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Abstract

Voltage instability is a phenomenon that limits the operation and the transmission
capacity of a power system. An operation state close to the security limits enables a
cost-effective utilization of the system but it could also make the system more vul-
nerable to disturbances. The transition towards a more sustainable energy system,
with a growing share of renewable generation, will increase the complexity in volt-
age stability assessment and cause significant planning and operational challenges
for transmission system operators.

The overall aim of this thesis is to develop a real-time voltage stability assessment
tool which can be used to assist transmission system operators in monitoring volt-
age security limits and to provide early warnings of possible voltage instability. The
thesis first analyzes the difference between static and dynamic voltage security mar-
gins, both theoretically and numerically. The results of the analysis show that power
systems with a high share of loads with fast restoration dynamics, such as induction
motors or power electronic controlled loads, may cause conventional static methods
to assess the voltage security margins to become unreliable. Methods relying on a
dynamic assessment of the security margin are in these circumstances more reliable.

However, dynamic assessment of voltage security margins is computationally chal-
lenging and can in most cases not be estimated in the time frame required by system
operators in critical situations. To overcome this challenge, a machine learning-based
method for fast and robust computing of the dynamic voltage security margin is pro-
posed and tested in this thesis. The method, based on artificial neural networks,
can provide real-time estimations of voltage security margins, which are then vali-
dated using a search algorithm and actual time-domain simulations. The two-step
approach is proposed to mitigate any inconsistency issues associated with neural
networks under new or unseen operating conditions.

Finally, a new method for voltage instability prediction is developed. The method
is proposed to be used as an online tool for system operators to predict the system’s
near-future stability condition given the current operating state. The method uses
a more advanced neural network based on long-short term memory. The results
from case studies using the Nordic 32 test system show good performance and the
network can accurately, within only a few seconds, predict voltage instability events
in almost all test cases.

Keywords: Dynamic voltage security margin, voltage stability, security assessment,
machine learning, neural networks, voltage instability prediction.
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CHAPTER 1

Introduction

This chapter provides a background and a problem overview of the thesis, along
with an overview of previous work. Furthermore, the aim and the contributions are
presented together with a summary of the publications on which the thesis is based
upon

1.1 Background

The transition towards a more sustainable energy system, with a growing share
of renewable generation, increases the complexity in operating and controlling an
electric power system. Globally, both wind and solar power are growing fast, a trend
that is likely to continue given that renewable energy sources are now becoming
the lowest-cost source of new power generation in most parts of the world [1,2].
Sweden has seen a similar development, where the installed wind power capacity
increased from 241 MW to 8 984 MW between the years of 2000 and 2019 [3, 4].
Simultaneously, electric power generated from conventional fossil-fueled plants needs
to be decommissioned at a rapid rate to reduce carbon emissions to the atmosphere.
Sweden lacks significant generation from fossil-fueled plants, and have instead relied
on nuclear power for a large share of its base power. However, due to the lack of
economic profitability, nuclear power is now gradually being decommissioned. By
the end of 2019, reactor 2 of the Swedish nuclear power station Ringhals was shut
down, and in 2020 a second reactor is planned to be decommissioned [5]. Out of
originally twelve reactors, then only six will remain in operation in 2021, with a
total rated capacity of about 6 900 MW.

Although a larger share of renewable energy sources in the power system is desir-
able from a sustainability perspective, the intermittent nature of these may cause
significant planning and operational challenges. In particular, maintaining what is
known as the power balance - that the generated power matches the load demand
at every time instant - will become increasingly challenging in a future with a larger
share of renewable generation [5]. In Sweden, the power balance is generally main-
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tained by regulating the output of hydropower stations. In cases of negative power
balance, and when the balancing capacity of the hydropower is not sufficient, elec-
tric power is often imported from neighboring countries. Market integration and
electricity connections linking Sweden to Europe also allows ancillary services to be
supported when required. In Europe, a recent example is the development of the
joint automatic frequency restoration reserve, known as the European Platform for
the International Coordination of the Automatic frequency restoration process and
Stable System Operation [6].

To ensure that the balancing capacity of hydropower stations can be utilized to its
full extent, or that sufficient power that can be imported from neighboring countries,
the importance of sufficient transmission capacity in the power system is expected
increase in the future [7]. An increased transmission capacity also allows energy
to be generated where it is most economically efficient to do so and sets the limit
on how much power can be transmitted through the transmission lines. Electric
power systems are generally operated according to the N-1 contingency criterion,
meaning that the system should be able to withstand the loss of any single system
component, such as generation or transmission capacity, and still remain stable.
A system that satisfies this criterion is said to be secure, and a system’s transfer
capacity is computed to always ensure that this criterion is fulfilled [5].

There are several stability-related phenomena that set the limit for the operation of
the power systems [8]. This thesis deals with voltage stability, which refers to the
capability of a system to maintain system voltages following a disturbance. Voltage
stability is especially an issue in power systems where generation and loads are
geographically separated over large distances; Sweden being a typical example. A
voltage collapse is referring to a sequence of events accompanying voltage instability
that leads to abnormally low voltages or a blackout in a significant part of a power
system [8]. Although voltage collapses occur relatively seldom, they are related to
extremely high costs to society and system operators need to continuously operate
their systems to minimize the risk of such events.

1.2 Problem overview

While an operation close to the security limits enables a cost-effective utilization of
the system, it may also make it more vulnerable to disturbances. Consequently, there
exists a balance between a system that is operated efficiently and one that is operated
securely. To always ensure that the N-1 contingency criterion is fulfilled, system
operators rely on continuous estimations of the security margin for the system [9].
An accurate and fast estimation of these security margins will allow system operators
to operate their systems with the confidence that the system can withstand credible
disturbances.

In the case of more severe events, such as the occurrence of simultaneous multiple
disturbances, system operators have to rely on system protection schemes (SPS) to
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control the system back to a stable state [10]. Following such severe events, system
operators need to identify whether the current system operating condition is stable,
or if it is drifting towards instability. The SPS can act on signals given by voltage
instability detection (VID) methods, where the onset of instability, rather than its
consequences, is aimed to be detected [10]. Due to equipment in electric power
systems, such as load tap changing transformers (LTCs), overexcitation limiters
(OELs), and other load restoration dynamics, the time frame of a typical voltage
collapse can range from a couple of seconds up to even several minutes. In the case
of a possible emergency event, the ability for system operators to perform VID and
act quickly and with the correct control measures is thus imperative.

To provide system operators with real-time estimates of both the security margins
and to provide detection of instability, static assessment methods are generally used.
The voltage security margin (VSM) is estimated by system operators to evaluate the
loadability margin of a post-contingency configuration of the system [11]. The VSM
is generally estimated by static assessments of the system where the stability limit
up to the system collapse point is estimated [12,13]. For VID, monitoring the system
voltages is the most simple method available to system operators. However, due to
the reactive power support of generators and other voltage control devices in the
system, the system voltages can remain at near-nominal levels a relatively long time
following a disturbance. Fast system degradation and drops in system voltages may
then be triggered by, for instance, the activation of field current limiters by OELs.
The remaining time before a development of a potential voltage collapse may then
be too short for system operators to initiate the required SPS. Other static methods
for VID suffer the same dilemma; that the system degradation needs to be relatively
well-developed for the VID methods to actually be able to detect instability.

Electric power systems are also becoming increasingly complex, with numerous dy-
namic components such as nonlinear loads, converter-based generators, and other
power electronic devices found in, for instance, HVDC and flexible AC transmission
systems [14,15]. These components have in common that their dynamic response
following a disturbance in the system is significantly faster when compared to more
conventional equipment. Depending on tuning and specified grid codes, the faster
dynamic response is often beneficial for the system stability, where, for instance, the
fast reactive power response of converter-based wind turbines or HVDC can help to
stabilize the system following a disturbance. However, other components, such as
power electronic loads, may inhibit characteristics that may cause instability events
to develop faster, causing existing monitoring and emergency systems to act too
slowly. The dynamic response following a contingency cannot be captured using
static assessments, and studies have indicated that these might be insufficient when
estimating the actual security margin [11,16]. Faster dynamics will also result in
faster voltage instability events, increasing the need for faster methods for voltage
instability detection.

Most power systems are monitored through supervisory control and data acquisi-
tion (SCADA) systems, in which loosely synchronized scalar measurements with
a refresh-rate of around two to four seconds taken at remote terminal units are
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processed by a state estimator to develop the most probable state of the power sys-
tem [17]. Phasor measurement units (PMUs) are highly accurate measuring devices,
allowing time-synchronized real-time phasor measurements of electrical quantities in
the power system at a much higher refresh-rate than that of SCADA. If the system
is fully observable by time-synchronized phasor measurements, the measurements
can be filtered through a linear state estimator, allowing significantly more frequent
estimates of the system state [18]. With sufficient deployment, PMUs could help
in the decision making process in real-time power system operation and control by
visualizing the system condition and stability margins in real-time.

The complexity of the power system requires system operators to often rely on sim-
plified static models of how the system behaves during various operating conditions
and with respect to disturbances. There are generally more advanced models avail-
able, but even with recent progress in high-performance computing, these methods
are not readily available for use in real-time monitoring of a large power system.
To overcome this issue, various data-driven methods and machine learning (ML)
methods have been proposed in the literature. The main advantage of ML methods
is that high-cost computations can be performed in an off-line setting. Once a ML
algorithm is trained, it can almost instantaneously provide estimations and warnings
to operators that otherwise would require time-consuming computations. However,
despite years of research, examples where ML methods have been practically applied
in system operators’ monitoring and control systems are, to the author’s best knowl-
edge, very few. These methods still suffer from robustness issues and uncertainty
when handling operating conditions not included in the training of the algorithms.
Blackouts and other major failures are related to extremely high costs, and from a
system operator’s view, an inferior method that always works is generally preferred
to a superior method that in some instances does not.

Based on the problem overview and the motivation of the thesis, the following
research questions have been identified and will be examined within this thesis:

e Research question 1: How will the transition towards a higher penetra-
tion converter-based renewable generation and load in the power system affect
available methods for security margin assessment?

« Research question 2: How can the current methods for assessment of se-
curity margins be improved, taking into account assessment speed, estimation
accuracy, and robustness?

e Research question 3: What are the requirements for future voltage insta-
bility detection methods? How can they be developed to be both sufficiently
advanced to capture the intricate dynamics during a voltage collapse, while at
the same time be fast enough to be used in real-time?

« Research question 4: In the case of data-driven methods, what are the
main practical aspects to consider to mitigate inconsistency problems and to
increase the robustness of the methods?
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In the following section, an overview of previous work related to the topics and the
developed research questions in this thesis is presented.

1.3 Previous work

To ensure that a power system can handle the dynamic event following a distur-
bance, system operators often use an approach called dynamic security assessment
(DSA). In DSA, time-domain analysis is often used to test the power system’s dy-
namic response after a set of contingencies to ensure its ability to reach a stable
post-disturbance operating point [9]. Assessment of dynamic stability is a complex
task and to overcome this issue, various machine learning (ML) methods have been
proposed. Examples of DSA methods based on ML are found in [15,19-23], where
mainly various decision tree (DT) or neural network (NN) methods are utilized.

In DSA, system operators are only provided with information regarding whether the
current operating point is dynamically secure. An alternative measure of the margin
to the most stressed point where the system can remain dynamically secure follow-
ing a disturbance is the dynamic voltage security margin (DVSM). The DVSM,
also referred to as the secure operating limit, is the margin to the most stressed
pre-contingency operating point that can withstand a set of credible contingen-
cies [11,14]. Due to practical difficulties in estimating the DVSM, it has received
comparatively little interest in the literature. DVSM estimation requires several
time-domain simulations to trace the security limit for a set of different contingen-
cies, which is not feasible to perform in the time frame needed by system operators.
In [11], an attempt to reduce the computational cost in estimating the DVSM was
developed based on using quasi-steady-state (QSS) simulations. The method was
further developed in [24], where a combination of QSS and time-domain simulations
was proposed to include the impact of short-term effects during the transient state
following a disturbance. Although this approach reduces the computational effort
compared to a full time-domain simulation, it may still prove too slow for some real-
time applications. In [25-28], different ML approaches based on NNs were proposed
to allow real-time estimation of the DVSM.

Following more severe events and disturbances, system operators need to identify
whether the current system state is stable, or if it is drifting towards instability.
There has been significant research involving different VID methods, where the
complexity and the scope of the developed methods vary significantly [10]. The
drawback of many developed VID methods is that they provide a late indication of
instability, which reduces the available time system operators have to control the
system back into stable operation and increases the risk of a voltage collapse. An
alternative approach is voltage instability prediction (VIP), where the future state of
the system is predicted using information and measurements gathered in the (short)
time left following a voltage instability phenomenon.

A method for VIP based on ML was first proposed in [19], where a DT was trained
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on a generated database consisting of the intermediate, short-term equilibrium that
follows a disturbance. This post-contingency state, where the majority of the elec-
tromechanical transients have died out, was referred to as the "just after disturbance"
(JAD) state. Extensions of the method utilizing phasor measurements have later
been proposed in [29-31], where the performance of different attributes or input
data have been tested. A method based on training a NN to online monitor voltage
security was proposed in [32]. An attempt to incorporate some time-related fea-
tures to improve the performance in VIP was presented in [33], where a temporal
decision tree (TDT) approach was proposed, where some time-related features were
included to improve the performance in VIP. The TDT method, further discussed
in [34] and [35], could incorporate some time-related variables, such as the difference
between two measurements for a specific value of elapsed time (At).

1.4 Aim of the thesis

The aim of this thesis is to develop a new real-time voltage stability assessment tool
(RVSAT) that can support system operators and allow more efficient utilization
of the transmission grid. This is achieved partly by developing methods that can
provide better knowledge of the actual security margins in the systems, which would
allow the transmission reliability margins in the system to be reduced. The thesis
also aims at developing better methods to detect and assess system conditions and
disturbances that might cause the system to become unstable. Fast detection of
voltage instability reduces the risks and the related costs of controlling the system
back into stable operation, and also allows system operators to operate their systems
with higher confidence that instability can be detected quickly.

1.5 Main contributions

The main contributions of this thesis are the following.

1. A survey of current methods in VSM estimation and for VID is performed.
Furthermore, the principles of the DVSM and the differences to the static VSM
are illustrated using a concept called transient P-V curves to allow better
interpretation of the methods. The circumstances when a dynamic security
margin is preferred to a static margin are established and discussed.

2. A method for fast and robust computing of the DVSM is proposed and tested.
The method is based on using ML to support the estimation of the DVSM,
which otherwise is too time-consuming to perform in real-time. To mitigate in-
consistency issues associated with ML methods under new or unseen operating
conditions, a method to quickly validate the estimated results is developed.

3. A method for VIP is developed using a recurrent neural network with long
short-term memory. This specific design of the network can utilize previous
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measurements and information, such as the trend of bus voltage magnitudes,
tap changes, or fault locations, to improve the accuracy for VIP. The perfor-
mance of the method is compared to other structures of neural networks where
the performance of the sequence-based method is evaluated.

4. A new training approach of the VIP algorithm is developed to provide system
operators with an online assessment tool. As time progresses after a voltage
instability event, the network is capable of incorporating new observations and
continuously updating the assessment. The method will also allow system op-
erators to pinpoint where the weakest areas in the system are located, allowing
local and more cost-effective control measures.

5. A methodology for including consecutive contingencies (N-1-1) into the train-
ing data for the VIP algorithm is presented. Furthermore, the ability of the
developed VIP method to also generalize under N-1-1 contingencies is ex-
amined. Such ability is especially valuable in overcoming the combinatorial
increase of complexity in training.

1.6 List of publications

Following is a list of publications included in the thesis.

Paper I H. Hagmar, R. Eriksson, L. A. Tuan, "Fast Dynamic Voltage Security Mar-
gin Estimation: Concepts and Development," accepted to IET Smart Grids
Special Issue: Machine Learning in Power Systems , 2020.

Paper IT H. Hagmar, L. Tong, R. Eriksson, L. A. Tuan, "Voltage Instability Pre-
diction Using a Deep Recurrent Neural Network," submitted to Transactions
on Power Systems, 2020.

Paper III H. Hagmar, L. A. Tuan, O. Carlson, R. Eriksson, "On-line Voltage Insta-
bility Prediction using an Artificial Neural Network," in Proc. 2019 PowerTech
Milan, Milan, Italy, 2019.

Paper IV H. Hagmar, L. A. Tuan, O. Carlson, R. Eriksson, "A Survey of Voltage
Stability Indicators Based on Local Synchronized Phasor Measurements," in
Proc. 2018 North American Power Symposium (NAPS), Fargo, ND, 2018.

Additional paper produced in project but not included in the thesis:

H. Hagmar, L. A. Tuan, O. Carlson, R. Eriksson, "Integration Aspects of Full Con-
verter Wind Turbines and the Impact on Long-term Voltage Stability," in Proc. 2019
IEEE Power and Energy Society General Meeting, Atlanta, GA, USA, 2019.
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1.7 Thesis outline

The thesis is organized as follows:

Chapter 2 develops the definitions used in the rest of the thesis and also provides
an overview of current practices in voltage security and stability assessment.

Chapter 3 provides a theoretical background on the concepts of ML and neural
networks. The concepts of recurrent neural networks with long-short term
memory is introduced.

Chapter 4 introduces the overall functionality of the proposed real-time voltage
stability assessment tool. Furthermore, the test system used in evaluating
the developed RVSAT is presented and its general characteristics are briefly
discussed.

Chapter 5 presents both a theoretical and a numerical comparisons of the static
and dynamic voltage security margins under various load configurations.

Chapter 6 introduces the concept of dynamic voltage security margin and dis-
cusses and illustrates the difference to conventional VSM using transient P-V
curves. A method for fast estimation of the DVSM is then proposed and
tested.

Chapter 7 presents a voltage instability prediction method based on a recurrent
neural network using long-short term memory. The method allows system
operators to continuously assess and predict whether the present system state
is stable or will evolve into an alert or an emergency state in the near future.

Chapter 8 highlights the key conclusions of the thesis and provides ideas for future
research.

All figures included in this thesis have been created by the author.



CHAPTER 2

Voltage stability and security
assessment methods

This chapter describes the definitions and criteria with respect to voltage stability
that are used in this thesis. Furthermore, the general drivers for voltage instability
are discussed along with a presentation of the current practices in voltage stability
and security assessment. A brief overview of the different methods used in voltage
instability detection is presented. Parts of the chapter are based on the summary
and results established in Paper IV.

2.1 Definition and classification

Power system stability is generally classified by the most common system variables
in which instability can be observed, namely; voltage stability, rotor angle stability,
and frequency stability. According to a definition by the IEEE and CIGRE Joint
Task Force, voltage stability specifically refers to:

"...the ability of a power system to maintain steady voltages at all buses in the
system after being subjected to a disturbance from a given initial operating
condition. It depends on the ability to maintain/restore equilibrium between load
demand and load supply from the power system." [36].

Voltage instability in a power system may lead to loss of loads or disconnection of
other components such as tripping of transmission lines or generators due to too low
voltage levels. The concept of voltage collapse is generally referred to as a sudden
event, often initiated by a larger disturbance or by a sequence of events, leading to
blackout or abnormally low voltages in the whole, or larger parts, of a power system.
Historic events of voltage collapses are relatively few, but the related costs to society
are extremely high [9].



2. Voltage stability and security assessment methods

The voltage stability phenomenon is complex and often requires a full network rep-
resentation for its analysis [36]. Reactive power plays an important role in voltage
stability, and voltage stability problems are often related to the incapability of the
system to provide sufficient reactive power to keep system voltages at nominal lev-
els. However, the main driver for voltage instability in power systems are the loads
and the load restoration that follows a disturbance [9]. Historically, the majority of
all voltage instability incidents experienced so far have resulted from larger distur-
bances, such as the loss of generation or transmission capacity. Following such an
event, generation is redirected and the remaining transmission lines have to carry a
larger current, causing increased active and reactive power losses and voltage drops.
The reduced system voltages initially affect voltage-dependent loads, which are then
restored by the action of, for example, LTCs, distribution voltage regulators, action
of motor slip adjustments, or thermostatic load restoration. The restored loads will
further increase the active and reactive power flow through a mainly inductive trans-
mission system, which increases the reactive power losses and further deteriorates
the system voltages. The system may eventually collapse when the load dynam-
ics attempt to restore the loads beyond the capability of the generators and the
transmission network.

The above-mentioned example is generally referred to as a large-disturbance voltage
stability event. Less common are voltage instability caused by small-disturbances,
such as incremental changes in system load. Since system operators continuously
ensure that sufficient margins are kept to fulfil the N-1 contingency criterion, small-
disturbance events are very seldom the sole cause of voltage instability. However, the
methodology used in the small-disturbance analysis is often valuable in the analysis
of the voltage security margins, which is further discussed in Section 5.1.4.

2.2 Voltage stability assessment

Voltage stability assessment (VSA) refers to the daily operational and planning
activities of system operators to ensure a secure and stable operation of the power
system. The main goal is to continuously ensure a secure normal (operating) state
in the system. A system is said to be operated in a normal state if both the load
constraints and the operating constraints are satisfied [9]. The load constraints
ensure that the load demand is met by the generation in the system, while the
operating constraints ensure that minimum or maximum limits in terms of variables
such as line currents and bus voltages are satisfied.

In the event of a disturbance in the system, the system may either settle to (i) a (new)
secure operating state, (ii) an (unsecure) alert state, (iii) or end up in an emergency
state. Ensuring that a power system can be operated securely with respect to all
possible disturbances would not be feasible. In practice, the power system security
is assessed with respect to a set of credible disturbances, generally referred to as
contingencies. Power systems are almost exclusively operated according to the N-1
contingency criterion, meaning that the system should be able to withstand the loss

10



2. Voltage stability and security assessment methods

of any single component, such as transmission or generation capacity, without the
system entering an emergency state. A system capable to handle such an event
without entering an emergency state is said to be secure. A system that cannot
handle such an event without entering an emergency state is said to be operated in
an unsecure state.

*

With reference to dynamical system theory, an operating state (or equilibrium) x
is called stable if all solutions with an initial condition close to x* remain near x*
for all time [9]. An equilibrium that is not stable is called unstable. Thus, a system
can be stable at its current operating state, while at the same time not fulfilling the
security criterion of handling a larger disturbance and still maintaining stability.
An unstable system can be exemplified by a power system drifting towards voltage
instability, driven by the action of load restoration. It should be noted that security
and stability are sometimes used interchangeably in the literature. For instance,
large-disturbance stability is in some settings defined as the same as a security. For
the remaining part of the thesis, the above former stated definitions will be adopted.

The different operating states are illustrated in Fig. 2.1 and in Fig. 2.2, where the
state space of a power system is reduced and illustrated in only two dimensions.
In Fig. 2.1, the system is operated in the secure region. A disturbance causes
the system state to transition to the unsecure region. Here, although possibly not
meeting all the load constraints, the system is still stable. The system can then
be transferred back to the secure region through restorative control actions and
sufficient remedial actions. Alternatively, in Fig. 2.2, the system is operated in an
unsecure state. Following a disturbance, the system becomes unstable and enters
an emergency state, and without sufficiently fast counteractions, a larger system
collapse may be imminent.

Unstable region @ Sccure (stable) state

Unsecure e @ Unsecure (stable) state

. Emergency (unstable) state

Secure region

Figure 2.1: An example of a normal operating state, followed by a disturbance.
Through restorative control, the system operating state is restored to normal.
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Unstable region @ Sccure (stable) state

Unsecure o @ Unsecure (stable) state

' Emergency (unstable) state

Secure region

Figure 2.2: An example of an unsecure operating state, followed by a disturbance.
The system state ends up in an emergency state, and without sufficient emergency
control actions, the system will collapse.

Generally, VSA can be divided into two different but complementary lines of defense
used to avoid voltage instability: preventive and emergency. The preventive methods
are mainly used during normal operation to ensure that the power system is operated
securely according to the N-1 contingency criterion. In the event of more severe
incidents or multiple disturbances, the emergency applications of VSA are required.
The aim of these methods is to perform VID, allowing system operators to identify
imminent voltage instability and trigger fast remedial actions. In the following
sections, the main practices in these two applications of VSA are presented.

2.2.1 Security and security margin