,000 data points for the given hour.

The data is in a time series format delivered by the PMU devices. This means that each measure-

ment is synchronized to the exact same time by the GPS clock within the PMU device.

3.1.2 Computer Spesifications

All tests are performed on a Lambda Quad RTX 2080 Ti, which is a GPU computer that belongs
to NTNU. The computer runs on an Intel Core i9-9920X @ 3.5 GHz, with four NVIDIA GV102
graphics cards. The tests are run from code written on personal computers through PuTTY which
is an SSH and telnet client. Running tests on the Lambda computer greatly improves runtime

compared to other alternatives available.

3.2 Preprocessing

The measurements done by the PMUs are not perfectly suited for anomaly detection right out the
gate. The data needs to be processed before the models can be efficient and effective, this is called
preprocessing. The preprocessing necessary for this thesis ensures that there are no missing values,

data is normalized, noise filtered and voltage angles are unwrapped
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3.2.1 Remove Missing Values

When a high measuring rate is used, any error or delay in the system, like faulty measurement
devices, packet loss during transmission or software errors, can lead to data being lost or unavail-
able. These missing values are referred to as Not a Number (NaN) in the data sets. The action of
removing missing data points is important for the function of the models used. Any missing value

can disrupt the algorithms and generate a defective model.

For online applications, more sophisticated methods needs to be used to recover the missing val-
ues. In [74], four methods for missing value recovery is proposed. These are suitable for online
applications, as the computational speed is sufficient to recover the missing data before the next
measurement set is received. The authors have, however, set the time window to 20 seconds for

each measurement set. This might be too slow for online anomaly detection purposes.

For this thesis, a simple linear regression technique is used. This method fills in the missing data
points with a straight line between the last known data point in the series and the next known
data point after the missing values. A pseudo code which explains the algorithm is given in Table
4.

Table 4: Remove missing values algorithm.

Algorithm for removing missing values (pseudocode)
Input: Dataset - Phase voltage, angle and frequency from a PMU device
Output: Complete data set without missing values

Steps:
1. for Feature in dataset:

2. for Value in range(length(Feature)):

3. if Value == NaN:

4. while next value == NaN

O. NumberOfNaN = NumberOfNaN + 1

6. Value = previous real value + (next real value - previous real value)/NumberOfNaN

The three PMU data sets from Statnett contains a different number of NaNs each. Data set from
PMU 1, PMU 2 and PMU 3 contains 435, 1029 and 102787 missing values respectively. The data

set from TSN does not contain any missing values.

3.2.2 Noise Filtration

The PMU measurements will contain a certain amount of noise. This noise is most prominent in
the voltage magnitude and frequency measurements, where the noise is introduced by errors in
transducers, quantization and signal processing [75]. Hence, the noise seen in the PMU data is
introduced in the measurement or post-measurement stage. This means that the signal to noise

ratios (SNR) are similar at different voltage levels.

Having the same SNR regardless of parameter or voltage level means that the same noise filtering
techniques can be used for all measurements. Following the noise filtering technique presented in

[75], a median filtering method is used.

The median filtering method is designed with a sliding window to calculate the median of the M

closest values. Where M is the order of the median filter. Let X(n) denote the parameter value at
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time step n, where the parameter in this case can be voltage magnitude, voltage angle or frequency.

X¢(n) =median{X(n — M/2),X(n —M/2+1),..,X(n),..., X(n+ M/2)} (5)

Where X¢(n) is the filtered parameter value.

The following algorithm explains the filtering process. Due to the high frequency of measurements,
a simple filtering method, like the median filter, is preferred. With a time complexity of O(n), the

median filtering method is quick and efficient for its intended purpose.

Table 5: Median filter algorithm.

Algorithm for noise filtering using median filter (pseudocode)
Input: Dataset - Phase voltage, angle and frequency from a PMU device
Output: Filtered data

Steps:
1. for X in dataset:
2. for n in range(length(X)):

3. if n < M/2:

4. X¢(n) = median(X[:n])

5. else:

6. X¢(n) = median(X[(n-M/2):(n+M/2)])

3.2.3 Angle Unwrapping

When measuring the voltage phase angle, the reference point of the PMUs remain constant. For
the phases, however, the angle shifts in tune with the speed of rotation compared to the nominal
frequency of the grid. Due to the frequencies not being constant at nominal frequency, the difference
will cause the voltage phase angle to shift over time compared to the constant reference of the PMU.
As the phase angle does not increase or decrease to infinity, the angle jumps from +180 to -180 if
it is steadily increasing, or from -180 to +180 if it is steadily decreasing. This jump also makes the
visualization of the angles confusing and difficult to read. This can be seen in Figure 22, where

unprocessed wrapped voltage angle is shown.

In anomaly detection each angle jump is an issue. Each jump of +360 degrees does not correctly
represent the actual change of angle between two measurements, and will give misleading inform-
ation. To illustrate the problem, the angle data from Statnett PMU 1 is represented in Figure
22.

To solve this issue, an angle unwrapping technique is used. This technique will more accurately
show the angle difference between two timesteps. However, this data is only useful for data pro-
cessing, like anomaly detection, as the angles have no inherent real world value or meaning. To
understand the technique, it is important to note that the change of angle between two measure-

ments is:

AS =y — 6, (6)

Where d5 is the measurement which comes after ;. However, when the angle exceeds 180 degrees
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Figure 22: Wrapped and Unwrapped voltage angle measurements of the first 10000 values in the
data set from Statnetts PMU 1.

the PMU device returns the new angle subtracted by 360 degrees. When the opposite happens the
PMU returns the new angle with 360 degrees added to it. To get the actual change in these two
special cases different equations are applied:

Adgngle>180 = 02 — 1 + 360 (7)

A(sangle<718[) = 52 - (51 — 360 (8)

The resulting algorithm for angle unwrapping is shown in Table 6.

Table 6: Unwrapping algorithm.

Algorithm for unwrapping phase angle data (pseudocode).
Input: angles - Phase angle data from a PMU device
Output: Unwrapped angles

Steps:

1. for i in range(length(angles)-1):

2. delta = angles[i+1] - angles]i]

if delta <-340:
angles[i+1:length(angles)] += 360

if delta >340:
angles[i+1:length(angles)] -= 360

o CUa W

Unwrapping the angles in such a way gives a more accurate representation of how the phase angle

has shifted during the period of measurement.

3.2.4 Data Normalization

The data that is acquired from the PMUs are values that depict the actual voltage and power
levels, frequencies and angles. These vary greatly in order of size, as the voltage level can both
depict the high voltage level actually being measured, or their per unit values [76], together with
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the frequency being around 50 og 60 Hz and voltage angles being between 0 and + 180 degrees.
Normalizing the data presents the models similar input values, meaning the features can be used
interchangeably between models and analysis’. This is useful for ML algorithms, as the weights
can be heavily influenced by the size of the input values. Normalizing the values removes this

factor, and reduces the chance of avoidable errors.

The effectiveness of the algorithms are also dependent on which normalization method is used [77].
By using the correct normalization technique, it should be possible to implement and use the data
in any ML algorithm without further processing. This makes it quick and easy to compare different

methods.

In [78], a powerful and efficient normalization technique is proposed. The Tanh estimator, first
introduced by Hample, is a technique considered to be robust against noise. This makes it a

relevant candidate, considering the noise prone PMU data being used.

g

Xporm(n) = 0.5 {tanh (001(9”(”)_“)) + 1} ()

Equation 9 shows the fixed score normalization equation of the Tanh estimator. The technique
takes the hyperbolic tangent of the given parameter value subtracted by the mean, u, divided by
the standard deviation, o, of the respective parameter. The technique normalizes the data in the

range [0, 1] with a mean of 0.5 and standard deviation of 0.005.

3.2.5 Data Splitting

To train the algorithm, the data needs to be split into training and testing data. The different
input types are as mentioned measurements of frequency, voltage magnitude, voltage angle and
real power. The purpose of data splitting is so the algorithm can learn and train to predict based
on the training data, while the testing data is used to see how well the model is able to do this.
Another use for the testing data is to check for overfitting issues. If the model fares well on the
training data, but not on the testing data, the model is overfit for the training data, and will
not work well when implemented on new and unknown data inputs. There are several ways of
performing the data split. The most natural way to do this with the time series data for anomaly
detection is to train the model on the first 80% of all the measurements, and test it on the rest;

corresponding to an 80%/20% split.

Furthermore, after a model is trained for a given set of parameters, it can be tested on other data.
Since the model is already trained a different split is used, where the test data is the dominant
part. This is because the training data only will be used to create an error threshold, which require

much less data when training a model.
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3.3 Model Development

Using different models in the analysis for anomaly detection is beneficial to find what works best for
the given data, its structure and for the different anomalies present. The four models developed
and analysed in this thesis are CNN, LSTM, C-LSTM and Bi-LSTM. These four models have
different capabilities, with strengths and weaknesses. The following subsections will explain the

models in depth.

3.3.1 LSTM

The use of LSTM-based neural network architecture as an anomaly detection algorithm is, as
discussed in earlier sections, popular and well-suited for time series data processing. This type
of architecture allows for dynamic and time-variant anomaly detection [62]. A common use for
LSTM-based anomaly detection algorithms is to make a prediction model. This prediction model
is used to predict future values. These values can then be compared with the measured values,
where a difference error between the predicted and real value over a certain threshold is labeled as

an anomaly.

The architecture consists of an input layer, one or more hidden layers, memory cells and an output
layer. Using memory and forget cells, the algorithm is capable of preserving long term temporal

relationships and patterns in the data.
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Figure 23: LSTM data flow [79].
Figure 23 shows the data flow in the LSTM model. Here we see the three different gates, and their

outputs at step t, that control the memory cell; The forget gate, Fy, input gate, Iy and output

gate, O¢. These gates are designed to better capture long range dependencies in the sequences.

It = 0 (X¢Wyi + Hi1 Wy, + b;) (10)
Fi =0 (X;W,s+H;_1Wy; +by) (11)
O =0 (X¢W,, + Hi_1W;, +b,) (12)
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Equations 10, 11 and 12 show how the output value of each gate is computed. Here o represents
the activation function, W, the weight parameters and, b, the bias parameters. Xy and H;_; are

the input value to the layer and the output of the hidden layer of the previous step, respectively.

Inside each memory cell, the activation function, o, are all Sigmoid functions. This is a function
that scales the values between 0 and 1. This solves the problem of vanishing gradients that can be
seen in gradient recurrent networks. Tanh functions can also be seen in Figure 23. These create
decision values, which decide if the transformed values from the input or stored memory is worth

keeping or is to be used in the output of the cell.

The memory value C;_; and C; are shown at the top of Figure 23, these are the values that are
kept from one step to the next. The purpose of the Equations 10, 11 and 12 is to choose both
the output of the memory cell, and to choose what value is kept and memorized for future steps.
Altering the parameters can alter how long term dependencies affect the end results, and a tuning

process has to be completed for optimal results.

3.3.2 CNN

Convolutional Neural Networks (CNN) are a type of ANN designed for the purpose of managing
variations in two dimensional data sets, like images. CNN models have earlier shown to be superior
at these type of applications [80]. Nevertheless, the algorithms’ capability to recognize spatial
characteristics in imagery makes it an interesting potential candidate when picking algorithms for

the purpose of anomaly detection on time series data [81].

When processing digital information, CNN has a significant advantage as it can extract important
information with fewer weight coefficients [82]. In general, CNN is for the most part made up of

four layer types:
1. Input layer
2. Convolutional layers

3. Pooling layers

4. Fully connected layers

The input layer is comprised of the input data.

In the convolutional layer convolutional kernels filter the input data as shown in Equation 13,
where the number of convolutional kernels defines the weight coefficients. The function used in
the convolutional layers utilizes the convolutional kernels to draw out information from the input
data. Therefore, the size and step length of the kernels has a big impact on the performance of

the convolutional layer. For two dimensional input we have:

zl = (Y] a W+ b)) (13)
1€ M;

Where f is activation function, Wilj is the weight coefficient corresponding to the convolution at
the position (i,j) of the layer I bé- represents the bias, xé_l the feature mapping of the previous

layer, M; the set of feature mappings and xé represents the feature map of the current layer.
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The pooling layers often involve two popular strategies:

1. max pooling P;"*

2. average pooling P/

The pooling layer filters out the main features of the input data, and reduces computational time
significantly [82] [83]. Max pooling, as depicted in Figure 24, replaces the data in a certain area,
called the pooling area, with the maximum value, shown in Equation 14. Average pooling does
the same, but with the average value, shown in Equation 15. After pooling, the size of the data set
and the weight coefficient are reduced, which in turn reduces computational time. Each dimension
in the data set is reduced by a factor (stride value). Other pooling strategies include Mixed Max-
Average Pooling, ‘Gated’ Max-Average Pooling, Tree Pooling, Spatial Pyramid Pooling, Stochastic
Pooling, S3Pool, Rank-Based Pooling and Fractional Max-out Pooling [83].

mar __ .
w, vV — Hax a4 (14)
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Figure 24: Example of max pooling with a pooling area of 2x2 and stride of 2 [83].

In the fully connected layer, the neurons of the previous layer is connected with all neurons of
the current layer. The connection structure of the fully connected layer is identical to those of
a traditional neural network. This is conventionally used as the last layer of the CNN [82]. An

example of the CNN layers is presented in Figure 25

In Figure 26, the proposed architecture of the CNN model is presented. The model contains three
one dimensional convolutional layers (ConvlD) which are optimized using the Talos optimizer
package in Python (See section 3.4.1.1). This is followed by a Max-Pooling layer, whose task is to
save the most important signals, before these signals are flattened to a single dimension. Lastly,

the extracted features are interpreted in a dense fully connected layer.

3.3.3 Convolutional LSTM

Convolutional LSTM (C-LSTM) is a hybrid between CNN and LSTM, where both models are

utilized. Combining the architectures will allow for both spatial and temporal features to be
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Figure 25: An illustration of layers and connections in a CNN model used to monitoring overheating
[84].
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Figure 26: Proposed architecture of the CNN model.

captured. The input data is first fed into a CNN layer before the LSTM layers are used. Starting
with a CNN layer will restructure and reformat the data in a way that will be different than
the pure LSTM model. This restructuring and reformatting can prove beneficial in capturing

anomalous points in the PMU data.

Previous uses of C-LSTM involve text recognition [85]. The combination of CNN and LSTM for
text recognition allows for extracting higher-level sequences of words through the application of
CNN, and the long-term dependencies through the application of LSTM. For time series data,
having the ability to evaluate both higher-level sequences and long-term dependencies could prove

important in the context of anomaly detection.

3.3.4 Bidirectional LSTM

Bidirectional LSTM (Bi-LSTM) is a sub-catagory of the LSTM neural network architecture. The
Bi-LSTM model expands on the pure LSTM model by implementing and combining a forward
propagating layer with a backward propagating layer in one single layer. The bidirectional model
should allow for more accurate predictions, as it uses information both from the past and future
[86]. This is possible due to the inputs being used in both the forward propagating neurons and
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the backward propagating neurons before combining the outputs through the activation function.
The architecture and data flow is shown in Figure 27. As seen in the figure, there is no interaction
between the forward and backward propagating neurons. This non existent interaction is the
difference between having a bidirectional layer and having two separate layers, one being forward

and the other being backward propagating.

Figure 27: Bi-LSTM architecture [86].

3.3.5 Algorithm Training

The first part of the anomaly detection after completing the data preprocessing is the algorithm
training. LSTM is trained under supervision using training data which is a part of the data where
anomalies are being probed. The TSN data set is chosen to be used for training all the models.
This is due to the model validation step performed later. In our case the training data will stand
for 80% of the measurements in the data set, or the first 86400 measurements. While the model
is trained the parameters are updated such that predictions for the next measurement, given an
arbitrary timestamp, will be better. Anomalies are found by marking those measurements which

are outside a given threshold of error from the predicted value.

For the LSTM based models previous signals aren’t automatically applied to the ongoing step, but
rather uses a set of cells to learn what previous measurements are beneficial for predicting the next
one. The input, output and forget gates work together to predict the next step, by learning to

open and close at the right moments [6].

When learning, the models are trained separately for each measurement type and for every PMU
device. This way the model can learn to predict the values of each time series separately. The
mean squared error (MSE) is used during the training as a metric for the performance of the
model, as used in [6]. MSE is the average of the square of the error of the values that the model

has predicted, shown in Equation 16:

MSE = L3 -2 (10

t=1
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Where Y; is the measured value at the time t, and Y, is the value predicted by the model for the

same timestamp. MSE is a helpful tool in both the learning and evaluation process.

3.3.6 Activation Function

Due to the way the cells of the LSTM layers are constructed, non-linearity is ensured through the
different gates. The sigmoid and Tanh functions are used in the forget, input and output gates, and
as such every value is transformed in each layer. A further activation function is not necessarily
needed, as the inputs are transformed within each LSTM layer. A further transformation might

not increase the performance of the algorithm, but might instead increase the computational load.

3.3.7 Evaluation

Evaluation of the proposed method and its predictions can be excecuted in numerous ways. For
anomaly detection purposes, the evaluation of the method is seen as its ability to detect the
anomalies that are presented. As the LSTM method predicts future values, it is natural to use an
error vector as a means to compare the predicted values and the real measurements done by the
PMUs.

To evaluate the proposed method, the authors in [6] compare a dynamic error thresholding tech-
nique with a standard x-sigma thresholding technique. The dynamic error technique is first de-
veloped by NASA in [87]. The approach used in this paper will base itself on the work in [6], as it

is interesting to investigate how their techniques fare on PMU data.

The first step for error thresholding techniques is to find the prediction error. This is very similar
to MSE described above, however it looks at individual data points by themselves. The prediction

error is given by:

e= |yt — Uil (17)

The dynamic approach, used in [6], requires a series of errors to determine the threshold. This
is done by defining a window size, deciding the number of errors to combine into an error vector,

e =[er—n,...,Et_1, €], where n is the window size.

LSTM based methods frequently experience error spikes [88], therefore, it is beneficial to smoothen
the error vector, Exponentially Weighted Moving Average (EWMA) is used. The function is
recursive, meaning that one observation is calculated using previous observations, the formula is

shown below:

EWMAt = *ep+ (1 —O[) *EWMAtfl (18)
The only parameter up for modification, is the parameter «. « is a number between 0 and 1, which
defines how quickly the weights tend to zero, when propagating back in time.

The smoothed error vector, e, is then to be used to calculate the error threshold. This can

either be done supervised, comparing anomalies in the data previously, or unsupervised using the
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dynamic technique proposed. The unsupervised method can be beneficial for online time series

data, as a variable error threshold can reduce the number of false positives.

The threshold, e, is selected to reduce the amount of anomalies that is marked. Reducing the
amount has the benefit of negating false positives, however there needs to be a balance between

the number of false positives and the number of false negatives. The threshold vector is found by:

e = ule,) + zo(e) (19)

Where 1 and o is the mean and standard deviation of the smoothed error vector, respectively. z
is a positive number chosen to scale the threshold. A lower number means a lower threshold, and

can lead to more false positives, in [88], a number between 2 and 10 is used.

Further, € is chosen as:

AN(QS)/N(eS) + Ao(es)/a(es)
leq| + |Eseq|2

€ = argmaz(€) = (20)

Where

Apes) = p(es) — p({es € esles <e})
Ac(es) = o(es) —o({es € esles < €})
e, = {es € e5les > €}

and E,., is a continuous sequence of e, € e,. The severity of the anomaly is also of importance,

so a anomaly score is given to each detected anomaly by Equation 21:

S0 max(egie)q — argmax(e)
p(es) +o(es)
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3.4 Model Analysis
3.4.1 Model Calibration

The calibration process incorporates tuning the hyperparameters of the different models to per-
form in the best way possible. Using the Talos optimizer python package [89], easy and efficient
parameter tuning is achievable. The optimizer package tests a given range of values for chosen
hyperparameters. The outcome of the optimizer shows the value of evaluation metrics for each
value of hyperparameters tested. As well as generating numerical values for metrics for the given
values of hyperparameters, Talos also generates a correlation graph to show the correlation between
different hyperparameters and evaluation metrics as shown in Figure 28. This correlation graph
provides a visual overview of how the value of given hyperparameters affect the value of the eval-
uation metrics. In Figure 28, a positive value and red-gradient color indicates that the value of
hyperparameter has a positive correlation to the corresponding evaluation metric. A negative and
blue-gradient color indicates a negative correlation to the corresponding evaluation metric, mean-

ing that a higher value of hyperparameter results in a lower value for the evaluation metric, which

in this case is desired.
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Figure 28: Talos optimizer correlation graph.

Table 7, 8 and 9 shows the parameters that generated the best outcome from the Talos optimization.
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Table 7: CNN model parameters decided by the hyperparameter optimization.

CNN

Filters 32

ConvlD Kernel size 3
Activation relu

Filters 16

ConvlD Kernel size 3
Activation relu

Filters 64

Conv1lD Kernel size 3
Activation relu

MaxPooling Pool size 2
Dense Units 50
Activation relu

Dense Units 1

Flatten - -

Table 8: LSTM and Bi-LSTM model parameters decided by the hyperparameter optimization.

LSTM/Bi-LSTM
LSTM/Bi-LSTM Hidden Units 64
Dropout Dropout Value 0.12
LSTM Hidden Units 32
Dense Units 1

Table 9: C-LSTM model parameters decided by the hyperparameter optimization.

C-LSTM

Filters 64

ConvlD Kernel Size 3
Activation relu

LSTM Hidden Units 64
Dropout Dropout Value 0.12
LSTM Hidden Units 32
Dropout Dropout value 0.12

Dense Units 1

3.4.2 Model Validation

To ensure that the models proposed are calibrated correctly and function as intended, a model
validation step is necessary. This validation step includes using the data obtained by the University
of Texas and a statistical model proposed in [73]. The statistical method is developed by the
National Renewable Energy Laboratory (NREL) and is specifically designed to detect anomalies
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on the PMU data from Texas. This provides a great foundation to validate the models proposed

in this thesis.

After the models are calibrated with tuning of the hyperparameters, the models are tested on the
PMU data from Texas for anomaly detection purposes. The results are then compared to the
anomalies found using the statistical method, to see if the ML models proposed here are able to

capture the same anomalies.

The models that capture a satisfactory amount of the same anomalies is deemed well calibrated and
functioning in the correct manner. This validation step gives credibility to the models used for real
world application. It also gives the benefit of knowing that the anomaly detection of injected data,
as seen later in this thesis, is not overfitted for the specific data injected, and instead accomplishes

correct prediction of normal operating conditions.

As the models used for the Texas data and the data obtained from Statnett are the same, the val-
idation step described above is valid for both instances. This provides a foundation for comparison
between data sets, as well as testing how well the models that are calibrated for one PMU data
set fares on another PMU data set with different input values and measurement frequencies. This
comparison gives further insight into how well the models are able to adapt and find out if there

are any strengths or weaknesses involved.

3.4.3 Data Injection

To test the models ability to detect bad data related to cyber security threats and anomalies, false
data is injected into the data stream. As seen in Figure 6, there are four main types of bad data.
The main focus of this thesis is injecting and detecting noise added to the system. Injecting noise
is a way of mimicking a malfunction in a component or sensor, it is also similar to a Noise Injection
Attack (NIA) [90].

To inject the false data, Gaussian noise is added to the data points over a time period. This time
period is randomly chosen between 1 and 4 seconds in length at a random point during the whole
length of data set. The amount of data affected is therefore in the range of 25-120 data points,
depending on the measurement frequency of the PMUs. Gaussian noise is chosen due to its easy
access through NumPy python package [91], and due to the noise generated having a probability

density function equal to the normal distribution.

3.4.3.1 Evaluation Metrics To evaluate the models’ performances a statistical analysis is

deployed. The chosen metrics are popular in supervised ML:

e Recall
e Precision
e F1-Score
Recall describes how many of the true anomalies are found [92]. In other words, anomaly found

by a model with a high recall score is not necessary truly an anomaly. However, an engineer can

trust that few true anomalies are undiscovered.
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Truepositives

Recall = (22)

Truepositives + Falsenegatives

Precision describes how many of the found anomalies are true [92]. Hence, an anomaly found by

a model with a high precision is more likely to be true.

. Truepositives
Precision =

23
Truepositives + Falsepositives (23)

The F1-score is the harmonic mean of precision and recall. It describes the overall performance of
the algorithm [92].

Fl— Seore — 2 x Precision x Recall (24)

Precision + Recall

When evaluating the results the F1-Score is the simplest way to decide which algorithm performs
better. However, for different applications a higher Recall or Precision might be of a higher

priority.

3.5 Model Deployment

After validating the models’ abilities to detect both real and injected anomalies, the next step is
to run the models on unlabeled data. That way, the models can be of help to SO’s that would
like to get quickly learn if there are any faults in their network. To simulate a real deployment of
the models, the unlabeled 48 hours of data from Statnett is split into 20 equal parts; consisting
of 2 hours and 24 minutes of measurements. For each part, the error threshold is updated using
the first 5% of the data, and the whole set is checked for anomalies by the four different models.
This type of test is similar to real world deployment, where the models are subject to new unseen
data. Instead of splitting the data set into different equal parts, a sliding window technique is also

possible to mimic a live data feed.
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4 Results

4.1 Preprocessing Results

This subsection presents and visualizes the preprocessing results, showing its importance and how

it’s implemented.

4.1.1 Remove Missing Values

It was found that the only data sets with missing values were the data sets from Statnett. The data
sets from PMU 1, 2 and 3 contained 435, 1029 and 102787 missing values respectively. Running
the models on this data without removing the missing values resulted in errors, as the data being
analyzed was not complete and always numerical. Figure 29 shows a snapshot of 100 data points
from PMU 1, showing a section with missing values. Figure 30 shows how a linear regression is

used to connect the two end points on each side of the missing value section.
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Figure 29: Missing values in Statnetts PMU 1 data set.
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Figure 30: Missing values removed in Statnett’s PMU 1 data set.
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As seen in Figure 30, the straight line between the two points looks out of place and does not
seem to replicate the real data in any meaningful way. However, this does not hinder or affect the
models in anomaly detection context, as the amplitudes are within normal operating levels and

the relative step change between data points are lower than what they normally are.

4.1.2 Noise Filtration Results

Testing the models on data with and without noise filtration shows the value of removing or
dampening noise from the input data, shown in later subsections. As seen in Figures 31, 32 and
33, the noise filtration lowers the amplitude of various harmonics. This leads to a more uniform

plot with less spikes and unwanted fluctuations.

In the noise filtration stage the order of the median filter M, is the only parameter that can be
adjusted to balance filtering out the noise while not excluding any anomalies in the data. Figures
31, 32 and 33 show three different orders of filtering on a portion of the TSN data. Figure 31
shows the unfiltered phase voltage measurements, Figure 32 shows median filter phase voltage of

order M = 50, and Figure 33 shows median filtered phase voltage of order M = 150.

The figures clearly show the advantages and disadvantages of filtering the data for anomaly detec-
tion purposes. The unfiltered phase voltage has a lot of minor spikes throughout, that may not
be due to load variations on the grid. The filtered phase voltage of order M = 50 shows a much
cleaner result, where load changes are more visible. A drawback is that some of the major spikes
disappear, as they are too brief to have an impact in the filtering process. This is even more visible
on the filtered phase voltage of order M = 150, here all major spikes disappear. This would be
beneficial if the purpose was to use the data for SE or similar. However, as the purpose here is
anomaly detection, it would be difficult to register the single point anomalies that are seen in the

unfiltered phase voltage measurements.
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Figure 31: Unfiltered phase voltage.
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Figure 32: Median filtered phase voltage, M = 50.
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Figure 33: Median filtered phase voltage, M = 150.
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4.2 Model Validation Results

Using the statistical model developed by NREL on the TSN data, multiple anomalies are found.
An example of an anomaly is shown in Figure 34. Using the machine learning models trained on

the TSN data, the same anomalies were detected, as can be seen in Figure 35.
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Figure 34: Anomaly labeled by the NREL model.
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Figure 35: Anomaly detected using the C-LSTM model.

As seen in Figure 34, the anomalies found using the statistical method indicates an event at 1443
seconds from the beginning of the data set. This corresponds to a time of 24 minutes and 3 seconds.
Figure 35 shows detected anomalies in this exact time frame, as expected. In this particular case,

the C-LSTM model was used and a random event was chosen to compare the statistical method
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developed by NREL with the models used in this thesis. Similar results were found for other events

detected by the statistical method using all four ML models explained earlier.

4.3 Detecting FDI Attacks

Evaluation of the models efficacy is done using appropriate metrics within the field of ML. Due
to the fact that the Gaussian noise is inserted in a small area relative to the whole data set,
the accuracy metric is not a good indicator. Since accuracy examines the data set as a whole,
differences between good and bad performance will make such a small difference that it will be
difficult to evaluate. However, the metrics recall (Equation 22), precision (Equation 23) and F1-
score (Equation 24) can examine any desired area of the data set. They are therefore fit to evaluate

the different algorithms’ performance when detecting FDIs.

In Table 10 and Table 11 the results of the algorithms performance on the TSN and Statnett data
respectively, are presented. For each combination of model and noise filtration, 15 tests were run
with the FDI being at different locations chosen at random for each test. The results shown in
Table 10 and 11 show the average of the 15 tests for each metric, and each given combination.
The models’ performance vary on the different data sets within the different performance metrics.

However, some patterns can be observed.

Table 10: Performance results for the different models using TSN data.

Noise

Model filtration Recall (%) | Precision (%) | F1-Score(%) Comlzllg:g);;%gfﬂ time
E. e m— — z
T S ;
DR ———
ST e — s
Table 11: Performance results for the different models using Statnett data.

Model ﬁlljoits.e Recall (%) | Precision (%) | F1-Score(%) Com]zuta}i%na} time

ration ms/step
S 3 S 15 ;
Tl e e —— :
SRR - !
e e —— z

The CNN model (Figures 36, 37, 38 and 39) struggles to correct itself after the added noise. This
results in the model labeling to many anomalies, which in turn lowers the precision and F1-score.
On the other hand, since it labels many anomalies, there are few false negatives which results in a

high recall.
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Figure 36: The CNN models’ prediction of the noise filtered TSN data with added gaussian noise.
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The CNN models’ prediction of the unfiltered TSN data with added gaussian noise.

The LSTM model (Figures 40, 41, 42 and 43) generally follows the noise quite well, not labeling
to many anomalies; giving the model a high precision. However, the models’ recall score suffers

a bit from the models’ ability to follow the noise, resulting in false negatives. When the model is

tested on a data set which has not gone through noise filtration, the recall score is punished even

more, because of the higher error threshold that unfiltered data sets receive. This in turn results

in fewer anomalies being labeled which increases the amount of false negatives.

The Bi-LSTM model (Figures 44, 45, 46 and 47) works very similar as the LSTM model, meaning

that it follows the noise well. This results in few false positive, but some false negatives. However,

a marginally better recall and precision score makes it outperform the LSTM models’ F1l-score in
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Figure 38: The CNN models’ prediction of the noise filter Statnett data with added gaussian noise.
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Figure 39: The CNN models’ prediction of the unfiltered Statnett data with added gaussian noise.

all tests. Only in one of the tests (TSN data, without noise filtration) did the LSTM model get a
slightly higher precision than the Bi-LSTM model. This might indicate that the Bi-LSTM model
follows the noise a little less tightly then the LSTM model, without influencing the precision score.
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Figure 40: The LSTM models’ prediction of the noise filtered TSN data with added gaussian noise.
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Figure 41: The LSTM models’ prediction of the unfiltered TSN data with added gaussian noise.

The C-LSTM model (Figure 48, 49, 50 and 51) follows the test data too well. This means that
it doesn’t detect all anomalies which results in a lower recall score. This is the opposite of what
happens with the CNN model. However, note there is an exception on the Statnett with noise
filtration test. Here the C-LSTM has the highest recall score. It seems that the added noise is too
difficult to follow, eliminating the punishment on the recall score, without harming the precision.

On the other hand, the anomalies that are labeled are likely to be true since the precision score is
high.
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Figure 42: The LSTM models’ prediction of the noise filtered Statnett data with added gaussian
noise.
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Figure 43: The LSTM models’ prediction of the unfiltered Statnett data with added gaussian noise.
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Figure 44: The Bi-LSTM models’ prediction of the noise filtered TSN data with added gaussian
noise.
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Figure 45: The Bi-LSTM models’ prediction of the unfiltered TSN data with added gaussian noise.
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Figure 46: The Bi-LSTM models’ prediction of the noise filtered Statnett data with added gaussian
noise.
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Figure 47: The Bi-LSTM models’ prediction of the unfiltered Statnett data with added gaussian
noise.
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Figure 48: The C-LSTM models’ prediction of the noise filtered TSN data with added gaussian

noise.
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Figure 49: The C-LSTM models’ prediction of the unfiltered TSN data with added gaussian noise.




Detected anomalies

—0.50 ~
—0.75 +
R ‘
I

—1.00 l| Jll" }” . ‘ |
== W f 1
£ _1.25- "'1 i | . |
5 &L | il
g ' loe ) f l
£ -1.50 4 | | | l v
= || (e "']"i]ll' i

r

& -1.75 1 |I { l\' { l f

—2.00 A

—— True values
—2.25 1 —— Test prediction d
e Anomalies
—2.50
92é50 93600 93650 93fll(]0 93fll50 932IOD
index

Figure 50: The C-LSTM models’ prediction of the noise filtered Statnett data with added gaussian
noise.

Detected anomalies

1.75 A p

1.50 A

1.25 +

1.00 +

0.75 A

PMU1:Frequency

0.50

0.2579 —— True values
Test prediction
0.004 e Anomalies

T T T T T
109250 109300 109350 109400 109450
index

Figure 51: The C-LSTM models’ prediction of the unfiltered Statnett data with added gaussian
noise.
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4.3.1 Drift Anomaly Detection

A linear drift was added to the Statnett data, at a random part of the test data. The drift continued
from the start location and increased throughout the rest of the data set. Figure 52 clearly shows
the drift anomaly. The relative change between single data points is minuscule, but throughout
thousands of data points, the change adds up to alter the frequency. An increase in approximately

1 Hz in frequency over a time frame of 15 minutes can prove catastrophic for a power system.
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Figure 52: Statnett frequency data with injected drift anomaly.

None of the models managed to detect the drift, as they adapted to the new trend quickly. Figure
53 shows the four models and their predictions on top of the data. The models performed similarly,

as the drift does not disrupt the data values in big enough manner for the predictions to be off.
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Figure 53: Drift anomaly prediction and detection on Statnett data.
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4.3.2 Spike Anomaly Detection

To test the models on spike anomalies, a random set of 5 spikes were injected in a snapshot of
the Statnett data with a time length of 250 000 samples. The amplitude of the injected data was
chosen to be small enough as to not be easily detected by a primitive visual inspection, and as
such varies between 0.01 and 0.02 Hz. As seen in Figure 54, the injected data is hidden within
the normal operating ranges and fluctuations. For this particular case the five spikes are located

between timestamp 106400 and 106900. Analyzing Figure 54 shows no unusual behaviour at these

timestamps.
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Figure 54: Statnett frequency data set with injected spike anomalies.

Figure 55 shows that the amplitudes of the spike anomalies vary between 0.01 and 0.02 Hz above
or below the actual measured frequency. The short duration as well as the small amplitudes make

these anomalies way within any operating limits.

The models fare similarly when detecting outliers, as the sudden change in amplitude is easily
detected using prediction based models. Figure 56 shows the detection of all five spikes, however
due to the model adapting to the increase or decrease in amplitude, some data points after the

spikes are also labeled anomalies and as such increase the number of false positives.

Using the same test method as previous, Table 12 presents the recall, precision, F1l-score and
computational time accordingly. The numbers presented is the average of 15 tests run with 5

spikes injected into the data for each model with and without noise filtration beforehand.

Firsly, all models detected all anomalies throughout the 15 tests, as seen by the 100% recall. This
proves that the models are excellent in detecting outliers and spike anomalies, as their values are
far from the models predicted values. A large error in prediction to outlier results in a large error
that is higher than the threshold value.
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Figure 55: Enlarged data set with injected spike anomalies.

Table 12: Performance results for the different models using Statnett data on spike detection.

Model ﬁllt\i'c:tsi((e)n Recall (%) | Precision (%) | F1-Score(%) Com;zlrgg);;%gf}} time
ERs - — z
T i ———— z
Tl " ——— !
ST z

In comparison to the noise tests, the precision and Fl-score are lower in percentage by a great
margin. The low amount of anomalies leads to any false positives having a greater impact on these
scores. The false positives can be seen in Figure 56 and are located after the spikes occur. Because
prediction models learn from the input data, the models tries to follow the spike anomaly value
after it has occurred due to its large amplitude. This leads to a consequential error where the
predictions for the subsequent data points are either below or above the normal operating values,
depending on the anomaly amplitude. These consequential errors is what causes the false positives,
where the error between predictions and real values are above the error threshold. The different
models fare differently in how quickly they regain their normal prediction values corresponding to

the real values.

Figure 57 shows test number 8 of 15 for the CNN model with noise filter active. The impulse
response from the CNN model shows, as mentioned in the noise detection section, that it is highly

affected by the spikes for a considerable amount of data points in some instances. Looking at
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Figure 56: C-LSTM spike detection with noise filter.

the third spike from the left, the predictions are above the true values for a while after the spike,
before it gradually converges on the true values. While the model gradually converges, oscillations
are seen in the predictions. The fourth spike shows a different behaviour, here the predictions
compensate for the spike anomaly in the opposite direction by predicting higher values than the

true values, even though the anomaly has a value far lower than the true values.

Figure 58 shows test number 4 of 15 for the Bi-LSTM model with noise filter active. In comparison
to Figure 57 using the CNN model, the Bi-LSTM model shows a different behaviour. The Bi-LSTM
predictions rapidly detaches from the anomaly and predicts close to the true values again. The
third spike from the left even shows the predictions over-shooting the true values as it tries to
regain control. This shows tendencies for oscillations, just like the CNN model, but with a higher

dampening.

For the purpose of anomaly detection, having a recall of 100% when detecting spike anomalies is
more important than reducing false positives. The spike anomalies in themselves may be innocent
on their own, but detecting and recording multiple spike anomalies over a time period can be bene-
ficial. Multiple spike anomalies over a time period can mean faulty components in the measurement
and data transmission systems. Detecting faulty components early can hinder cascading faults,
and therefore hinder more expensive and system-affecting faults. The amount of false positives in
close vicinity to the spike anomalies can also be favourable, as they assist in highlighting the data

points, strengthening the anomalies’ fault location and timestamp.
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Figure 57: CNN spike detection with noise filter.
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Figure 58: Bi-LSTM spike detection with noise filter.
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4.3.3 Offset Anomaly Detection

Detecting offset anomalies is crucial for the operation of power systems, as mentioned earlier.
Figure 60 shows the injected offset on a portion of the Statnett data. The offset was injected into
the Statnett data to mimic a real offset. The comparison between the injected offset and a real
offset can be seen by comparing Figure 59 and 60. The former being a real offset measured by the
PMU located at the University of Texas-Pan American. The reason for the offset at UT-Pan Am
is not known. A common reason for offsets similar to the one shown includes cyber attacks, SLCs
and line faults. However, there is no reason to believe the offset shown in Figure 59 is due to a

cyber attack, and more likely due to the other reasons mentioned.
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Figure 59: Real offset measured by the Pan-Am PMU in the TSN data set.

The models were tested on both the real offset data in Figure 59, and the injected offset in Figure
60. All models were able to detect both offsets, however in different fashions. Using metrics to
display their efficacy is not beneficial in this case, as it is hard to define how many data points the
offset consists of. Therefore using visual inspections of prediction and detection graphs is used.
Figure 61 shows the Bi-LSTM model detecting the real offset in the TSN data, and Figure 62
displays all the models on injected offsets in the data from Statnett.

The real offset and the injected offset vary, in that the real offset has more of a curve after the
spike, while the injected offsets aftermath is flatter. This leads to the prediction error being greater
in the aftermath for the injected offset in Figure 62, which in turn results in more data points being
labeled anomalies. This all stems from the oscillatory tendencies for the models after a larger shift
in amplitude. The LSTM-based models’ oscillations are similar to eachother, but with different
dampening speeds. As seen in Figure 62d, the C-LSTM model dampens quicker than the pure
LSTM or Bi-LSTM models. In contrast, the CNN model is much more chaotic and takes much

longer before converging on the true values, this was also seen for the other anomaly types earlier.
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Figure 60: Statnett frequency data with offset injection.

The chaotic nature leads to an even greater amount of labeled anomalies after the offset occurred.

In the same way the spike anomalies led to some false positives in the aftermath of the anomaly,
the same can be seen for the offset anomaly. The same argumentation can be used here, in that the
amount of false positives, or a larger amount of labeled anomalies can lead to an offset anomaly

being detected quicker, as it generates more emphasis on the given data.
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Figure 61: Bi-LSTM detection on the real offset in the Pan Am data.
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(d) C-LSTM model.

Figure 62: Offset detection on Statnett data.
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4.4 Detecting Real Faults

The model validation tests were run on the Statnett frequency data. Suprisingly, all of the models
labeled the exact same faults. This might suggest that in real data application, without FDI and
bad data, spending a lot of computer power on sophisticated and time consuming models might
deem unnecessary. The models found four faults that are presented as an index number in Table

13. All faults lasted for 8 ms, or 2 measurements.

Table 13: The faults labeled by the four different models. The numbers represent the index of the
faults.

CNN | LSTM | Bi-LSTM | C-LSTM | Duration
First Fault 969238 | 969238 969238 969238 8ms
Second Fault | 2648064 | 2648064 2648064 2648064 8ms
Third Fault 2648139 | 2648139 2648139 2648139 8ms
Fourth Fault | 2962404 | 2962404 2962404 2962404 8ms
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Figure 63: The first fault found by the models. This graph is the output from the Bi-LSTM
models’ test.

The first fault is presented in Figure 63. The graph is saved from the Bi-LSTM models prediction
test. It contains a lot of data points and therefore it is difficult to see the differences between the
models’ prediction. Since they label the exact same faults it would be possible to conclude that all
four models perform equally. However, as seen in other results the models do predict in different

fashions, especially when dealing with FDI’s.

The second and third fault are presented in Figure 64. There is a only a small time frame of 3
seconds between them and they represent noisy outliers in the data, before the data normalizes

around 0 a short time after.

The fourth and last fault is presented in Figure 65. Similarly to the other faults it has a high value
and appears in a noisy area before the data drifts back and oscillates around 0.
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Figure 64: Fault number two and three found by the models. This graph is the output from the
Bi-LSTM models’ test.
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Figure 65: The fourth fault found by the models. This graph is the output from the Bi-LSTM
models’ test.
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5 Conclusion and Discussion

Throughout the process of the model testing, two data sets with with seven different signals have
been evaluated for anomaly detection. Four different ML models were trained on PMU data using
optimal hyperparameters; namely CNN, LSTM, C-LSTM and Bi-LSTM. The trained models were
saved for later testing on different PMU data from two sources. The research and data published
by NREL and the University of Texas has been used to verify the validity of the models. Tests
on the data provided by Statnett has shown that the models work on different data sets without
further training, and that they therefore can be used to find both bad data, physical faults and
FDI attacks.

When adding gaussian noise to the data sets we discovered that Bi-LSTM performed best on
the TSN data with an Fl-score of 95% when the data is subject to noise filtration. Meanwhile,
the C-LSTM model performed best on the Statnett data with an Fl-score of 97%, also when
implementing noise filtration. Other type of bad data anomalies, such as single spikes and offsets,
were also discovered by the models. All the injected spikes were found by all the models, while the
C-LSTM model labeled the least amount of false positives, without noise filtration active. Both
the real offset in the TSN data and the injected offset was discovered by all models, however the
CNN model was struggling to converge on the data quickly after the offset. The drift was not
discovered by any of the models in any of the data sets. In addition, some general characteristics
of the models have been noted. Some examples are the CNN-models lack of ability to converge
quickly after injected noise and spikes, or the C-LSTM and Bi-LSTM models ability to follow the
test data tightly.

We have also learned the importance of run time and that there is a big difference between the
models on this account. The CNN model performs worst on most parameters, but it is extremely
quick with a step time of 3 ms. The C-LSTM and LSTM models, who both perform well on
many tests and even best on some, has a step time of up to 8ms; which is an 167% increase in
step time compared to the CNN model. The Bi-LSTM model is even slower with a step time
of up to 11ms which corresponds to an 257% increase. Since data and computational power is
a limited commodity, the run time is an important factor when deciding what models to use.
Therefore, when working with implementing the models in industry applications, finding a model

which performs well on a low run time is of a great importance.

When not considering the computational load, the hybrid models C-LSTM and Bi-LSTM, proved
more effective than the pure models, CNN and LSTM, for detecting the FDI attacks tested in
regards to the metrics used in this thesis. The value of detecting all of the anomalies injected has
been an important factor for these tests. However, there has to be a balance between the amount
of detected anomalies and amount of falsely labeled anomalies, the false positives. If the amount
of false positives becomes too high, the true positives might be missed, as there will be too many
other anomalies detected that need to be checked. We believe the models tested had a satisfactory

balance between the amount of true and false positives.

While testing for noise all models proved effective in both high amounts of true positives, while
keeping the false positives low. This can not be said for the spike and offset anomaly tests. Here
the amount of false positives led to poor precision and F1-scores. However, in practical and real
life anomaly detection use cases, these false positives might prove useful as a way to emphasize the

locations for spikes and offsets. As seen in Figure 61, the real offset in the TSN data was detected
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by only 3 data points. A greater number of labeled data points might prove more useful for
emphasis’ purposes. Therefore the number of false positives in spike and offset anomaly detection

is deemed unproblematic.

All four models proved effective in detecting FDI attacks that mimic noise, spikes and offsets. Some
improvements still needs to be considered before implementation. None of the models managed
to detect the injected drift anomalies. Drift anomalies, as mentioned earlier, is a great potential
threat to the stability of the power system if not detected and dealt with properly. Therefore
different methods should also be implemented to detect these anomalies. Testing, improving and
implementing the models that fit best to the SO’s needs, would be a small step towards a system

where computers help them to quickly detect anomalies when they occur.

The lack of detection for drift anomalies show some of the limitations for the models and their
anomaly detection abilities. The models were only trained and tested on one feature at a time. An
implementation that uses all measurements the PMUs offer might have improved the ML models,
as there is more information to use. However, this was not possible with our time and knowledge
limitations. At the same time, the increased computational load that follows the use of more

features has to be taken into account.

The model validation step could also have been improved. While the validation using the NREL
model together with the TSN data gives a clear indication that the models detect real anomalies
using PMU data, no validation was done on the Statnett data. While it can be argued that the
validation step using the TSN data is enough to assume the models work as intended, a thorough
validation step using the Statnett data would be beneficial. The detected anomalies presented in
Table 13 are not cross-checked with Statnett and there is no way for us to know if they are real
anomalies or not, as this is classified information. Nonetheless, the results of this test proved useful
as all four models labeled the exact same faults. Seeing that the CNN model found the same faults
as the Bi-LSTM model, might indicate that running computationally heavy models to find areas

of concern is unnecessary.

In spite of the future power systems’s increasing cyber-physical threats, e.g. FDI’s and volatile
power generation, the results of this thesis show that there exist many opportunities to better the
resilience of our future power supply. As discussed in section 2, the importance of this resilience
is invaluable. The possible Economical, social and political consequences of an uncertain power
supply are intolerable. Therefore, solving these challenges are crucial. Combining PMU data with
unsupervised ML methods has the potential to alarm SO’s of occuring faults as they happen,
giving them the opportunity to act quickly. Therefore, we would lastly like to recommend readers,
companies and governments to invest time and resources in the development of these and other

types of solutions, that might help secure a stable power flow in the future.
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6 Further Work

Although this thesis presents several results, research on this field is still in the early stage and
there are still many things to investigate. The main goal with our research is to take a step towards
a method that can be implemented in industry applications. Nonetheless, there is a lot of work
between the tests that are presented in this thesis and real-time anomaly detection software for
SOs.

Firstly, researchers interested in further experiments could test the data on models with different
parameters, or even on new models altogether. There are many alternatives in the world of ML.
Finding models that perform well on different data sets and with a low run time is a priority.
As seen in the results, even though the CNN model is not the most precise, it does manage find
most areas of concern on a very low run time, compared to the other models. Since it predicts
the data less precise than the other models, it has a tendency to label more anomalies. Therefore,
a possible implementation strategy might be to hybridize the models such that the CNN model
rapidly finds the data that needs to be further inspected, while the heavier models conduct more

precise anomaly detection schemes.

Secondly, the models work well when trying to detect bad data in certain type of FDIs where the
PMUs are presumably measuring drastic spikes, noise or offsets. However, if a slow drift is injected
the models predict the data too well - thus, not labelling the anomaly. Therefore, this is an area
of improvement where a solution include experimenting with different thresholding techniques and

statistical methods, like the x-sigma technique presented in [6].

Thirdly, for the real-time application the normalization technique presented in this thesis needs
to be improved. Keeping in mind that a mixture of different input data needs to be considered

equally by the models, and be kept within the range of [-1, 1].
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