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Abstract

With an everyday growing share of intermittent renewable power generation, the in-
ertia in the system is declining at a similar pace. Inertia refers to the energy stored in
the rotating masses, which improves the stability of the power system. This presents
a challenge in the area of frequency stability, primarily during disturbances. Tra-
ditional measures to improve frequency stability are likely to be insufficient in the
future; hence there is a growing interest in additional solutions. A power system is
designed to operate at a specified frequency, where bigger variations can harm the
power system equipment and the loads, and in the worst-case, cause a blackout.

To ensure operation close to the nominal frequency, system operators utilise a reli-
able control system. In the event of disturbances, the capability to detect the onset
of instability and initiate suitable control actions is of high importance. Typically,
control actions such as activating power system reserves may take time before the
effects are at full power. Thus, significant effort has been put into improving this.
One method is through forecasts, provide information about the disturbance sever-
ity to the operator. An indicator of the severeness is the lowest frequency point
during the disturbance, called frequency nadir. Receiving this information at an
early stage enables the operator to act faster and more precisely, thereby enhancing
the frequency stability in the system.

Frequency nadir forecasting have been conducted before, but to the authors’ knowl-
edge, only using data from a single time point. This project aims to develop a
data-driven model that uses sequence data to forecast the frequency nadir. Since
the model is data-driven and historical data from disturbances is scarce, data were
simulated using a power simulation software called PSS®E 35.0. The model of choice
is a recurrent neural network with long short-term memory, which is then compared
to a baseline neural network model with input from one time point. Later, studies
were performed to visualise how different data impacts the predictions by the model.

The results show that the model can forecast the frequency nadir with high accuracy
with the generated data, and the use of sequence data reduces the prediction error
up to 50%. Additionally, the model can make good predictions as soon as 0.1
seconds after the disturbance. The results also show that the model needs data
from merely 10% of the system, easing the challenge of online implementation of
the model. Given the data is available, the model can forecast the frequency nadir,
thus improving the power system’s frequency stability.

Keywords: Nordic power system, frequency stability, frequency nadir, forecasting,
machine learning, neural networks.



Sammanfattning

Med en sténdigt vixande andel av icke-reglerbar fornybar kraftproduktion minskar
trogheten i systemet i samma takt. Trogheten refererar till energin som finns i
roterande massa, vilken forbéattrar stabiliteten i elnétet. Detta leder till en utman-
ing for frekvensstabiliteten, framforallt vid storningar. Traditionella atgérder for
att forbattra frekvensstabiliteten kommer sannolikt att vara otillrackliga i framti-
den. Darfor finns det ett vaxande intresse for innovativa losningar. Ett elnat &r
designat for en specifik frekvens, dér storre variationer kan skada elnétets utrust-
ning och lasterna i nitet, och i varsta fall, orsaka en morklaggning.

For att sdkerstdlla den nominella frekvensen, systemansvariga anvinder ett tillfor-
litligt kontrollsystem. I handelse av en storning, dr formagan att upptéicka insta-
bilitet och initiera lampliga kontrollatgédrder mycket viktig. Normalt satt tar det
nagra sekunder innan kontrollatgirder likt frekvensreserver nar full effekt. Dérav
har betydande insatser gjorts for att forsoka forbattra detta. En metod ar att
genom estimeringar, ge information om allvarlighetsgraden pa storningen till den
systemansvarige. In indikator pa detta ar den lagsta frekvensen under en storning,
kallad frekvensnadir. Genom att mottaga denna information i ett tidigt skede efter
storningen, mojliggér for en snabbare och mer precis motaktion, vilket forbattrar
frekvensstabiliteten i elnétet.

Modeller som forutser den ldgsta frekvensen under en storning har genomforts tidi-
gare, men enligt forfattarnas vetskap har de gjorts med hjilp av data fran en enda
tidpunkt. Detta projekt syftar till att utveckla en datadriven modell som anvén-
der sekvensdata for att forutsiga den lagsta frekvensen. Eftersom modellen &r
datadriven och historisk data fran storningar &r knappa simulerades data med en
programvara for kraftsimuleringar som kallas PSS®E 35.0. Den valda modellen ar
ett Recurrent Neural Network (RNN) med Long Short-Term Memory (LSTM) som
jamfors med ett neuralt ndtverk med data fran en tidpunkt. Senare utférdes studier
for att visualisera hur datan paverkar estimeringar av modellen.

Resultaten visar att modellen kan estimera den lagsta frekvensen med hog nog-
grannhet med simulerad data och anvindningen av sekvensdata minskar estimer-
ingsfelet med upp till 50%. Dessutom kan modellen gora bra forutsagelser sa snart
som 0.1 sekunder efter storningen. Resultaten visar ocksa att modellen behover
bara data fran 10% av systemet, vilket underlattar utmaningen att implementera
modellen online. Om datan &r tillgdnglig, kan modellen i ett tidigt stadie estimera
den lagsta frekvensen och dédrmed forbéattra elnitets frekvensstabilitet.

Keywords: Nordiska elsystemet, frekvensstabilitet, frekvensminimum, prognostis-
ering, maskininldrning, neurala ndtverk.
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1

Introduction

This chapter presents a background and a problem overview of the thesis, along with a
review of previous work in the research field. Furthermore, the research methodology
1s briefly presented, and the scope, limitations and sustainable aspects are introduced.

1.1 Background

To tackle the challenge of climate change, the power systems need to transition into
being more sustainable. With a growing share of renewable power generation, the
inertia in the system, which is the energy stored in the rotating masses, is declining
at a similar pace. Conventional generation from large synchronous generators has
traditionally provided the power system with the inertia that can support the system
frequency in the event of larger disturbances. Typically, power generation from
renewable energy sources such as wind and solar provides significantly lesser inertia
to the system. Frequency stability refers to the capability of a power system to
maintain its system frequency close to the nominal value, even during the occurrence
of a large disturbance. If the frequency deviates too much from the nominal value,
it can lead to system isolation, customer outages, or in the worst-case scenario, a
blackout. With less inertia, maintaining the frequency close to its nominal value
is more challenging, leading to a growing interest in other solutions to improve
frequency stability.

To aid and allow the continuous development of renewable energy sources, system
operators need better tools to handle frequency instability events. The common
practice today is to activate control measures when the frequency goes below a
predefined value. A problem with this approach is that the control actions cannot act
instantaneously. Instead, predefined values need to be set higher to make the control
measures act on time, resulting in the possibility of the actions being less powerful
and precise. An alternative approach to handling this problem and improving the
frequency stability during disturbances is to predict the lowest frequency point right
after their occurrence. By doing so, control measures can be activated faster and
with greater precision, and the power system can be safely operated with less inertia.
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1.2 Problem overview

When a disturbance occurs, the power system’s frequency drops, and around 8.7 sec-
onds later [1], it starts to recover back again. The lowest point of frequency after the
disturbance occurs is an indicator for frequency stability and is called the Frequency
Nadir (FN). The system operator is responsible for maintaining the frequency at the
nominal level. If they have information about the FN at an early stage after the
disturbance, this can enable them to act quicker and more precisely, thus improving
the system’s frequency response. This can be achieved by forecasting the FN during
the initial seconds after the disturbance. Mapping the data from the initial stage
during the disturbance to the FN is a complex task. Therefore, Machine Learn-
ing (ML) models are of interest due to their capability of approximating non-linear
functions when trained on large sets of data. Unfortunately, or luckily, historical
data of disturbances is scarce, which limits the available data the ML models can
be trained on. Hence, training data for the ML models need to be simulated using
power simulations software tools and dynamic models of the actual power system.
Similar models using data from Phasor Measurement Units (PMU) are not widely
used today, to the authors’ knowledge. PMUs are an emerging technology in power
systems that can deliver fast and time synchronised data with high frequency. This
will hopefully enable the implementation of FN forecasting models online in the near
future.

Based on the problem overview, this thesis will examine the following Research
Question (RQ) with the corresponding Sub-Question (SQ):

« RQ: How is the capability of a chosen ML-model to forecast the frequency
nadir after a larger (N-1) disturbance?

e SQ: What data does the model require from the PMU network?

1.3 Research methodology

A literature review will be conducted to choose a suitable ML model and provide
insights into what areas require further study. To be able to evaluate the chosen
model, a baseline model will also be developed. Data generation will be performed
through simulations to get a sufficient amount of training and testing data. When
the model is developed, a case study will be conducted to evaluate the data required
from the PMUs. The evaluation of the model and the case study will ultimately
shape the answers to the RQ and SQ.
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1.4 Scope and limitations

The scope of this thesis is to develop an ML model that can forecast the FN and
thereby support the system operator to improve their frequency response. The data
for training and testing the model will be simulated on a test grid, and testing it
on a real power system is out of scope. Moreover, the data the model requires from
the PMUs to operate online will be evaluated.

1.5 Sustainable aspects

Precisely knowing what the FN will be when a significant disturbance occurs can
reduce the interrupted access to electricity, translating into a positive social impact
on the end consumers. Furthermore, the FN forecasting model might improve re-
newable energy integration into the power system, which in ecological terms is a
win-win. When validating the model, there is a risk that data sets which yield a
better result for the thesis might be hand-picked. This selective bias is a crucial
ethical aspect that needs to be consciously avoided. Therefore, emphasis has to be
placed hard upon validating the results. It is also vital to not over-promise and
under-deliver.

1.6 Literature review

Several studies have tried to provide system operators with information that can
improve the power system stability. This has been done by either forecasting the
frequency trajectory or the FN after a disturbance. The latter has gained the most
attention in the literature. It is a good indicator of the frequency stability during
disturbances and can provide valuable extra time to handle them. Therefore, in this
section, the main focus will be to evaluate how the past literature has forecast the
FN.

Methods [2] and [3] assume there are linear relationships between input parameters
and the FN. In [2], a simplified linear regression model is developed for online use in
the Energy Management System (EMS), with a focus on simplicity. The motivation
for choosing a simplified model is an easier implementation online. It may reduce
the need for data, preferable since all the data might not be easily available or fully
accurate. If data with uncertainty needs to be used, it can worsen the forecast. The
emphasis is on the maximum instantaneous frequency deviations for dimensioning
incidents, both over and under. The model is designed to continuously forecast the
worst-case scenario to monitor if the system operates in a safe manner. Accordingly,
the regression model is divided into two subsequent parts. Over and under frequen-
cies are forecasted separately as the transfer functions of the primary reserves differ
during these events. Due to the simplicity of the model, it has been able to be
implemented online in a real power system.
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However, power systems are non-linear systems, and the previous approach is a
simplification of the problem. The drawback of using non-linear modelling is time-
consuming forecasts. Therefore, MLL methods have been proposed to deal with this
task. The benefits of using ML methods lie in their ability to map the input to the
output data and perform forecasts rapidly. In [4], a Neural Network (NN) was used
to forecast the FN in the system during disturbances. The study mainly focused
on the input to the model. Four different inputs are considered, namely the inertia
constant, size of disturbance, voltage dynamics, and frequency dynamics. Different
combinations of these inputs are tried, and the prediction times depend significantly
on the choice of inputs. The assumption is that in the near future, the disturbance
size will be available for the system operator in 2 seconds. The rest of the parameters
are assumed to be available right after the disturbance. A scenario when the inertia
constant is not available and needs to be estimated is examined. The approach used
to estimate the inertia constant resulted in a prediction time of around 2 seconds.
Even if the inertia estimation is bad, the information can improve the forecast by
the neural network. Interestingly, the result shows that the FN can be predicted
without knowing the inertia constant or the size of the disturbance. Meaning, two
parameters that are expected to have a great impact on the FN, but might be slow
to be available, can be excluded.

Moreover, the result in [4] showed that the NN benefits from using data from different
time points in a sequence. Even though they show promising results, no other studies
were found using it to forecast the FN during the literature study. When a sequence
of time steps is given to each input feature, the NN can gain valuable information
from the parameters’ changes during the disturbance. For instance, inertia is vital
for the frequency response but is seldom readily available. Instead, initial changes
in frequency can indicate the inertia in the system and help the NN model forecast
the FN. It should also be noted that a NN is not the state-of-the-art ML model to
use for sequence data.

It is good to note that most papers have not considered Under Frequency Load
Shedding (UFLS) when forecasting. This can be attributed to the power systems
they use, where UFLS is used as the last resort, which must be avoided. If a UFLS
scheme is used more regularly, the load shedding significantly impacts the FN. To
predict the dynamics with UFLS, the model either has to be more complex [5] or,
as in [6], divide the task into sub-models that will create an easier forecasting task
for each sub-model. Note that frequency dips down to 48 Hz have been considered,
which can be compared to [4], where the lowest dip is around 49.4 Hz. These
differences can affect the dynamics that are to be predicted, especially in the case
where a single generator runs out of kinetic energy before FN is reached.

Several models in the literature are data-driven. The historical data from distur-
bances is, for most models, not enough due to the lack of numerous large distur-
bances. Therefore, simulated data generation becomes a crucial part. Ideally, the
simulated data should mimic real data with all possible disturbance scenarios. As
power systems are complex, simplifications are done to reduce the data size and time
spent on the task. The simulated power systems used in research are reduced test
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systems, varying in size. Validation is often done on simulations from the same test
system. There is also a significant difference in the number of data samples among
the models. In general, simplifications have an impact on the prediction results.
For example, in [7], contingencies on two generators in the system are simulated,
while in [8], over 100 different contingencies are applied, including various combina-
tions of disturbances. The first one is probably an easier forecasting task since the
testing data is also from the simulated data, consisting of just these two types of
disturbances. The latter likely performs better on a test on historical data since it
has learned to forecast more scenarios. The lack of historical data of disturbances
makes these tests hard to implement.

1.7 Thesis structure

The rest of the thesis is organized as follows:

o Chapter 2 provides a theoretical background on frequency stability with a
closer a look the the factors affecting it and also gives an insight into the
system behaviour during a contingency.

o Chapter 3 gives a theoretical background on machine learning with a focus
on neural networks and specifically recurrent neural networks with long short-
term memory.

o Chapter 4 presents a method for forecasting the frequency nadir in the event
of a disturbance, and introduces the data generation process.

e Chapter 5 provides and discusses the results.

o Chapter 6 gives the main conclusions of the thesis and ideas about future
work are presented.
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Frequency stability

This chapter provides a theoretical background to frequency stability. The general
concept of stability in the power system is presented together with a more detailed
presentation of frequency stability, especially during disturbances. This concludes
with the challenges in frequency stability and possible solutions.

2.1 Power system stability

Power system stability is an important factor to consider when talking about the day-
to-day operation of a power system. According to the IEEE-CIGRE Joint Task Force
on Stability Terms and Definitions, stability is defined as "the ability of an electric
power system, for a given initial operating condition, to regain a state of operating
equilibrium after being subjected to a physical disturbance, with most system variables
bounded so that practically the entire system remains intact” [9].

Power system stability can be broadly classified into five main categories based on
the considerations in [10], namely Rotor angle stability, Frequency Stability (FS),
Voltage stability, Converter driven stability and Resonance stability. These classifi-
cations can be seen in Figure 2.1. Frequency stability, which is the stability factor
of concern, is defined as the ability of a power system to maintain steady frequency
following a severe system disturbance resulting in a significant imbalance between
generation and load [11].

Power System

Stability
Resonance Converter Driven Rotor Angle - .
Stability Stability Stability Voltage Stability Frequency Stability

— N I N I N
Electrical Fast Interaction Transient Large Disturbance Small Disturbance Short Term
N— N N— N
Torsional Slow Interaction Small Disturbance Short Term Long Term Long Term
N— N— N— N— N— N—

Figure 2.1: Classification of Power System Stability [11].
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FS is further divided into two categories, short-term frequency stability (STFS) and
long-term frequency Stability (LTFS). The focus of this thesis is on the STFS. Short-
term in the case of F'S can be fit into a time frame that ranges from 0 — 10 seconds
after the occurrence of a disturbance [10], which includes both the sub-transient
and transient periods. STFS deals with bringing the system frequency back to the
operating range when a sudden severe disturbance, such as a generator outage or
a load disconnection, occurs in the system, which brings about a drastic drop in
the frequency. LTFS is concerned with maintaining the system frequency in the
operating range.

In numerical terms, a small disturbance such as a single transmission line trip can
drop the system frequency below 49.9 Hz, or a disturbance in the form of a single
line to ground fault drives the bus voltages to zero, affecting the power flow, thereby
the frequency. On the other hand, a larger disturbance such as a generator trip
causes the frequency to go down even further, sometimes to dangerously low levels
(< 49.4 Hz in the NPS). This can be attributed to the power mismatch between
generation and consumption. Until the power balance is restored, the frequency
keeps dropping. The generators are not designed to operate at lower frequencies,
and there is a risk that they break down at frequencies below 49 Hz. If a generator
trips or disconnects to protect itself, the frequency drops further, resulting in a
cascading effect of disconnected generators, leading to an outage. Therefore, in the
NPS, loads are disconnected around 49 Hz with a load shedding scheme to avoid a
blackout.

In the day-to-day operation of a power system, the frequency operates within stable
bounds, yet it is not constant. It floats continuously around the 50 Hz mark, with
a stable operating range of 49.9 Hz > f < 50.1 Hz. A frequency less than 49.9 Hz
is called under-frequency, and greater than 50.1 Hz is called over-frequency. Power
consumption changes continuously, and the generation tries to match it to maintain
power balance in the system and keep the frequency at 50 Hz.

A few indicators in the power system give an idea about the state of the frequency
stability. Two of the most interesting indicators are the FN and the RoCoF, illus-
trated in Figure 2.2. Here, f,, is the nominal frequency and f,, is the steady-state
frequency after the disturbance at a lower frequency level than the nominal one.
Frequency nadir, shown as f,.q4; in the figure, is defined as the minimum value of
frequency reached during the transient period [12]. Having information about the
FN can be valuable to determine the state of the frequency stability by checking
the margin to unsafe frequency levels. RoCoF is the instantaneous rate of change of
frequency and can give a picture of the system’s robustness, where smaller changes
are preferable.
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fnadir

Pt (sec)

Figure 2.2: Frequency trajectory during a contingency.

2.2 Swing equation

The fundamental of maintaining frequency stability in the power system is balancing
power production and consumption. The system operators monitor this balance by
observing the frequency, since its derivative indicates a power mismatch. When
there is a contingency in the system, i.e. a disconnection of generation or load, the
frequency changes due to an active power mismatch in generation and consumption
[3]. The initial reaction of the frequency can be expressed by the swing equation,
which describes the motion of a rotating mass:

LA S

tdt ZSm'fi< "

— P.) (2.1)
where:

e H,; : per unit inertia constant of generator i, also known as H constant.

e f; : frequency of the generator ¢

e fn : nominal frequency

o S,; : apparent power of the generator ¢

e P, : mechanical power of generator 7

P,; : electrical power of generator 7

The H constant is an important quantity and can be formulated as:

"o kinetic energy in MJ at rated speed  Ffx (2.2)
machine rating in MVA ~ Sp '

with the unit of H in MWs/MVA often only expressed in seconds.
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The swing equation (2.1) shows that a frequency derivative indicates an imbalance
in the generator between mechanical and electrical power. Apart from the power
imbalance, the derivative is also dependent on the inertia constants of the genera-
tors. Where higher inertia corresponds to a lower frequency change, it is only the
inertia that instantaneously can inject active power into the system and reduce the
imbalance. Therefore, the initial decline rate of the frequency is strongly dependent
on inertia [13].

2.3 Inertia

In the initial seconds after a disturbance, the inertia plays a key role in frequency
stability by instantaneously providing kinetic energy to reduce the power mismatch.
Traditionally, inertia has mainly been provided by rotational masses from syn-
chronous generators, which are explained further in this section. Other methods
to provide a similar service are described in Section 2.6.

During a disturbance, the energy stored in the rotational masses is released and
damps the dynamics. The kinetic energy of the rotational mass is given as:

1
E), = §Jw72n (2.3)

where J is the moment of inertia expressed in kg -m? and w,, is the rated rotational
speed in rad/s. The inertia constant H tells how many seconds the generator’s
kinetic energy can provide rated power determined by:

H ==
Sp

(2.4)

where Sp is the rated power and H expressed in seconds. Typical values for the
inertia constant H varies between 2-10 seconds. In a power system, the system
inertia constant is often of interest and is calculated by:

N
i=1 HiSBi

Hs s —
Y Zz]\il SBi

(2.5)

with N generators. Then the total kinetic energy in the system can be given by:

N
Ek,sys = Hsys Z SBi (26)

i=1

10
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2.4 System response to a contingency

During a contingency, the frequency starts to drop due to a mismatch in active
power. The power system responds by first reducing the mismatch and later restor-
ing the frequency to its nominal value. A successful frequency trajectory after a
contingency is shown in Figure 2.2 above.

The mismatch in power can be reduced by either increasing the generation or reduc-
ing the loads, where the priority is always to provide electricity to the customers.
UFLS though, can be used as the last measure in emergencies to avoid a frequency
collapse, where parts of the load get disconnected to save the rest of the system
[5]. A common initial response by the power system to a disturbance can be seen
in Figure 2.3. During the initial seconds after a contingency, the inertia provides
most of the missing power. Frequency Containment Reserve for Disturbed operation
(FCR-D) gradually increases and later covers most of the mismatch. The FCR-D
cannot act instantaneously for two reasons: firstly, the reserves get the activation
signal when a frequency threshold is reached, usually at 49.9 Hz, and secondly, due
to mechanical delays before the reserves get fully activated after getting the signal.
When the frequency nadir is reached and the frequency starts to rise, the inertial
response becomes negative. There is also self-regulation of loads in the system,
where the load is reduced when the frequency is dropping. This phenomenon partly
improves the frequency stability by reducing the power mismatch [3].

Response

Power (MW)
|
|

- | oad

self_regulated

time (s)

Figure 2.3: Initial system response to a contingency [14].
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2.5 Frequency control

The electricity market matches generation on an hourly basis to a forecasted load
on a day-ahead market. Even if the forecasted load is correct, there will be load
fluctuations within the operational hour, and a control system is needed to keep the
continuous balance. Often various frequency control services are used together to
maintain frequency at a stable value and restore it to its nominal value if it deviates
[15]. Figure 2.4 highlights the frequency control services in the Nordic market and
their division into primary, secondary and tertiary controls.

Frequency
control
Primary Secondary Tertiary
control control control
v v v v
FCR-N FCR-D aFRR mFRR

Figure 2.4: Frequency control services in the Nordic market [15].

Primary frequency control services automatically act to stabilise the frequency.
These services are provided in seconds during a disturbance and up to a minute dur-
ing a steady period. Frequency Containment Reserve for Normal operation (FCR-N)
is used to continuously compensate for load changes within the operational hour and
keep the frequency between 49.9 Hz and 50.1 Hz. Therefore, FCR-N is responsible
for the small-signal stability in the normal operational bandwidth. During distur-
bances, meaning the frequency exceeds the limits for FCR-N, FCR-D gets activated
to minimize the transient coming from the disturbance. FCR-D can bring the fre-
quency both up and down, but in this theory section, the focus is on bringing the
frequency up. Furthermore, FCR-D is responsible for the small-signal stability be-
low 49.9 Hz. To ensure this, the FCR-D is not bringing the frequency back to the
nominal value. Instead, it only stabilises the frequency at a lower level. Hence,
frequency control is dependent on secondary and tertiary controls to restore the
frequency using balancing reserves [16]. The whole process of the control services
during a disturbance is illustrated in Figure 2.5.

To ensure that the frequency is stable, the NPS needs enough reserves to be available
every hour. The countries connected to the Nordic grid share the responsibility to
provide the reserves, where each country covers reserves that correspond to their
part of the Nordic energy consumption. How the reserves are provided can vary
among these countries. In Sweden, the reserves are decided on separate markets for
support services. The technical requirement for FCR-D is to have a linear activation
between 49.9 to 49.5 Hz, where the reserves have to be 50% activated in 5 seconds,
100% activated in 30 seconds and operated for at least 20 minutes. The system is
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Figure 2.5: Response by the control services during a disturbance [17].

designed based on the N-1 criteria, which states that the system must withstand a
single component outage and still maintain stability. In this case, the system has to
be able to handle the disconnection of the biggest generator. Thereby, the amount
of FCR-D reserves required depends on the biggest generator online at each moment
[17].

When the primary control has stabilised the frequency, it is up to the balancing
reserves to restore the frequency to the nominal value. There is an automatic service
called automatic Frequency Restoration Reserve (aFRR) in secondary control, which
generally acts in a few minutes. The last part is tertiary control, which has a similar
service to the one before, except that it is non-automatic and is called manual
Frequency Restoration Reserve (mFRR). In Sweden, this service takes between 12-15
minutes to activate. These services need to provide reserves during disturbances and
when there is a mismatch between the actual and forecasted loads. The mismatch
can either be more short-term, i.e. during mornings or evenings when the load
is changing rapidly, or more long-term due to incorrect weather predictions. The
short-term mismatches are handled by aFRR. The mFRR’s purpose is to support the
system and restore the frequency during long-term mispredictions and disturbances,
i.e. a disconnected generator [18].
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2.6 Future of frequency stability

Traditionally, reserves have been the way to solve frequency stability issues by simply
adding more or adjusting how they work. Since the inertia is dropping and appears
to continue in this trajectory in the future, reserves alone cannot solve this. The
reason is because of certain mechanical delays in the generators. There is a risk of
overcompensation with bigger reserves that leads to reserves needing to push down
the frequency again. The delays, together with overcompensation, can result in
unwanted frequency oscillations [19].

The main factors to keep the frequency within the operating range are rotating
mass, the active power and the dimensioning incident [20]. As already mentioned,
the rotating mass is reducing, and the traditional increase of reserves can be coun-
terproductive. The dimensioning fault is the biggest fault the system is designed to
handle, usually a loss of the largest generator. By reducing the biggest fault, the
stability improves, and fewer reserves need to be available. This should only be done
if it is necessary and can be motivated socio-economically [19]. Since the traditional
measures to improve frequency stability might be insufficient, alternative methods
have gained more interest. Possible solutions to improve the main factors which
keep the frequency stable are shown in Figure 2.6. Some of the promising methods
are fast frequency reserves, synthetic inertia and battery energy storage systems.

eSynchronous
Rotating Condensors
Mass eInertia support from

d-hyd
Frequency pUmped-hydro

*FFR

*FCR-D

el oad reduction
*Synthetic Inertia

eDecreased import from
HVDC links
Dimensioning *Decreased output of the

Incident largest dimensioning
incident

Balance

Figure 2.6: Key measures to improve frequency stability [3].
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Fast Frequency Reserve (FFR) is a system frequency control service for distur-
bances that deliver a fast power injection that can mitigate the effect of reduced
inertial response and maintain frequency stability. The FFR units offer a similar
response to FCR-D but can respond faster. FFR resources are usually activated
by a few triggers such as a frequency deviation of 50 Hz + 0.1 Hz (under and over
frequencies), a RoCoF value of df /dt < —0.035 Hz/s or > 0.035 Hz/s, them both
or, even by a circuit breaker or relay signal [3]. The FFR activation speed depends
upon the source that delivers the reserve. It can then either be a power boost
scheme such as load shedding or controlled to provide reserves, proportional to the
frequency deviation as:

AP, = —K,Af (2.7)

where AP, is the power provided by the FFR, and K, is the proportionality constant.

So far, we have seen that the traditional inertia with rotational masses provides
the required energy when the frequency goes down. The same service can also be
provided without any rotational mass, called Synthetic Inertia. Increasing renew-
able production by units connected in a non-synchronous manner and decreasing
nuclear plants result in less rotational inertia in the system. An example of such a
renewable power unit is a wind turbine generator connected to the system via power
electronic converters and thus does not contribute to rotational inertia. Therefore,
an option that can mimic the traditional inertial response without any rotational
masses is of interest. This is done using a controller that emulates the active power
response similar to a traditional synchronous generator. For example, the usage of
a controller can capture the kinetic energy from both the rotor of a wind turbine
and its blades by measuring the RoCoF and then applying a proportional amount
of electrical torque on the rotor, which slows the rotor. This process leads to the
rotor releasing the extracted kinetic energy in a similar manner to a conventional
generator [3, 14].

Battery Energy Storage Systems (BESS) can be used to provide power almost
instantaneously by rapidly discharging in a fraction of a second, much faster than a
conventional thermal plant. This enables them to improve the frequency stability of
the system by providing a speedy response to unpredictable variations in generation
and demand, among other services such as regulation and load ramping [21].

15



2. Frequency stability

16



3

Machine learning

In this chapter, a theoretical background of the machine learning methods used in the
study is presented. The general structure and working principle of neural networks,
recurrent neural networks and long short-term memory are described.

3.1 Neural network

Artificial neural networks (ANNs), also called neural networks (NNs), is inspired by
how the neurons in the brain can learn from experiences to, for example, classify
or predict future events. A neural network is a supervised learning algorithm that
learns to map the input to the output by training on input-output data examples.
The availability of more data and faster computation in recent years have raised the
attention of NNs. This, combined with the NNs’ capability of using large data sets
and learning non-linear relations, creates new possibilities in many areas [22].

A neural network consists of many connected nodes called artificial neurons, which
send signals to each other, similar to the human brain’s synapses. An example
of a feedforward NN with one hidden layer can be seen in Figure 3.1. A network
comprises different layers of neurons (illustrated by circles), where a neuron can
only connect to other neurons in the layer right before and after. Data fed into
the input layer is passed through each layer until it produces the estimation in the
output layer. Between the input and output, there are hidden layers. Each neuron
has a bias weight b and an activation function o, which together with the weights
of the connections W, control the output. The network’s estimation is compared
to a target value during training, where the errors are used to update the weights.
The network is updated in numerous minor steps till it cannot improve further. To
do this training, a large set of data is required [23].

3.1.1 The forward pass

The process of going from the input to output in a NN is called the forward pass,
which is used both in training and with a trained network to perform predictions.
The process of a forward pass is presented below, following [24]. As can be seen in
Figure 3.1, a row vector € R” of input data is feed into the input layer. Thereafter,
the vector is passed through the weight matrix W; € R™** via the connection lines
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Figure 3.1: Neural network with a single hidden layer and one output.

and gets added to the bias weight b; € R* in the hidden neurons. The superscripts
n and k represents the length of the input data vector and number of neurons in
the first layer, respectively. The sum of these proceeds into the activation function
in the hidden layer, and the output from the layer will be:

where ¢ is, in most cases, a non-linear activation function. Frequently used acti-
vation functions are Sigmoid, Tanh, or the Rectified Linear Unit (ReLU) seen in
Figure 3.2 [22]. The outputs from the hidden layer go through the second weight

.1..._-0'.

-—
—_

Sigmoid _ -~ =

-1

Figure 3.2: Activation functions. Dashed line Sigmoid, dotted line Relu and
standard line Tanh.

matrix W and together with the bias weight b € R compute the final output z
as:

Z(h) = th + b2 (32)
The last step is to apply the output to an activation function to generate the pre-
diction:

§=o0(z) (3.3)

In a regression task, if the output range is from —oo to oo, then the last activation
function must be a linear one.
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3.1.2 Training

In training, the model learns to fit the patterns in the training data, but the goal
is to perform on unseen data. The first step to assure this is to split the available
data into training, validation and testing data. As the names suggest, training data
is used for training, and the model is repeatedly tested on validation data during
training to check if the model improves on unseen data. If the model improves
in regards to training data but gets worse with validation data, it means that the
generalization is poor, referred to as overfitting. There are many approaches to
avoid overfitting, where a simple one is to detect when it happens and stop the
training since more training makes the model worse on unseen data, referred to as
early stopping. When training is done, the model is finally evaluated with the test
data [25].

The NN learns to map the input to the output target by updating the network’s
weights. The update starts with the loss from a suitable loss function J(¢,vy). For
a regression task, the Mean Squared Error (MSE) is commonly used. In multi-
classification tasks, multi-class cross-entropy loss is often used. The weights are not
updated after each error; instead, the average of a collection of errors are used for
the update, expressed in the cost function J:

=Ly 1) 3.1

where S is the number of samples used before updating. Usage of the errors from
the whole training set before updating the weights is called batch gradient descent.
As the name hints, the weights are updated by a gradient-based optimization, whose
aim is to reduce the cost J as much as possible. The gradient of J in (3.4) with
respect to each weight in the network shows the impact on the cost function if the
weights are changed. Based on this, a method called backpropagation tunes the
parameters iteratively in small steps to minimize the cost function J [24]. With
batch gradient descent, the computer can encounter problems with handling all the
training sets in the memory, resulting in slower training. Instead, a common solution
is to use mini-batch gradient descent, where the data is divided into smaller batches,
and the model gets updated after each batch. The use of the batches from the entire
training set is called one epoch. Usually, several epochs are used during training to
achieve high accuracy [22].

Overfitting is a problem in deep machine learning models. The ideal, but near
impossible, goal of generalization is to have low bias and variance. In reality, it
is common to trade-off between these two through a method called regularization.
Consequently, the model will fit the training data worse but can result in better
performance on unseen data. It can be achieved by adding a regularization term to
the cost function J that penalizes larger weights. The penalty decides by a parameter
that requires tuning. Too low can lead to overfitting and high to underfitting,
meaning the model will fit neither the training nor test data. Another way to
regularize is to randomly eliminate a given percentage of the connections each time,
making the model less reliant on a small part of the connections, called dropout [23].
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3.2 Recurrent Neural Network

In the previous section, the model has used input parameters from one time step.
In some applications, the prediction accuracy can improve by instead using several
time steps. A Recurrent Neural Network (RNN) is a class of ANNs, where sequences
of input data are used to take advantage of current and past data in predictions.
RNNs have been applied in a wide range of applications in power systems, from
instability predictions [26] and load forecasting [27] to power maximization control
for wind power plants [28].

As already mentioned, feedforward NNs pass the data from input to output in one
direction without containing any information about events in a sequence. The RNN
works similarly, with the RNN block as the main difference, where information about
earlier time steps is saved and passed to the next block. The structure of a sequence
of RNN blocks is shown in Figure 3.3, where t is the number of time steps in the se-
quence and h; is the output from the previous time step. The structure of the input
and output of an RNN can range all the way from one input - one output to many
inputs - many outputs. The RNN sequence in the figure consists of t smaller blocks,
which all contain weights, connections, and activation functions. The blocks’ struc-
tures can vary from a simple neuron layer to a more advanced Gated Recurrent Unit
(GRU) or a Long Short-Term Memory (LSTM) [29]. In Section 3.1.2, the concept of

Tht—1 Tht Thtﬂ

t ht+1

-« - —3» RNN 3| RNN > RNN 5 - - .

) ) 1

Xt-1 xt Xt+1

Figure 3.3: A sequence of RNN blocks.

backpropagation is explained. RNNs utilize a similar approach which also considers
time dependencies, called backpropagation-through-time, that propagates through
all the time steps in an RNN-sequence. In a simple RNN, the backpropagation-
through-time can lead to vanishing or exploding gradients when dealing with long
sequences. This implies that the gradients can either go to zero or towards infinity,
resulting in poor estimations [30].

3.2.1 Long short-term memory

In 1997, Hochreiter & Schmidhuber introduced LSTM to tackle the vanishing gra-
dient problem of RNNs. An LSTM can handle vanishing and exploding gradients
better due to its cell state, which acts as long-term memory. Making it possible for
efficient training with backpropagation-through-time due to uninterrupted gradient
flow. This results in a reduction of the likelihood of vanishing or exploding gradients

[31].
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Although many varieties of LSTM exist, the most common one was proposed in 2000
with the introduction of the forget gate [32], illustrated in Figure 3.4. It is important
to stress that an LSTM block consists of A number of LSTM cells. Thereby, vector
notation is used, where f* refers to h number of LSTM cells. The operation of an
LSTM block can be expressed with the following formulas [33]:

LSTM block <E>

/~ Legend N\

B summation

Q

-

e

4

5

h 4
@

@ () element-wise multiplication

v ot — connection
(% > h
ot gate activation function

(always sigmoid)
forget input candidate output @ input activation function
gate gate gate gate (usually tanh)
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Figure 3.4: Illustration of an LSTM block.

fl=c(W;z' +U;h"" +by) (3.5)
i'=oc(Wix' + U + b)) (3.6)
¢ =tanh(W.z' + U """ +b,) (3.7)
c=flocd ' +i'od (3.8)

o' =oc(W,x' +U,h"" +b,) (3.9)
h' = o' ® tanh(c") (3.10)

where ¢ = 0 and h? = 0 and ® are referring to the element-wise product.
o x! € R™ input vector to the LSTM block
« h' € R*: hidden state vector

o f' € R*: forget gate vector
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« i’ € R*: input gate vector

« & € R*: candidate gate vector

e c' € R*: cell state memory vector
« o' € R*: output gate vector

where the superscripts n and k refer to the number of inputs and hidden units,

respectively. The hidden state vector can also be called the output vector of the
LSTM block.

The LSTM can add or remove information through structures called gates, illus-
trated in Fig. 3.4. In the first forget gate, LSTM removes irrelevant information from
the previous state by the operation of (4.2). In the next step following (3.6)-(3.7),
with the input and candidate gates, the LSTM stores the new relevant information
into the cell state ¢'. In (3.8), the cell state values get updated with the information
from the previous two steps. The last one is the output gate, following (3.9), the
gate controls the information that is to be passed to the next time step, together
with information from the cell state by the process of (3.10). The LSTM blocks can
create a chain-like structure with several blocks to finally create an LSTM network.
An LSTM network constructed using a single layer is illustrated in Figure 3.5.

h1 hE . wow ht
A  LSTM layer A A
Initial A
state Updated
ho o state
e LSTM block LSTM block| = -« |LSTM block o
b | | A
X! X2 . ol

Figure 3.5: A layer of LSTM blocks.
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Methodology

This chapter presents a method for developing an LSTM model for forecasting the
FN during a disturbance. First, the generation of data and the test grid used for
simulation will be explained. Second, the prediction model will be presented together
with corresponding tests of the model.

4.1 Test grid

A modified version of the classical Nordic32 grid is chosen as the test grid, presented
in [34]. The modified grid is similar to the the NPS, but fictitious. A single line
diagram of the test system can be seen below in Figure 4.1.

The system comprises four regions, namely:
e “North” — Region consisting of a majority of hydro generation and small loads

e “South” — Region with thermal power generation, connected loosely to other
areas in the system

o “Central” — Region with high loads and mostly thermal generation

o “Equivalent” — Region which is the equivalent of an external system that is
connected to the “North.”

The system has three different types of transmission lines operating at three different
nominal voltages: 400 kV, 220 kV and 130 kV, respectively. The 400 kV ones are
long transmission lines with series compensation, while the 130 and 220 kV lines
represent the regional systems. Table 4.1 gives an overview of the active power
generation and load in the test system. The system frequency is 50Hz, and frequency
control is done by the hydro generators’ speed governors in the North and Equivalent
regions. An equivalent generator G20 represents generation from the "Equivalent"
area. It contributes a significant amount towards primary frequency control, and
the thermal generation units in the Southern and Central regions do not contribute
at all.

23



4. Methodology

@© Synchronous condenser — 400 KV
220 kV

130kV

g19 | g9
x 11 54011 1011 1013 é

4071 7 o % I8
? 1 81 % 82%
? 1

4072

012 1014
! % o2 7
800 Egq.
g3
. é 11
1021 1022 § T 4022 40pq] T8
é L] Lo 12
4 S %
8=Y 7032 2031 Y8 4031 4032 North
gS%;T» % r
| _ é
4041 I — Central $4042
‘Emé & 404 e é
o }P: J%:EH, I_l;? L 4046
}'{ 1043] [T == 1044
1042
—————— 1045
8171 1041 | [T j? %
I BN |
4062 | %
| 4045
T 4063 i ez %4047
I

T
FEbama™ ! g d T

Figure 4.1: Nordic32 test grid used for developing the ML model [34].
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Table 4.1: Active power generation and load for the Nordic32 test grid.

Area Generated Power (MW) | Power Consumed by Load
North 4628.5 1180.0
South 1590.0 1390.0
Central 2850.0 6190.0
Equivalent 2437.4 2300.0
Total 11505.9 11060.0

4.1.1 Operating points

There are significant power transfers from the North to the Central regions, and also,
the system is loaded heavily. This results in the system being more sensitive in these
areas, where a disturbance in any transmission line has a more significant impact on
the system stability than if it were to occur in other power transfer sections. The
reactive power capability of the generators in the Central region and that of a few
generators in the Northern region influence the maximum power that is delivered
to the loads in the Central areas. Over-excitation limiters keep the reactive power
levels in check, and the load tap changers restore voltages at the distribution levels,
thereby the powers of the loads. In the test grid, there are a total of 74 buses, out
of which 20 are generator terminal buses, 22 are distribution level buses, and 32 are
transmission level buses. The grid also includes 102 branches, out of which 20 are
step-up transformers, and 22 are for distribution purposes.

In the Nordic32 test grid, two operating points, namely, operating point A and B,
are considered. The former operating point is said to be insecure due to the inability
of the system to withstand the N-1 disturbance criteria. According to the guidelines
given by the IEEE PES Task force on Test Systems for Voltage stability Analysis
and Security Assessment, a few simple modifications are then made to the grid with
operating point A by adding a few buses, generators, and transformers [34]. This is
to make the system secure, and the new operating point is called operating point B,
where the system is now able to withstand an N-1 contingency. The operating points
give information about the active and reactive powers generated and consumed at
the buses and the initial bus voltages. This data is attained by performing a power
flow calculation in PSSE. Here, bus G20 is considered as the slack bus.

The following updates are performed to get the more stable operating point B: A
generator G16B, which is identical to G16 and producing the same active power of
600 MW which the slack bus compensates, is added in parallel to it with a similar
step-up transformer. This addition decreases the power flow in the North-Central
corridor by the same amount, increasing the system’s robustness, but it cannot
withstand a generator loss such as G15 or G18. One way to mitigate this is to
reduce the contingency level by replacing G15 and G18 with two identical generators
each, namely G15 & G15B and G18 & G18B, with half the original capacity. The
connected step-up transformers are also replaced with similar ones that have half
the initial rating.
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4.2 Data Generation

The generation of data from thousands of simulations on large complex grids with
numerous power system components needs to be automated. A common way to do
this is to run PSS®E from the programming language Python. This can be done by
utilising the FNSL Application Program Interface (API) provided by PSS®E. All
the steps that show how the data generation is performed are presented in Figure

4.2 and explained in more details below:

Initialize generators and loads: The power
generation is varied between 75% - 110% around
the stable operation point B, explained in 4.1.1.
The boundaries arises from stability issues when
applying bigger variations. The change in power
generation is distributed among the loads, where
the change in each load is proportional to its size.
The load flow of the initial operating condition is
then solved using Full Newton-Raphson method.
If the load flow does not converge, a new initial
operating condition is generated.

Apply contingency: The dynamic simulations
start with 2 seconds of simulation time, without
any contingency, to get steady-state data prior to
the disturbance. The applied contingency is al-
ways a generator trip in the test grid, except the
equivalent generators G19 and G20. The sever-
ity of the fault is proportional to the amount of
active power generated by the generator where
the contingency is applied. It is vital to get close
to uniform distribution of the fault magnitudes
in the data set. If not, fault magnitudes that
seldom occur will perform worse and vice-versa,
resulting in a likelihood that the model will per-
form worse during the biggest fault magnitudes,
when the stakes are at the highest. Since the
maximum capacities of the generators in the test
grid vary, bigger generators have to generate
more samples at bigger fault magnitudes, to get
a uniform distribution. The fault magnitudes
are varied between 180 MW - 750 MW and the
interval is split into two parts. Below 570 MW,
a step size of 45 MW, and above this, 15 MW
is applied. This results in the distribution be-
ing more uniform in between the smallest and
biggest faults. It is good to note that the fault
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magnitudes of the generators are set before performing the load flow. Finally, after
the application of the contingency, the dynamic simulation is run to observe the low-
est point the frequency will reach. Based on the data collected from the PMUs in the
Nordic region, the average time to nadir was found to be 8.7 seconds [1]. Thereby,
the simulation is run for 40 seconds to ensure that this time-frame includes the FN.

Save relevant data: The data saved from the simulation should be used by the ML
models, which require both input and output data. The input data saves a sequence
of measurements starting from right before and up to a certain point after the
disturbance, with parameters measured at multiple locations in the power system.
More details about this are provided in the following section. The ML model should
learn to map this input data to the output data, consisting of the measured FNs.
Even though frequency is called a global parameter, it differs depending on the
location in the grid during a disturbance. To get some representation of an average
frequency, the center of inertia frequency is used:

S (f; - Hi

fcoi = ( : Z) (41)
> H;

where f.,; is the centre of inertia frequency, f; is the frequency of an individual

generator, and H; is the inertia constant of a specific generator.

4.3 Frequency nadir prediction model

This section presents the proposed LSTM model’s architecture and training proce-
dure. Similarly, the NN baseline model is introduced. It ends up with an explanation
about how the input data studies have been conducted.

4.3.1 LSTM model

The literature review showed that sequence data improved the forecasts of FN,
even though the most common ML methods for sequence data have not been used.
Consequently, an LSTM model was chosen, often used in sequence data tasks such
as language translation. Moreover, the parameters that are available shortly after
the disturbance can be sufficient for the forecasts. Since an earlier prediction can
improve the frequency response, only these kinds of parameters were used.

4.3.1.1 LSTM architecture

The architecture of the LSTM network is presented in Figure 4.3. The model uses
sequence data consisting of 55 time steps of measurements in the input vectors z!
to forecast the output %, in this case the FN. The architecture is based on one layer
consisting of a sequence of 55 LSTM blocks, where each individual block consists of
25 LSTM cells. Each LSTM block takes one input vector !, follows the operation
presented in Section 3.2.1 and the output forwards to the next block in the same
layer. The output from the last block goes into a linear activation function to make
the forecast of FN.
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Figure 4.3: Architecture of the LSTM network.

4.3.1.2 LSTM training

The data from the generation explained in Section 4.2 were split into training,
validation and testing. The training of an LSTM is based on supervised learning;
hence, the model is trained on both input and output data. The input training
data has the dimension (3161 x 55 x 364), representing the number of training
samples, time points in the sequence, and input parameters, respectively. The time
sequence consists of data from 0.1s before the disturbance until 1s after. Thus,
the measurement frequency is 50 Hz. The input parameters consist of frequency,
voltage and active power flow. The frequency and voltage are measured at each
load, bus and generator. Meanwhile, the active power flow is measured at lines
and from generators. The output training data is the target value of FN, given in
center of inertia frequency. To get a successful training of the model, some pre-
processing of the data is required. Firstly, the FN of the simulations is expected to
be around 49.9-49.4 Hz. Due to instability issues in some simulations, a smaller part
of the simulations ended up with an FN far below the given range. Therefore, these
samples were removed since they are not realistic and will have a negative impact on
the model. Secondly, the data is normalised between [-1,1] to improve the training
as follows:

T —

max(z)—min(z)
2

( ma:c(ac)—;mm(x) )

Tscaled = (42)
where each parameter is scaled separately. The best performing LSTM model was
found using data from the first 0.7 seconds of the time sequence, with a measurement
frequency of 17 Hz and 25% of the parameters in the data set. The network was
trained with an adaptable learning rate optimisation algorithm, known as "Adam"
[35]. Through a method called mini-batch gradient descent, batches of 85 samples
were used separately to train the model. A maximum of 500 epochs was used
during training, where the training was not likely to hit the maximum epochs due
to a method called early stopping. If the validation data did not improve after
ten epochs, meaning the validation loss improved with less than 107!2, the training
stopped. The training was further improved by reducing the learning rate by a factor
of 0.85 when the learning stagnated and the validation loss were less than 0.0001
over ten epochs. All parameters related to the network is summarised in Table 4.2.
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Table 4.2: Architecture and parameters of the long short-term memory network.

Data

Input parameters 364
Time steps in sequence 55
Input data type LV, P
Training data 3161
Validation data 400
Test data 400
Architecture

LSTM layers 1
LSTM hidden cells 25

LSTM layer activation = Tanh
Final layer activation  Linear

Training

Optimizer Adam
Learning rate 0.01
Max epochs 500
Batch size 85
Loss metrics MSE

The LSTM network presented above was implemented in Python, using the Keras
library. The parameters and architecture of the model have been iteratively tuned
to improve the prediction accuracy. It should be noted that the model’s design is the
best for the Nordic32 test grid and does not have to be for other grids. Moreover,
it is clear that this process could be extended further and result in even better
forecasts.

4.3.2 Baseline and testing

To examine if it is beneficial to use sequence data, the LSTM network will be
compared with a NN using data from a single time point. The choice of NN as a
baseline model comes from promising results in previous studies [4]. The architecture
of the NN is depicted above in Figure 4.4. From iterative testing, the NN was found
to perform best using data from the time point 0.6 seconds after the disturbance
and 10% of the parameters in the data set. This creates an input vector that is
fed into the NN. For a full explanation about how a NN operates, see Section 3.1.
The input values and weights are summed up in the hidden neurons and go into the
rectified linear activation function (ReLU). In the last output layer, the output from
the hidden layer together with the weights are summed up and applied to a linear
activation function.
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utput layer

Hidden layer

Figure 4.4: Architecture of the neural network used as a baseline.

The training was done similarly to the LSTM network, with other parameters pre-
sented in Table 4.3. These were also tuned in an iterative manner, with room for
improvement of the prediction accuracy. The NN was implemented in Python using
the Keras library.

Table 4.3: Architecture and parameters of the Neural Network.

Data

Input parameters 37
Input data type LV, P
Training data 3161
Validation data 400
Test data 400
Architecture

Hidden layers 1
Hidden cells 150
Hidden layer activation ReLU
Final layer activation Linear
Training

Optimizer Adam
Learning rate 0.001
Batch size 95
Max epochs 500
Loss metrics MSE
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4.3.3 Study of input data

Though the accuracy of the forecast model is of considerable interest, the time point
of the prediction and the ease of implementation can also have a similar priority.
This can be attributed to the data required for the model. To investigate this
further, four sub-studies are conducted, where the input data is varied to answer
the following questions:

1. Frequency of measurements: How does the reporting frequency of the
PMUs impact the predictions?

2. PMU coverage: How many PMUs are needed in the system to achieve
satisfactory performance?

3. Input parameters: Are all of the parameters in the data set required to use?

4. Time point of prediction: How fast can the model make accurate predic-
tions?

In each study, only one parameter is varied at a time. For example, in the first
sub-study considering frequency of measurements, only the measurement frequency
is varied. The rest of the data structure follows the original data set explained in
Section 4.3.1.2. For each measurement frequency level, the model is trained and
tested with this set of data. Every time an LSTM model is trained, the network
will be unique. Hence, when training the same model multiple times, there will be
variations. To work around this, all of the results are an average of five times of
training and testing.

The result metrics used in the report is Mean Squared Error (MSE) and Mean
Absolute Error (MAE). MSE is important to highlight since that is the metric the
training and testing of the model is based on, calculated as:
1 N
MSE=_ > (G — i)’ (4.3)

=1

where ¢ is the predicted value and y is the target value from the simulations. A
more illustrative metrics to get the head around the accuracy of the model is MAE:

1M
MAE = - 3" |j: i (4.4)
=1
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Results and discussions

In this chapter, the accuracy of the LSTM network and a comparison to the baseline
NN model is presented and discussed. Finally, the required data for the model is
introduced and analysed.

5.1 LSTM accuracy and baseline comparison

The prediction accuracy of the LSTM and baseline NN model is listed in Table 5.1,
where the accuracy is expressed in both MAE and MSE, and the values are in hertz.
Since training the model twice never ends up in two networks that are exactly the
same, all the values in this section are an average of five times of training and testing
with the same parameters. The results indicate that both models can predict fairly
accurately, however, the LSTM network is clearly better with an MSE of 3.5-107"H z
compared to 1.2 - 107H z of the NN.

Table 5.1: Prediction accuracy of LSTM and NN baseline model.

LSTM NN
MAE 0.00041 Hz  0.00080 Hz
MSE 35-107"Hz 1.2-107° Hz

As the potential consequences of poor frequency stability control are severe, it is
better to have a model that always predicts relatively well over one that is often
superior but sometimes fails. Therefore, the largest errors can be more interesting
than the average accuracy, which are illustrated as a histogram in Figure 5.1. In
frequency nadir prediction, optimistic forecasts are inferior as they can lead to coun-
termeasures that are too small. Therefore, the biggest positive error will presumably
be the minimum additional margin for the countermeasures. Figure 5.2 depict the
error distribution over the spectrum of frequency nadir target values for the LSTM
and NN networks respectively. The graphs show that the errors are well distributed
over the range for both models and the biggest positive errors are 0.0016 and 0.0041
Hz for LSTM and NN, respectively.
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Figure 5.1: Histogram of prediction error of LSTM and baseline model.
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Figure 5.2: Error distribution of LSTM and baseline model.

It is fair to presume that the prediction task will be more difficult with a more
realistic data set in a bigger power system. With the lack of historical disturbance
data, it is hard to say how accurate the model will be in a real power system. A
more realistic data set can be achieved by applying more randomised operational
conditions with bigger variations and also by varying kinetic energy in the system.
On the other hand, an LSTM network scales up quite good in terms of handling
complexity and more data, which can be provided through simulations. Therefore,
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an LSTM is a promising network for the task, given the data generation is of high
quality.

Even though it is hard to evaluate the model on a real power system, it is essential
to understand the potential additional errors when implementing the model online.
Primarily, the concept of PMUs is to provide data with a magnitude error less
than 0.1%. This aim is often not achieved mainly due to system imbalances or
errors from instrumentation channels. Moreover, the evaluation of PMU accuracy
is a challenging task [36]. Assuming the PMUs have an error percentage of 0.1%,
roughly transferring to an frequency error of 0.05 Hz. It is also certain that the
simulations will never be 100% accurate. Furthermore, the cases simulated during
data generation will not cover all possible situations in the power system, resulting
in additional errors.

5.2 Impact of input data

Models that utilise fast data from PMUs are, from the authors’ knowledge, not
widely used today. PMUs are an emerging technology expected to play a more
significant role in future power systems. Therefore, it is good to specify what kind
of data the model requires from the PMUs. There is also a trade-off between high
accuracy and ease of implementation, where using fewer data can be preferable over
tiny improvements in the predictions. For these reasons, a study of the impact of
the data delivered from the PMUs will be presented below. It should be noted that
the whole data set is used from the data generation, shown in Section 4.3.1.2, except
the parameter studied in each graph that is varied. Further details about how these
studies were conducted can be seen in Section 4.3.3.

The results are not aimed at finding the best parameters; instead, at detecting a
good range, because if one parameter is changed, it will impact what is best to
choose for the other parameters. As an example, the results show that the reporting
frequency of 5 Hz and 25% PMU coverage give the best results. Meanwhile, the
best combination of them both were found at 17 Hz and 25%. The impact from the
reporting frequency of the PMUs is depicted in Figure 5.3. The graph shows that
the model can accurately predict with a measurement frequency from 50 Hz down
to 2 Hz. A PMU generally has a reporting rate between 30-60 Hz [37]. Hence, the
sampling rate of the PMUs is not likely a limiting factor to implement the LSTM
model.

An LSTM is a black-box model, meaning it is difficult to prove why it behaves in a
certain way. A possible explanation could be that information about the following
dynamics is found in the rate of change of the parameters, which can be detected
similarly with 2 Hz and 50 Hz, as well as the operational condition before the
disturbance. The change in the parameters can probably represent the relationship
between the size of the disturbance, the inertia in the system and the frequency
nadir. The loads in the system have a significant impact, where the same fault
but with high and low load can differ up to 0.1 Hz. Therefore, information about
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the system loading is expected to be found in the data prior to the disturbance.
Moreover, a higher reporting frequency could result in more noisy data, making the
forecasting task harder.

0.0008 -
0.0006
0.0004
0.0002 A
0.0000 -
1Hz 2Hz

5Hz 10Hz 25Hz 50Hz
Reporting frequency of PMU

Mean absolute error (MSE)

Figure 5.3: Frequency of measurements.

To implement the LSTM model online, a sufficient amount of PMUs need to be
available. Figure 5.4 shows how different level of PMU coverage in the Nordic32
test system impacts the prediction accuracy. 100% coverage means that PMUs
provide frequency and voltage data from all buses, generators and loads, as well as
active power flow data from lines and generators.

As seen from Figure 5.4, the model can provide accurate predictions with down to
10% of PMU coverage. This number can be explained by parameters measured at
different locations could possibly give similar information. Furthermore, why 100%
PMU coverage is not the best can be related to that additional data can add noise
and thereby worsen the predictions. It is not straightforward what the requirement
of 10% PMU coverage transfers to in the real system. In the NPS, around 50%
of the substations in the transmission network have PMUs, and it is growing [38].
Therefore, the prerequisites in terms of the number of PMUs could already be there
but need further studies to confirm.
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Figure 5.4: PMU coverage.

The data set includes frequency, voltage and active power flow data. Different
combinations of these parameters were used as input data to evaluate if the model
requires all these parameters to predict with high accuracy. The result of this
study is presented in Figure 5.5. The model seems to benefit from using data of
all parameters. In a scenario where either voltage or active power flow data are
not available, the model can make reasonably good predictions when one of these
is missing. Surprisingly, the frequency is the worst single parameter to use. One
possible reason for that can be that the frequency can not catch the impact of the
load in the system. That is something the voltage can do but is probably worse in
detecting the severity of the fault. The fact that the loads in the system are not
randomised can act in favour of the voltage, where it is possible the voltage levels
prior to disturbance can give precise information about the load level in the system.
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Figure 5.5: Input parameters.
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For a frequency nadir forecasting model to be useful, it has to able to predict early
to give the control services extra time to operate. To use the LSTM model online,
accompanied by a method that can detect the disturbance. This can, for example, be
done as in [14], where they continuously observed the RoCoF and a decline greater
than 0.035 Hz/s indicated a disturbance. Ideally, with a 50 Hz PMU the method
could detect the disturbance in around 0.05s. Even though the reporting rate of
the PMUs would be 50 Hz, it does not mean they measure with this frequency.
Instead, a part of the samples is calculated. Figure 5.6 clearly shows that the model
can predict with no problem as soon as 0.1s after the disturbance if the data is
available.

As discussed, it will probably be challenging to detect the fault and provide the data
faster than 0.1s, even in an ideal case. Thereby, the time point of the prediction
will most likely not be a limiting factor for implementing LSTMs in frequency nadir
forecasting. As earlier mentioned, information about the following dynamics can
probably be found in the rate of change of the parameters as well as in the operational
conditions before the disturbance.
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0.0008 A
0.0006 A
0.0004 4
0.0002 4
0.0000 -

0.05s 0.1s 0.25s 0.5s 1s
Time before prediction

Mean absolute error (MSE)

Figure 5.6: Time point of the prediction.
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Conclusions and future work

In this chapter, a summary of the conclusions, based on the scope and research
questions of the thesis, is presented. Furthermore, a discussion on potential future
research is introduced.

6.1 Conclusions

The main aim of this thesis has been to develop an ML model that can forecast
the FN after a disturbance and thereby support the frequency stability control in
the power system. A new methodology that made use of sequence data to forecast
the FN was proposed. Studies were further conducted on the developed model to
address the required data from the PMUs.

The research question was to develop an ML model to forecast the FN. During the
literature review, it was found that a NN benefited from short sequences of data
instead of data from a single time point. Apart from that, no other studies were
found which used sequence data and consequently, a common ML model for sequence
data, LSTM, was chosen. Historical data from disturbances are scarce; hence, the
large amount of data required for ML models were gathered from simulations in
PSS®E 35.0. The biggest challenges in the project were related to the generation of
a realistic data set. Major changes in the test system and large load variations often
resulted in stability issues. Therefore, the data generation was a bit limited. The
developed model was compared to a NN with data from a single time point. The
results showed that the proposed model could predict the FN with high accuracy
using simulated data and was significantly better than a NN using data from one
time point. Hence, confirming that sequence data can be preferred in FN forecasts.

In the sub-question, the data required from the PMUs to accurately forecast the FN
were studied. To the authors’ knowledge, similar models that make use of PMU data
are not widely used. Since PMUs are an emerging technology in power systems, it is
interesting to study what kind of data the model benefits from. The LSTM network
seemed to accurately predict even with measurements of low frequency; hence, the
reporting frequency of the PMUs will likely not be a limiting factor. The input
parameters from the data generation were frequency, voltage and active power flow
since these are expected to be easy and fast available. Other studies have used, for
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example, inertia or the size of the disturbance, which has a significant impact on the
FN but often takes a few seconds to be obtained after a disturbance. The results
indicated that the model benefits from data of all the parameters in the data set
and also made adequate predictions when either voltage or active power flow were
missing. Interestingly, the model could make accurate predictions as soon as 0.1s
after the disturbance occurred.

6.2 Future work

The thesis has shown promising results for the proposed FN forecasting model,
however there is plenty of research left prior to implementing it online. Future work
can be carried out in the following topics:

o The developed model forecasts the FN during a disturbance. Future work
should develop methods that automatically can act on this information. For
instance, such methods could optimise the activation of frequency reserves
based on the forecast.

e The proposed model is strongly dependent on a realistic simulated data set
to work online. As mentioned earlier, this comes with some challenges in
generating a representative training set. The LSTM model (and ML models
in general) can scale up well and handle data that is significantly larger and
more complex than what is shown in this thesis, making an extensive and
representative data set even more interesting for further research.

o In future research, the developed models should also be tested on a real power
system for evaluation and to find the limitations. The availability of data and
the time taken to receive it is of considerable interest. Moreover, a sensitivity
analysis of the model to measurement errors should be examined.

o The results shown in this thesis indicate that the PMUs in the power system
only need to cover a smaller part. Since PMU coverage in the power systems
is growing, it would be interesting to study how many PMUs are required and
the optimal positioning of the PMUs for effective use in a real power system.

o Further research can also be done on the grid integration of renewables to
study the impact of wind penetration and other forms of sustainable energies
on the frequency stability and FN.
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