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Abstract

This thesis presents the way dynamic state estimation can be conducted in the con-

text of power networks under stressed operating conditions, in order to enhance grid

monitoring. Resilience is fundamental for modern power systems, which are experi-

encing significant changes; renewable energy based technologies diversify power gen-

eration, dramatically affecting system response to contingencies, whereas increased

energy consumption, in combination with lack of investments and aged equipment,

lead to system operation close to its limits. This stressed system operation is asso-

ciated with the activation of limiting devices, such as overexcitation limiters, whose

impact on the power system stability margin has been proven and quantified in this

thesis. This is based on a dynamic security assessment (DSA) methodology devel-

oped in this context, and two stability limit metrics have been used, the critical

clearing time (CCT) and the power limits (PLs).

Having proven that the system stability margin is likely to decrease under stressed

operating conditions, a stressed system conditions indicator has been proposed, con-

sidering the overexcitation limiter activation as an event denoting system stress.

The proposed stress identification technique is based on Unscented Kalman filtering

(UKF) dynamic state estimation, where phasor measurement units (PMUs) play a

significant role in data transmission. In order to enhance the accuracy of power

system monitoring, even in cases when limiting devices with unknown dynamics

have been activated during stressed system operation, a novel UKF based dynamic

state estimation algorithm has been developed in this thesis, considering unknown

inputs in the power system models used. These studies have been carried out us-

ing two model power systems: A small 9-bus 3-machine system, and a large 68-bus

16-machine system.
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P u
xy Unbiased cross-covariance between x̂u− and ŷu

Py Measured active power value

Pz Covariance of predicted measurements

Q Process noise covariance

QL Reactive power demand

Qy Measured active power value

R Measurement noise covariance

Rs Armature resistance

Rgov Permanent droop

S1 Ramp-up/Ramp-down coefficient

Sm Synchronous generator rotor slip
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T Matrix transpose

t System time

T ′
d0 d-axis transient time constant

T ′
dc d-axis transient time constant for the dummy coil (usually equal to

0.01 s)

T ′
q0 q-axis transient time constant

T0 Simulation time step

TA Regulator time constant

Td AVR’s PID controller time constant

Te Electrical torque input

TF Exciter stabilizer time constant

TG Governor time constant

Tm Mechanical torque input

Tr Voltage transducer time constant

Tx OEL Integral Control time constant

T11, T21, T31 PSS 1st, 2nd, and 3rd stage lead time constants, respectively

T12, T22, T32 PSS 1st, 2nd, and 3rd stage lag time constants, respectively

TCH Time constant of main inlet volumes and steam chest

T ′′
d d-axis subtransient time constant in s

TE Generator’s exciter time constant

T ′′
q q-axis subtransient time constant in s

TRH Time constant of reheater

Tw PSS washout time constant

u Column vector of system inputs

V Column vector of bus voltages

Vυ Noise term of the measured value of V in p.u.

VA Regulator emf

VF Exciter stabilizer emf

Vr Voltage transducer output

Vy Measured value of V in p.u.

VOEL OEL output

VPID AVR’s PID controller output voltage
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VSS PSS output reference voltage

w Discrete form of process noise vector

x Column vector of system state variables

X ′
d d-axis transient reactance

X ′
q q-axis transient reactance

x1, xt OEL timer input and output respectively

x2 Input to OEL of summed type control functions

Xd d-axis synchronous reactance

Xq q-axis synchronous reactance

xa Augmented state variables vector

X ′′
d d-axis subtransient reactance in p.u.

xgov Governor output

Xls Armature leakage reactance in p.u.

X ′′
q q-axis subtransient reactance in p.u.

xrh Turbine steam flow in the reheater

xtb Turbine inlet steam chest

y Column vector of system measurements

z Column vector of measurements



Chapter 1

Introduction

1.1 Background

Electricity has shaped the modern era, with the vast majority of human activities

being associated with electric power access. Uninterruptible electricity supply has

always been of utmost importance, with power network components having to adhere

to reliability standards. The power system is in turn obliged to meet the required

stability criteria; according to these, the system must be equipped with the ability

to return to an equilibrium point after being subjected to disturbances, and its state

variables’ values to remain within an acceptable range [1]. However, a ‘yes or no’ an-

swer to stability criteria is not enough, and the increasing power system complexity

necessitates the existence of metrics so as to quantify the distance from instability,

driving cutting-edge research on stability margin computation [2]. This plays a sig-

nificant role in assessing security, denoting the degree of risk in system’s ability to

survive disturbances without any interruption of customer service [1, 3].

Power system security assessment is becoming more and more crucial, given the new

challenges emerged; modern power systems are undergoing significant changes [4]:

Power systems have become deregulated with many partners been involved with their

operation, contributing to their complexity in terms of structure, controllability and

data sharing. In this context, new forms of generation are integrated, which are

renewable energy based, featured by intermittency, leading to unpredictable system

behaviour of nonlinear nature. Furthermore, aging system components and limited

investments, especially in the transmission level, contribute to system operation

23
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closer to its limits [5].

With regard to power system planning, transient stability analysis is still a challeng-

ing issue. This has its roots in system complexity; today’s power system structure

keeps changing, resulting in a complicated system behaviour with various operating

points corresponding to different system conditions and configurations. The impor-

tance of modelling accuracy has also been highlighted in cases where misconceptions

in capturing system conditions lead to inaccurate mapping of system behaviour [6].

In addition, power system monitoring is dependent on the communication network,

which has to comply with several standards in order for the system stability status

not to be affected [7].

Another factor affecting operators with regard to transient stability assessment stud-

ies is their reliance on supervisory control and data acquisition (SCADA) based static

state estimation [8]. This practice, although fast in terms of calculations speed, con-

tributes to operators’ disregarding system’s dynamic response to contingencies. The

need for dynamic security assessment (DSA) applications to power system analysis

has been highlighted in several technical reports [9, 10]. DSA plays a significant

role in power system stability monitoring, since it can used as a means for system

stability limits to be quantified [8, 11, 12].

Today various research studies are reported concerning power system stability as-

sessment and system state monitoring. Driven by the advances in data engineering

and communication system upgrade, system operators turn to more sophisticated

methods of security assessment, and the research in this area is focused on multi-

ple targets, such as speeding up the relevant algorithms, enhancing the accuracy of

the results, or employing novel data driven techniques. The development of phasor

measurement units (PMUs) constitute the core of modern wide area monitoring sys-

tems (WAMS), enabling better observability of power system operating conditions,

providing highly accurate measurements. The following section sheds light on the

current trends and recent research outcomes of DSA and PMUs, which dominate in

modern power system control.
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1.2 State of the art

1.2.1 Dynamic security assessment

Power system DSA deals with quantitative ways of measuring the distance from

instability, given a list of contingencies determined by the system operator [13].

DSA applications vary with respect to their targets; these encompass margin com-

putation with regard to transient, voltage, small-signal or frequency stability, as

well as thermal overloading and maximum loadability of a power network [4]. The

growing interest in power system monitoring along with recent advances in commu-

nication systems have led to the development of a wide variety of techniques as part

of DSA algorithms. Artificial intelligence based methods are at the core of mod-

ern DSA approaches. Artificial neural networks (ANNs) have been widely utilized,

facilitating data-driven adaptive learning methods, forming the basis of intelligent

systems (ISs) and extreme learning machines (ELMs), where fuzzy techniques are

employed [14–21]. The decision trees concept has also been proposed [22–26]. Im-

plementations of DSA algorithms in various real-life power systems, such as the

Chinese one [27], the Nordic [28], the Hydro-Quebec system [29], the Brazilian [30]

and the European system [31–33] showcase the growing attention to this area.

1.2.2 Phasor measurement units and noise mitigation

techniques

Since the pioneering work of Phadke [34,35], PMUs constitute a key tool for power

system dynamic state estimation, equipped with the ability to measure the magni-

tude and the angle of a phasor, along with system frequency. PMUs take advantage

of the global positioning system (GPS) in such a way that all measurements are

time-stamped, enabling their synchronisation at various locations. Each PMU is

characterized by a sampling rate and a reporting rate, denoting the frequency of ob-

taining samples of a sinusoidal waveform and the rate of giving the phasor estimates,

respectively. The establishment of IEEE Standards for synchrophasors, such as the

C37.118.1-2011 and its recent amendment C37.118.1a-2014 [36, 37], demonstrates

the progress of this technology, defining the performance requirements that all com-

mercial PMUs have to comply with, so as to further facilitate the PMU applications
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in industry.

Part of the IEEE Standards’ targets is to specify a range of acceptable measurement

noise levels [36, 37]. Inspired by signal processing research, various techniques have

been reported in literature in order to reduce the impact of noise on measurement

accuracy, such as empirical mode decomposition (EMD) algorithms [38,39], singular

value decomposition (SVD) based methods [40], wavelet shrinkage procedures [38,

41, 42], integrated calibration techniques [43, 44], multiple measurement averaging

processes, also termed as ‘data buffering’ [45,46]. Nonetheless, these methods mainly

address offline denoising, which is not the case in real-time measurement reporting.

Online denoising has been tackled in power systems [38]. Real-time measurement

noise mitigation techniques encompass Kalman filtering based approaches [47], and

methods engaging autoregressive models, which can be found in the area of real-

time glucose monitoring [48]. In addition, novel sophisticated algorithms, as part of

PMUs’ software, facilitate measurement reporting with increased accuracy [49–53].

Furthermore, new PMU algorithms have been employed aiming at minimizing their

execution time, enabling the development of PMUs with reporting rates as high

as 5000 per second [54], which is a significant characteristic in the context of data

buffering as well. These advances in PMU technology have been found useful in the

area of state estimation, since the performance of estimation and filtering algorithms

highly relies on the quality of measurements.

1.3 Research motivation and challenges

Power system monitoring is primarily based on SCADA systems, featured by slow

update rates and mostly tackling static security analysis, neglecting system dynamic

characteristics [55]. Although the integration of DSA algorithms into power system

monitoring is a step forward in order to ensure secure power system operation, it still

faces challenges; accurate power system stability margin estimation greatly relies on

high system model accuracy [6]. Recent implementations of DSA software in indus-

try have stressed the significance of capturing the actual system conditions; so far,

limitations in DSA performance are related to assumptions according to which the

power system is regarded to operate in a normal state, where no special protection

systems (SPS) are supposed to operate, and, therefore, their modelling is usually

omitted [56]. Equally, a common assumption in transient stability assessment is that
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the control systems associated with several system devices are always ‘in service’,

which is not always the case [6].

In this context, the subsequent reports following the 1996 North American Power

Blackouts in WECC system, highlighted the need for detailed system modelling, and,

specifically, suggested the inclusion of limiter devices, such as overexcitation limiters

(OELs), in contingencies analysis [57]. Indeed, inaccurate assumptions about system

operating conditions are able to dramatically influence the conclusions of power sys-

tem studies, where unrealistic initial system conditions might be obtained, resulting

in severe imprecisions in terms of simulating system dynamic behaviour [6]. There-

fore, the effect of modelling accuracy on stability margin quantification deserves

detailed attention.

Furthermore, the development of dynamic state estimation algorithms, facilitated

by PMU technology progress, is aligned with the growing impact of their applica-

tions in power system monitoring. However, these estimation methods require good

knowledge of power system dynamics; despite the fact that uncertainty is usually

considered in the analysis, estimation results are unreliable when the real system

deviates from the assumed model. In power system dynamic estimation literature,

there have been very few studies on dynamic state estimation in the presence of

unknown dynamics [58, 59], and their practicality and assumptions are questioned

from the viewpoint of estimation model and accuracy of the results.

1.4 Research objectives

The aforementioned research gaps led to the formation of the research challenges in

the context of this thesis, attempting to answer the following questions:

1. Is the power system stability margin affected by the advent of new dynamics

in the system, when operating under stressed conditions? How much can this

margin be altered?

2. How can the system operator identify power system stressed operating condi-

tions, so as to proceed to further control actions in order to secure its stability

status?

3. How can system states be accurately estimated, under stressed operating con-
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ditions, even in the presence of unknown dynamics?

1.5 Research contributions and dissemination

This research effort has led to the following contributions, as outlined below:

1. The effect of overexcitation limiter activation on the power system angle sta-

bility margin under stressed operating conditions has been quantified. This is

accomplished by comparing the stability limits under normal conditions (i.e.

without any OEL activation during the transient period after a fault occur-

rence) and under stressed conditions (i.e. OELs come into operation during

transient conditions), for a predetermined set of contingencies.

2. Different OEL designs are discussed and their models are analysed. Their

models are used in case studies and their effects on power system stability

margin are compared and discussed.

3. A ‘stressed operating conditions’ indicator is proposed, from the viewpoint

of OEL activation during the transient period after a fault occurrence. For

this purpose, a bad data detection related methodology is suggested, based on

Unscented Kalman filtering.

4. A UKF based dynamic state estimation method for power systems with un-

known inputs is developed, in order to address the cases when there is uncer-

tainty regarding the excitation system model in operation (e.g. an OEL gets

activated, while the system operator is not aware of this).

5. A synchronous generator model is introduced for decentralized dynamic state

estimation purposes, where the internal rotor angle is used as a state.

6. A linearisation method is proposed in order to deal with nonlinear measure-

ment functions. This is a fundamental part of the proposed decentralized

dynamic state estimation algorithm for power system with unknown inputs.

This technique is derivative-free and does not require any background calcu-

lations.

This research has been conducted utilizing two power system models: A 9-bus 3-

machine system [13] and the IEEE benchmark 68-bus 16-machine system [60, 61].
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All simulations have been performed in MATLAB/Simulink. All the codes have

been developed from scratch.

The research outcomes have been reported in the following journal papers and con-

ference poster:

1.5.1 Journal papers

1. G. Anagnostou and B. C. Pal, “Impact of overexcitation limiters on the power

system stability margin under stressed conditions,” IEEE Transactions on

Power Systems, vol. 31, pp. 2327-2337, May 2016.

Abstract: This paper investigates the impact of the overexcitation limiters

(OELs) on the stability margin of a power system which is operating under

stressed conditions. Several OEL modelling approaches are presented and the

effect of their action has been examined in model power systems. It is re-

alised that, more often than not, OEL operating status goes undetected by

existing dynamic security assessment tools commonly used in the industry. It

is found that the identification and accurate representation of OELs lead to

significantly different transient stability margins. Unscented Kalman filtering

is used to detect the OEL activation events. In the context of stressed sys-

tem operation, such quantitative assessment is very useful for system control.

This understanding is further reinforced through detailed studies in two model

power systems.

2. G. Anagnostou and B. Pal, “Decentralized Dynamic State Estimation of Power

Systems with Unknown Inputs,” Power Systems, IEEE Transactions on, 2016

(under review).

Abstract: This paper proposes a decentralized dynamic state estimation

method in the context of a power system with unknown inputs. The suggested

algorithm addresses the cases when several inputs, such as the excitation volt-

age, are characterized by uncertainty in terms of their status. The technique

engages one generation unit only and its associated measurements, and it re-

mains totally independent of other system wide measurements and parameters,

facilitating in this way the applicability of this process on a decentralized ba-

sis. The robustness of the method is validated against different contingencies.
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The impact of generator model parameter errors and measurement noise on

the unknown input estimation performance are discussed. This understand-

ing is further supported through detailed studies in a realistic power system

model.

1.5.2 Conference poster

1. G. Anagnostou, B. Pal and N. Brandon, “Identification of power system

stressed conditions,” IEEE Power and Energy Society General Meeting ’14

- Student-poster, National Harbor, MD, USA, 27-31 July, 2014.

Abstract: The electric power industry undergoes significant changes: Power

systems have become deregulated with many partners been involved to their

operation, contributing to their complexity in terms of structure, data sharing

and controllability; the growing impact of electricity market on economic dis-

patch leads to complex and uncertain dispatch; a shift is on track from central-

ized generation units based on synchronous machines to distributed inverter

interfaced inertia-less generation, characterized by stochasticity, such as wind

power and photovoltaics; new forms of generation and energy storage devices,

such as fuel cell generators and batteries are coupled with advanced control

systems and special protection components, which increase system’s depen-

dency on them and leads to unpredictable behaviour of nonlinear nature; aged

system components and limited investments, especially in the transmission

level, lead to system operation closer to its limits. In the context of dynamic

security assessment, transient stability analysis remains a challenging issue.

This has its roots in the modern system structure, which is associated with a

complicated system behaviour with various operating points corresponding to

different system conditions and configurations. Accurate system margin esti-

mation and critical clearing time (CCT) quantification greatly relies on high

system model accuracy. The operation of a power system under stressed con-

ditions can have a dramatic impact on system margin, whose the estimation

ought to consider and identify whether the system is stressed or not. This

poster’s goal is to study the identification of system stresses and their impact

on power system stability limit estimation. Here, a representative 16-machine,

68-bus, 5-area power system model is used, in order to assess the impact of

stressed system operation on transient stability margin. Compared to tradi-
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tional power system models used for transient stability studies, in this study

the power network is modelled in a more detailed way, including the models

of limiting and switching devices, such as on-load tap changers (OLTCs) and

overexcitation limiters (OELs). MATLAB/Simulink is used for the modelling

and simulation of the model network. The synchronous machines are mod-

elled based on transient dynamics, whereas the loads are modelled as constant

impedance loads. The study presented in this poster is intended to set the con-

text of power system’s stressed condition identification and transient stability

margin estimation under these conditions.

1.6 Thesis organization

The rest of the thesis is organised as follows. In Chapter 2, the impact of overexci-

tation limiter operation during the transient period following a fault is investigated

from the stability margin viewpoint. Various overexcitation limiter designs are ex-

amined and their effects on the angle stability limits are calculated. In Chapter 3,

considering the OEL action as a feature of a stressed power system, a UKF based

dynamic state estimation scheme is employed in order to facilitate the detection of

such stressed conditions. In Chapter 4, given the uncertainty of excitation system

dynamics (i.e. whether it is dictated by the OEL or not), a dynamic state esti-

mation method is proposed for power systems with unknown inputs, to match this

case, treating the excitation voltage as an unknown input. The proposed algorithm

is implemented based on a decentralized concept, which is thoroughly analysed in

this chapter. The system modelling details, as well as the equations needed to apply

the developed techniques of this research are given in the appendices.
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Impact of Overexcitation Limiters

on the Power System Stability

Margin Under Stressed Conditions

2.1 Problem statement

This chapter addresses the first research challenge of this thesis, namely to investi-

gate whether the overexcitation limiter operation reduces the power system stability

margin. This belongs to the research area of modelling accuracy enhancement with

regard to dynamic security assessment (DSA), in order for the accuracy of the sta-

bility limit estimates to be significantly improved. In this context, the need for more

precise excitation system modelling, including limiters, had been noted by Electric

Power Research Institute (EPRI), as part of the firm’s DSA performance related

reports [9]. The 1996 North American blackouts in the Western Electricity Coordi-

nating Council (WECC) system triggered more research to this direction, since, as

reported, one of the reasons for inaccurate system planning was the fact that the

overexcitation limiters were not ‘well-designed’ and overexcitation limiters (OELs)

have to be properly modelled within the DSA framework [57]. Following this, the

need for OEL model inclusion in DSA, and in transient stability studies in general,

was highlighted in the research community [62–64].

As far as research in OELs is concerned, investigations of power system’s dynamic

behaviour when a synchronous generator has reached its overexcitation limits have

32
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been carried out in the past [65, 66]. However, in these cases, the overexcitation

limited generators were considered to operate under manual control, but, today,

this is not the practice, since more sophisticated OEL designs have been introduced,

in order for the operators to maximize the utilization of generator capability, re-

sponding to the modern trend of deregulation, with the system operating close to

its limits [12, 67–69]. Nevertheless, it is difficult to look for a widely accepted OEL

model, since OEL models are mostly application specific and a general model is

unlikely to be realistic [68]. Therefore, various OEL models have been reported in

literature, addressing different implementations [67–79].

OEL models are usually utilized in the context of long-term voltage stability studies,

where devices characterized by slow dynamics are taken into consideration [64,73,80–

82]. Nonetheless, the uncertainty with regard to power system operating conditions,

along with the sophisticated control systems design with which OELs are associated,

underline the significance of their modelling inclusion in transient stability studies

as well [6, 67]. Furthermore, faults close to generators, or OELs bypassing power

system stabilizers and voltage regulators, are able to trigger angle instability [62]. In

addition, the highly sophisticated OEL design enables these devices to self-regulate

their limits and internal settings depending on conditions related to factors, such as

hydrogen pressure or inlet temperature measurements [67, 69, 83]. It is unknown to

the operators when changes in parameters take place, without any event occurrence

[10]. Therefore, this shows that, despite DSA’s progress in terms of contingencies

examination, several cases still remain unaccounted for.

The aforementioned open issues clearly demonstrate that the accurate estimation of

transient stability margins remains a challenge, since generators’ capability limits

do not necessarily correspond to the actual ones, when OEL operates [84]. Modern

OEL designs bring new dynamics in the power system; therefore, this necessitates

the revisiting of transient stability studies, under the assumption of OEL action

during the transient period following a contingency. Apart from this, it is crucial to

quantitatively show the extent transient stability margins differ with and without

the assumption of transient OEL operation after a fault occurrence.

The OEL models, along with their design specifics, considered in the context of this

research are presented in Section 2.2. In Section 2.3, the methodology of stability

limit calculation is thoroughly described, analysing the relevant assumptions with

regard to the initialization of the method, the way simulations are set up and the
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two methods of quantifying stability limits, namely the critical clearing time and

the power limit techniques. In Section 2.4, the method is applied on the 9-bus 3-

machine system and the 68-bus 16-machine system and the results are shown and

commented. The summary of the chapter is given in Section 2.5.

2.2 Overexcitation limiter modelling

The development of overexcitation limiters has been driven by the need for syn-

chronous generator operation within specified thermal limits, in compliance with

the field winding’s thermal capability curve, as shown in Fig. 2.1. According to the

OEL operation principles, it gets activated as soon as the field current value exceeds

the specified standards, and brings back the field current to acceptable levels. The

OEL operation is controlled by a timer, comparing the field current value with a

lower limit value, in line with the rotor capability curve. Anytime there is a posi-

tive output from the timer block, the OEL is likely to affect the excitation system

operation, depending on the voltage regulator control signals as well.
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Figure 2.1: Rotor thermal capability curve and OEL Timer curve

Depending on whether the Automatic Voltage Regulator (AVR) is in operation dur-

ing the OEL action or not, OELs are distinguished into two categories [71,73]:
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2.2.1 Summed Type OELs

This OEL type is related to the synchronous generator’s AVR in such a way that

the OEL output is added as a signal in the AVR’s summing junction [73]. This

means that the AVR continuously operates, no matter if the OEL is in action or

not. Here, the timer is usually described by an integrator block. Fig. 2.2 depicts a

block diagram corresponding to this type of OEL modelling. Here, the summed type

OEL model incorporates integral control of field current and the model’s dynamic

equations are given below [80]:

x1 = S1(Ifd − Ifdlim) (2.1)

ẋt =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩
0

if (xt = K2 and ẋt ≥ 0)

or (xt = K1 and ẋt < 0)

x1 otherwise

(2.2)

x2 =

⎧⎨
⎩Ifd − Ifdlim if xt ≥ 0

Kr if xt < 0
(2.3)

V̇OEL =

⎧⎨
⎩

1
Tx
x2 if x2 > 0

0 if (x2 ≤ 0 and VOEL = 0)
(2.4)

K1 relies on the generator thermal capability curve, as its value ensures OEL oper-

ation within the acceptable range [80], as illustrated in Fig. 2.1.

2.2.2 Takeover Type OELs

Also characterized as OELs of ‘hard’ or ‘auctioneering’ type [71], takeover OELs

are distiguished by their ability to bypass the AVR, anytime they come into action

[73]. This means that the AVR does not operate during the OEL function, and

the OEL is the only component driving the excitation system of the synchronous

generator. The timer is formed by an integrator block with non-windup limits, whose

input relies on the difference Ifd − Ifdlim. The timer function is outlined as follows:

When the generator operates under normal operating conditions, that is to say, this

difference is negative and lower than−0.03p.u., a negative number serves as the block
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Figure 2.2: Summed Type Overexcitation Limiter

input, whereas, a positive difference gives a positive input, which is also difference

dependent. This dependence is crucial, since, in this case, the OEL model simulates

the inverse time characteristic (as depicted in Fig. 2.1). If a positive difference is

translated into a constant positive input to the timer block, this corresponds to a

fixed time OEL [71, 77, 85]; the fixed time OEL permits sustained overexcitation

for a predetermined amount of time, regardless of the level of overexcitation, and,

thus, not allowing the maximum possible utilization of generator capability, as could

happen in the case of inverse time characteristic based timer. In the context of this

research, the former type of timer has been considered. If the difference Ifd− Ifdlim

lies within the range [−0.03, 0], this results in a zero input, associated with the

hysteresis case [77]; in other words, the OEL gets in action when the difference is

greater than the upper limit of the above interval, but it stops operating as soon

as the difference becomes lower than the lower limit of the interval, so as for limit

cycling to be avoided. The timer function block is illustrated in Fig. 2.3.

Takeover OELs are also subdivided with regard to their internal control functions:

The control signal substitution (CSS) scheme and the error signal substitution (ESS)

scheme, which are illustrated in Figs. 2.4 and 2.5, respectively. The CSS scheme

corresponds to the case when the AVR and the OEL are associated with different

control functions, whereas the ESS scheme is related to the case when both the

OEL and the AVR have identical control blocks [73]. As shown in both figures,



Chapter 2. Impact of Overexcitation Limiters on the Power System Stability
Margin Under Stressed Conditions 37

Figure 2.3: Timer of a Takeover Type Overexcitation Limiter

the minimum block ensures both the OEL signal passing to the exciter in stressed

conditions and the return to voltage control when less excitation is needed, driven

by the operating conditions.

The dynamic model of OELs of takeover type, for both design schemes, is charac-

terized by the following equations [73, 86]:

ẋt =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩
−1 if Ifd − Ifdlim < −0.03

0 if −0.03 ≤ Ifd − Ifdlim ≤ 0

Ifd − Ifdlim if Ifd − Ifdlim > 0

(2.5)

Efd = Efd0 +ΔEfd (2.6)

TEΔĖfd = −ΔEfd − VOEL (2.7)

VOEL =
1

sTx
(Ifd − Ifdlim) (2.8)

Here, ΔEfd = 0 at the time of switching. It has to be highlighted that Eq. (2.5)

corresponds to the timer operation, whereas Eq. (2.8) represents the CSS scheme,

where integral control of the field current has been considered. For the ESS scheme,

the quantity 1/sTx is replaced by the control of the corresponding AVR used. For

instance, for a simple static AVR, the factor KA is used.

2.3 Stability limits calculation

2.3.1 Review of stability assessment techniques

The stability margin calculation constitutes the core part of the research regard-

ing the impact of OEL action on the stability limits. Various methods have been
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Figure 2.4: Takeover Type Overexcitation Limiter under Control Signal Substitution
Scheme

Figure 2.5: Takeover Type Overexcitation Limiter under Error Signal Substitution
Scheme
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reported in literature, therefore the selection of the most suitable method to each

research target needs careful consideration and proper justification. The reasons

behind the wide variety of stability assessment techniques and criteria are applica-

tion specific; the development of these methods relies on the computational tools

available and the mathematical concepts used, whereas they mostly aim at fast sta-

bility assessment decisions. Attempting to group the stability assessment methods

appearing in literature, they are distinguished in the following categories:

1) Direct stability assessment methods [87–106]: These techniques rely on the devel-

opment of transient energy functions (TEFs) corresponding to the dynamic equa-

tions characterizing the system. Their main aim is to directly estimate the stability

boundary and, therefore, quickly assess the stability status of the system, based on

the operating conditions of each case study. The principal drawback of this family of

methods is that they are based on major assumptions and approximations regarding

the system behaviour. In addition, they suffer from convergence problems in various

cases, and they do not detect multiswing phenomena, as they mainly address first

swing stability assessment.

2) Artificial intelligence based stability criteria [22, 25, 107–112]: These stability

assessment methods employ data mining procedures in order to quickly identify the

stability status of a system. However, they rely on background (‘offline’) training,

where there is a tradeoff on selection of large or small data sets; in the former case,

the training procedure is extensive and time consuming, but the results are more

accurate than in the latter case, where the training process is faster. Nonetheless, in

both cases, any changes in power system structure requires new offline training.

3) Single machine equivalent based stability assessment techniques [13, 113–119]:

Here, the stability assessment is performed through generator grouping, forming

an equivalent generator (termed as ‘SIngle Machine Equivalent’-SIME), whose ro-

tor angle is used for the establishment of stability criteria. Nevertheless, these

stability criteria are not always applicable and sometimes do not lead to accurate

results.

4) Probability theory related stability criteria [120–123]: The major characteristic of

these techniques is that they deal with the uncertainty, which is present in modern

power networks, and they assess the stability status in a probabilistic sense, measur-

ing the risk of instability for each operating condition. However, many such methods

are computationally expensive. In addition, the way uncertainty is modelled still
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requires further research, and, generally, these methods do not give a definite ‘yes

or no’ answer when accurate stability margin computations are needed.

The research studies employing the aforementioned stability criteria have a common

characteristic: They compare the results with the ones resulting from the time

domain simulation method, in order to confirm the validity of the outcomes. This

is because the full time domain simulation of the system dynamic equations under

a set of contingencies still provides the most precise stability assessment [13, 15,

124–126]. Time domain simulations are able to address any degree of modelling

detail required, whereas, the previously stated techniques require assumptions to

confirm their applicability when conditions change [15]. Nevertheless, time domain

simulations are proven to be time consuming.

In the context of this research, the time domain simulation method is used for

stability assessment, since there is no interest in conducting research in stability as-

sessment speed reduction, and, an accurate ‘yes or no’ answer is required to validate

whether the OEL operation affects the transient stability margin. The stability as-

sessment and limit quantification procedure is thoroughly described in the following

sections.

2.3.2 Initialization

The system is initialized assuming steady state operation, with all its dynamic state

equations set equal to zero. However, the fact that the system is considered stressed

requires additional treatment. In the context of this study, the system is regarded

as stressed, assuming that the OEL is in operation, or it gets activated during the

transient period after the contingency occurrence, and in this way influencing system

dynamics and, ultimately, system dynamic response. However, the OEL operation

is not part of what is regarded as ‘steady state condition’, since, during this time pe-

riod, the system dynamics have already been excited. This affects the initialization

of the system before the contingencies simulations, since the initialization of any sys-

tem in stability studies assumes steady state operation. Therefore, the initialization

of the system cannot be done in this way when an OEL has been activated. Since the

practice in contingency studies is to simulate the faulted and the post-fault system

for calculation speed purposes [13, 127], in order to follow this practice, and at the

same time consider the OEL operation at the start of the simulation (corresponding
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to the faulted period), the assumed initial value regarding the OEL’s timer is zero,

considering that the event happens at the time that the OEL is about to operate,

and therefore its operation during the transient period is reassured and, at the same

time, the system operates as normal, while an OEL timer countdown happens.

2.3.3 Power system simulation

For each contingency, the fault (i.e. three-phase to ground short circuit) occurs

at t = 0 and is cleared at a specified clearing time, when the post-fault system

simulation begins. The concept behind the contingency framework is that each fault

is applied close to a generator bus, and fault clearing is associated with line tripping,

as this is the standard practice in DSA [13,127]. The contingency list includes faults

close to generator buses only, since these are the ones of interest for angle stability

studies, whereas, faults close to loads are usually performed in the context of voltage

stability research [81]. In each case the power system simulation lasts for 10 s, since

the transient period is under consideration, and longer simulations would necessitate

the modelling of additional devices, such as on-load tap changers (OLTCs).

2.3.4 Stability assessment procedure

The quantification of the power system stability margin relies on critical clearing

time (CCT) or power limits (PLs) computation, with the former being popular in

Europe, and the latter being the practice in America [13]. The CCT refers to the

minimum time required for a fault to be cleared so as to ensure system stability, and,

on the other hand, PLs denote the maximum levels of total generation and load in

order for system stability to be guaranteed, for a specified fault clearing time (CT)

value. Nonetheless, as the PLs computation procedure requires various assumptions

regarding the generation and load allocation policies, CCTs are considered to be

more straightforward system stability indicators, since they are associated with the

distance from instability of a particular operating point [13]. It has to be highlighted

that these stability assessment procedures are model based, thus, their effectiveness

is modelling accuracy dependent.

In the context of the CCT computation process, an iterative heuristic method is uti-

lized (which, in all cases of this research, is a binary search) [13]; more specifically,
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starting from an initial CT value, which is high enough to assure system instability,

successive simulations are executed, until the difference between the CT of an un-

stable simulation and the CT of a stable one to be lower than a specified tolerance,

which in this case is 15 ms. Despite the wide variety of stability criteria outlined

previously, here the maximum difference between the rotor angles of any two system

machines constitutes the instability indicator. This means that a power system is

regarded as unstable when the rotor angle difference of any two machines reaches

a predetermined threshold value, otherwise it is stable. It has to be noted that the

maximum angular deviation is not uniquely determined; various values have been

utilized for this purpose in literature [128]. Here, the angle difference limit value is

fixed to 180◦.

As far the PLs calculation algorithm is concerned, it is analogous to the CCT one; for

a predefined CT value, starting from initial power level values, the stability criteria

are appraised as aforementioned and the generation and load levels are increased

or lowered, depending on whether the system is stable or not, respectively. This

computation procedure is again based on binary search, according to which, the

system power levels are modified until the difference of the ones of an unstable

simulation with the ones of a stable one to be lower than a predetermined tolerance,

which in this case is approximately 2% of the total system capacity. As earlier

mentioned, among the diverse generation and load reallocation strategies, each of

which has a different effect on the system from the stability assessment point of

view [13], here, a constant power factor reallocation policy is followed; this means

that at every iteration the power system levels are initialized in a way that the every

machine’s active power is increased or decreased proportionally to its previous power

level and the same concept is implemented to loads’ active and reactive power.

2.4 Case studies

2.4.1 Test System 1: 9-Bus, 3-Machine System

The aforementioned methodology has been implemented to a 9-bus 3-machine sys-

tem model [13, 129], the details of which are outlined in Appendix A. The angle

stability margin calculation is based on the contingencies list found in [13]. To

show the effect of OEL operation of the stability limits, the CCT values have been
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computed twice; at first, under normal system operating conditions (i.e. without

any transient OEL action) and, secondly, under stressed conditions, meaning that

the OEL of the synchronous generator in bus 1 comes into action during the tran-

sient period. All OEL types and design schemes have been examined, and this

requires several system modifications. More specifically, each OEL type is attached

to different AVR type, according to Institute’s of Electrical and Electronics Engi-

neers (IEEE) Standards [71,77], thus, summed type OELs are associated with AVRs

of DC1A type, whereas takeover OELs are coupled with simple static AVRs [80].

Moreover, the synchronous generator in bus 1 only is considered to be limited by an

OEL. The logic behind this is that generators with power factors less than 0.95 are

regarded as prone to limitation by OELs, and Gen. 1 is the only one in this system

satisfying this criterion. The power system initialization procedure has been carried

out in accordance with the assumptions outlined earlier; the system initialization

data can be retrieved in [129], and the OEL data are given in Appendix A.

Tables 2.1 and 2.2 show the results for the summed type (Case Study 2A) and

takeover type OEL (Case Study 2B) applications, examining both CSS and ESS

schemes. It is clear from the results that the summed type OEL has no effect on

the power system stability limits, which is not something unprecedented; this OEL

type has already been characterized as ‘soft’ in literature [71, 72], since the OEL

output is just one input to the AVR’s summing junction and the AVR continuously

operates, being influenced by the other inputs as well. On the contrary, takeover

OELs are proven to have considerable effect on the stability margin. For this case,

the stability limit variations have not only been calculated in CCT values, but also

in PLs, to further validate the previous results in CCT values. The way PLs are

calculated is the following:

• The system is assumed to operate under normal conditions.

• For each contingency, the CT value is chosen to be the CCT value of the earlier

calculated stressed cases.

• The generation and load levels are increased until the system becomes unsta-

ble.

This computational technique highlights the extent the power system could further

be stressed, if there was no OEL activation probability. Therefore, this additional

withstanding capability is lost under stressed conditions. For instance, regarding
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the second contingency and the takeover OEL under CCS scheme examination, the

stressed case corresponds to a CCT value of 125 ms, whereas, if the system was

operating under normal conditions, the generation levels could further be increased

by 20.3 MW (along with similar load level increase, but power system losses have

also to be taken into consideration). This PL calculation has not been performed

for the summed type OEL cases, since, there, no impact on the stability margin is

reported. The tolerance used for the PLs computation is 5 MW [13].

Table 2.1: CCT values for Case Study 2A

Contingency Normal Conditions Stressed Conditions
No. (msec) (msec)
1 172 172
2 79 79
3 125 125
4 196 196
5 219 219
6 188 188
7 141 141
8 242 242
9 297 297
10 219 219
11 219 219
12 266 266

2.4.2 Test System 2: 68-Bus, 16-Machine System

Driven by the significant impact OELs of takeover type under both CSS and ESS

schemes have on the stability limits of the previous power system model, this OEL

category has been tested on a larger, realistic power system. For this purpose, a

modified version of the benchmark NETS-NYPS 68-bus 16-machine system has been

utilized [60, 61], where all synchronous generators are equipped with simple static

exciters, the details of which can be found in Appendix A. The reason behind this

system ‘customization’ is to facilitate the study of takeover OEL operation, since

in the original system the majority of generators are equipped with AVRs of DC4B

type, making the system more stiff when responding to disturbances. In addition,

the operation of power system stabilizers (PSSs) is ignored, whereas the system is

initialized in accordance with the data provided in [60,61].
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Table 2.2: CCT & PL values for Case Study 2B

Contingency No.

Normal Stressed Conditions
Conditions CSS ESS

CCT CCT ΔPL CCT ΔPL
(msec) (msec) (MW) (msec) (MW)

1 305 281 12.2 258 28.5
2 141 125 20.3 110 41.6
3 141 133 20.3 125 32.6
4 234 203 32.6 196 41.6
5 250 234 20.3 219 37.1
6 196 188 20.3 180 37.1
7 188 172 16.3 157 37.1
8 368 329 20.3 297 37.1
9 414 375 20.3 344 37.1
10 258 250 16.3 242 24.4
11 258 250 12.2 242 24.4
12 352 329 16.3 313 28.5

Here, two load type cases have been examined: At first, constant impedance loads

have been considered in all buses, as specified in [60, 61], and, secondly, a mixture

of constant impedance and composite loads, so as to address more realistic case

studies. The composite loads are modelled as described in Appendix A, where their

data can also be found. In addition, following the power factor related rationale

outlined in the previous case study, the machines which are likely to be limited by

OELs are the ones in buses 1, 6 and 7. Only one OEL is assumed to operate in

each contingency. Moreover, a contingencies list has been planned for the system,

including faults close to generator buses, and the fault clearing is coupled with line

tripping. It has to be noted that all contingencies are associated with faults in

NETS area only, as the examined OELs are located in this part of the system. The

contingencies list is illustrated in Table 2.3.

The results are depicted in Figs. 2.6 and 2.7 for the constant load cases, whereas

Figs. 2.8 and 2.9 show the research findings for the composite load cases. As far

as PLs computation is concerned, the tolerance used (i.e. the total PL difference

between an unstable and a stable simulation) is 100 MW. It is clear from the bar-

charts that the OEL operation significantly affects system stability limits in both

cases and schemes, when each of the examined OELs is in action.
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Table 2.3: Contingencies List for the 16 Machine System

Contingency No. Faulted Bus Tripped Line

1 23 23-22
2 23 24-23
3 22 23-22
4 62 63-62
5 62 65-62
6 25 25-54
7 25 26-25
8 58 58-57
9 58 59-58
10 29 29-28
11 29 29-26
12 54 55-54
13 54 54-53
14 54 25-54
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Figure 2.6: CCT values for all contingencies, comparing normal to stressed condi-
tions operation, and the corresponding normal conditions PLs, for the CCTs values
listed. The loads are of constant impedance type and the OELs are of takeover type,
under CSS scheme.



Chapter 2. Impact of Overexcitation Limiters on the Power System Stability
Margin Under Stressed Conditions 47

1 2 3 4 5 6 7 8 9 10 11 12 13 14
0

50

100

150

200

250

300

350

400

C
C

T 
(m

se
c)

Contingencies

1 2 3 4 5 6 7 8 9 10 11 12 13 14

18

20

22

24

26

28

30

N
or

m
al

 C
on

di
tio

ns
 e

qu
iv

al
en

t t
ot

al
 P

L 
(G

W
)

Normal Conditions
OEL(1)
OEL(6)
OEL(7)

Figure 2.7: CCT values for all contingencies, comparing normal to stressed condi-
tions operation, and the corresponding normal conditions PLs, for the CCTs values
listed. The loads are of constant impedance type and the OELs are of takeover type,
under ESS scheme.
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Figure 2.8: CCT values for all contingencies, comparing normal to stressed condi-
tions operation, and the corresponding normal conditions PLs, for the CCTs values
listed. Composite loads have been considered in some parts of the system and the
OELs are of takeover type, under CSS scheme.
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Figure 2.9: CCT values for all contingencies, comparing normal to stressed condi-
tions operation, and the corresponding normal conditions PLs, for the CCTs values
listed. Composite loads have been considered in some parts of the system and the
OELs are of takeover type, under ESS scheme.

2.5 Summary

This chapter attempted to consistently demonstrate the impact that the transient

overexcitation limiter operation has in the event of faults, in quantitative terms.

More specifically, after a careful review on the overexcitation limiter modelling ap-

proaches used in literature, two OEL types were presented, the summed and the

takeover type, depending on whether the AVR is bypassed during the OEL action

or not. The takeover type limiters are also subdivided into two design schemes, the

error signal substitution (ESS) and the control signal substitution (CSS) schemes, re-

lying on whether the OEL is accompanied by the same control functions as the AVR

or not. Following the thorough demonstration of the OELs considered, the stability

assessment of two power systems, the 9-bus 3-machine system and the benchmark

68-bus 16-machine system, under normal and stressed operating conditions led to

the following outcomes and contributions:

• Summed type OELs do not alter the angle stability margins.

• Takeover OELs, under both ESS and CSS schemes, significantly affect the
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system stability limits.

• The impact of takeover OELs on the stability margin is further showcased,

considering various load types across the large scale 16-machine system.

The main contribution of this research has demonstrated that OELs may consider-

ably reduce the stability limits, and system operators are therefore obliged to develop

techniques to detect any OEL action in the system, as the areas where there is OEL

operation may trigger system instability at the advent of contingencies. Stressed

system conditions indicators have to be utilized by operators, to further enhance

modern power system monitoring.



Chapter 3

Identification of Power System

Stressed Conditions

3.1 Stressed system definition

The impact of overexcitation limiters on the power system stability margin was

clearly demonstrated in the previous chapter, where it was showcased that OEL

action in the event of contingencies is able to limit transient generators’ response,

resulting in system instability. This outcome has led to the next obvious research

question, namely, how the system operators, given their limited knowledge on each

generator’s protection systems, can detect the OEL activation, so as to perform

additional control actions to further stabilise the power network. This research

challenge is addressed in this chapter; a technique is developed in order for the

system operators to identify ‘stressed’ system conditions.

Power system operation under stressed conditions has been thoroughly examined

from various viewpoints in power system research. However, few research studies

are devoted to setting up a framework so as for this definition to become ‘stan-

dardized’. Therefore, the term ‘stressed’ system operation is not uniquely defined

in power systems literature, and several interpretations have been reported [130].

To begin with, the definition of a stressed system is mostly associated with max-

imum loadability levels, leading to unpredictable behaviour [131]. Furthermore, a

power system is regarded as stressed, when deviation from normal or ‘expected’ sys-

tem behaviour is observed [132], and it is often associated with severe events, such

50
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as system-wide damage, equipment failure, poor maintenance or weather related

damage [130]. Since there are no widely agreed metrics for stress, certain stressed

conditions indicators have been proposed; for instance, stressed power systems are

associated with some additional modes with oscillation frequencies which do not ap-

pear in ‘relaxed’ power systems [133]. In addition, a probabilistic indicator has been

suggested, defining system stress as the inverse of power system security [134].

In the context of the research work presented in this thesis, the notion of a stressed

power system has the same basis as expressed in [132] (i.e. deviation from routine

operating conditions), and, here, a power system is regarded as stressed when at

least one of the synchronous generators’ excitation systems is dictated by overexci-

tation limiters. The establishment of this definition is driven by the results shown

in the previous chapter, showcasing the extent the power system stability margin

can be reduced when an OEL operates during the transient period after an event

occurrence.

The rest of this chapter is organised as follows. The methodology establishing the

stressed system indicator proposed here is outlined in section 3.2, where a detailed

description of Unscented Kalman filtering and the bad data detection concept is

given. In section 3.3, the implementations of this stressed system indicator in the

9-bus 3-machine system and the benchmark 68-bus 16-machine system, which are

the ones used in the last chapter, are presented. Section 3.4 performs a sensitivity

analysis against model and measurement noise, as well as load related uncertainty,

in order for a robustness assessment to be performed. Section 3.5 summarizes the

chapter.

3.2 Methodology

3.2.1 Concept description

The results of the previous chapter clearly show that the OEL action in the event

of a contingency is likely to significantly reduce the system stability margin. Con-

sequently, it is of vital importance for the operators to timely detect any OEL op-

eration in the system, so as to proceed with such control actions, in order to lower

system stress. The rationale behind the establishment of the stressed system indica-

tor has its roots in modelling accuracy. For this purpose, a dynamic state estimation
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method has been employed. The dynamic state estimator is built on the assumed

- by the operator - model of the power system; the extent this model matches with

the real system is reflected on the accuracy of the estimation results. Considering

that the operators are not explicitly aware of the excitation limits, the proposed

indicator is based on modelling mismatch when any OEL operates. The dynamic

state estimation method used here relies on the Unscented Kalman filtering, the

details of which are given in the next section.

3.2.2 Unscented Kalman Filtering

The pioneering work of Kalman [135], triggered numerous research works, with

Kalman filtering dominating the area of dynamic state estimation. To address non-

linearity, variants of Kalman filter have been used, such as the Extended Kalman

filter (EKF) and the Unscented Kalman filter (UKF) [136]. This has also been the

case for electric power system dynamic state estimation, since power networks are

highly nonlinear [58, 137]. There have been research efforts using both algorithms,

but UKF has been proven to be superior to EKF, in terms of estimation results’

accuracy in nonlinear systems; this is closely related to the use of Jacobian lineari-

sation in the context of EKF, introducing much error, whereas UKF can achieve

second or third order Taylor approximation, which is important in nonlinear sys-

tems, such as power networks [136, 138–140]. In addition, UKF is more convenient

to implement, since it does not require any background calculation as the Jacobian

linearisation necessitates [139].

The aforementioned merits of UKF constitute the drivers for employing this al-

gorithm for the purpose of the stressed system indicator establishment; it reveals

highly accurate results, it is appealing and easy to apply. The power system model

is characterised by the following set of discrete equations [136]:

xk = f (xk−1, uk−1) + wk−1

yk = h (xk) + υk

wk−1 ∼ (0, Qk−1)

υk ∼ (0, Rk)

(3.1)

where x and w are n-dimensional vectors of state variables and process noise, re-

spectively, u is a r-dimensional vector of system (known) inputs, y and υ are m-
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dimensional vectors of measurements and measurement noise, respectively, whereas,

f and h denote the system dynamic and measurement equations, respectively, and

k is the time step. For instance, assuming a synchronous generator, equipped with

a static exciter and described by the transient model, as analysed in Appendix A,

the state and input vectors would be x = [δ ω E ′
q E

′
d E

′
dc Efd]

T and u = [Tm Vref ]
T ,

respectively.

The UKF is initialized as shown below, with ‘0’ subscript denoting initial condi-

tions:
x̂+0 = E (x0)

P+
0 = E

[(
x0 − x̂+0

) (
x0 − x̂+0

)T] (3.2)

The dynamic state estimation process relies on the following iterative procedure

[136,141,142]:

Sigma points generation

UKF is based on the concept of unscented transformation, which focuses on the

generation of a set of points, capturing several statistical properties of a random

variable, and, in this case, the main aim is to approximate the mean and the co-

variance of x [141, 142]. The sigma points are obtained according to the following

formula:
χ
(l)
k−1 =

[
x̂+k−1 + x̃(l)

]
, l = 1, 2, ..., 2n

x̃(l) =

(√
nP+

k−1

)
l

, l = 1, 2, ..., n

x̃(n+l) = −
(√

nP+
k−1

)
l

, l = 1, 2, ..., n

(3.3)

where x̂+k−1 and P
+
k−1 are the dynamic state estimate and the a posteriori state error

covariance estimate of the previous time step, respectively. In addition,
(√

nP+
k−1

)
l

is the lth column of the lower triangular matrix which is obtained from the Cholesky

factorization: nP+
k−1 =

√
nP+

k−1

√
nP+

k−1

T

.

A priori state prediction

Here, the sigma points are instantiated through the process model (i.e the dynamic

state equations), and the results are averaged, so as to obtain the a priori dynamic

state estimate x̂−k :

χ
(l)
k = f

(
χ
(l)
k−1, uk−1

)
(3.4)
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x̂−k =
1

2n

2n∑
l=1

χ
(l)
k (3.5)

A priori state error covariance calculation

P−
k =

1

2n

2n∑
l=1

(
χ
(l)
k − x̂−k

)(
χ
(l)
k − x̂−k

)T
+Qk−1 (3.6)

Measurement prediction

In this case, the sigma points are instantiated through the measurement model, and

the results are averaged, to calculate the predicted measurements (ŷk):

γ
(l)
k = h

(
χ
(l)
k , uk

)
(3.7)

ŷk =
1

2n

2n∑
l=1

γ
(l)
k (3.8)

Predicted measurement covariance estimation

Pyk =
1

2n

2n∑
l=1

(
γ
(l)
k − ŷk

)(
γ
(l)
k − ŷk

)T
+Rk (3.9)

Calculation of the cross-covariance between the states and the predicted

measurements

Pxyk =
1

2n

2n∑
l=1

(
χ
(l)
k − x̂−k

)(
γ
(l)
k − ŷk

)T
(3.10)

Measurement update of the state estimate (or a posteriori state esti-

mate)

Kk = Pxyk (Pyk)
−1 (3.11)

x̂+k = x̂−k +Kk (yk − ŷk) (3.12)

P+
k = P−

k −KkPykK
T
k (3.13)
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3.2.3 Bad data detection

As aforementioned, the rationale on which the stressed system indicator development

relies is that the OEL action can be traced without any knowledge of the excitation

limits or the OEL model in general. Several issues have to be taken into account;

on the one hand, especially for the case of takeover OELs, a modelling mismatch

is expected regarding the excitation system. On the other hand, dynamic state

estimation through UKF is based on measurements, and, therefore, the operators

(or researchers) have to consider which the measurable quantities are in the power

system. Thus, the OEL operation is assumed to be primarily reflected to excitation

voltage values, whose measurement is possible by PMUs released in 2006 [137,143],

and such applications have already been reported in literature [140,144].

The stressed system indicator suggested here relies on a bad data detection scheme.

Bad data detection algorithms are based on the comparison between the predicted

and the actual measurements [137, 140, 145]. The difference between the predicted

and the actual measurements (called ‘innovation’), is bounded when the system

operates as normal, meaning according to the inferred model, whereas, it exceeds

the boundary whenever there is modelling inaccuracy. The indicator utilized for

OEL action identification is the innovation ratio (λ), defined as the ratio between the

deviation of the actual from the predicted measurements and the standard deviation,

and it is described by the equation as follows [137,140,145]:

λk,i =
zk,i − ẑk,i√

Pzk,i
(3.14)

where zk,i and ẑk,i are the actual and the predicted ith measurements at the kth

time step, whereas Pzk,i is the covariance corresponding to this measurement at

this particular time step. When the system operates in accordance with the as-

sumed equations, the innovation ratio is bounded for all measurements, meaning

that |λk,i| < λmax, where λmax is a system dependent constant, denoting the inter-

val within which all innovation ratios lie. The bad data detection process relies on

whether this boundary is violated, indicating deviation from the routine conditions.

With regard to the research effort here, OEL action is assumed to be primarily re-

flected on the excitation voltage measurement of the relevant machine since the OEL

operation significantly affects Efd of the relevant machine, since there is a change

in dynamics of the excitation system.
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3.3 Case studies

3.3.1 Test System 1: 9-Bus, 3-Machine System

The stressed system conditions indicator has been tested in the context of the 9-bus

3-machine system, as described in Appendix A. A takeover type OEL has been uti-

lized, designed according to the ESS scheme. It is interesting to describe the OEL

operation; the initial field current value for Gen. 1 is assumed to be Ifd0 = 1.1p.u.

(the base value is the rated one), and the initial timer output value is -0.2. This

means that the OEL’s timer has already detected overexcitation, but it has not been

activated yet, and, therefore, the excitation system is still dictated by the AVR. Con-

sidering constant overexcitation, the initial timer output (-0.2) corresponds to 63.33

seconds of excitation system experiencing constant overexcitation, and the overexci-

tation limiter starts operating at the time instant tact = 66.67sec, which corresponds

to 3.34 seconds of the simulation in the context of this case study. Fig. 3.1 shows

the Ifd curve of Gen. 1, and, for illustration purposes, the cumulative Ifd curve,

with respect to the OEL timer allowance is depicted in Fig. 3.2. The power system

model discrete equations used within the UKF algorithm, as part of the stressed

conditions identification process, are given in Appendix B. Moreover, process noise

and measurement noise are zero mean, characterised by standard deviation equal

to 10−6 corresponding to 120 dB SNR), for all states and measurements. With all

simulations lasting for 6 seconds, and the measurement reporting rate being 120 Hz

(i.e. twice per cycle for a 60 Hz system), the innovation ratios computed for mea-

surements showing the greatest divergence from their nominal values are illustrated

in Fig. 3.3. The results validate the assumptions based on which the stressed system

conditions indicator has been built, since, the OEL operation has major impact on

excitation voltage measurements of Gen. 1, having the greatest deviation from the

normal conditions value, as pointed out by their innovation ratio.

3.3.2 Test System 2: 68-Bus, 16-Machine System

The stressed system condition indicator concept has also been applied in the context

of the modified NETS-NYPS 68-bus 16-machine system, as described in the previous

chapter. Here, a takeover type OEL has been considered, designed according to CSS

scheme. The initial conditions are similar to the ones in the previous case study,
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Figure 3.1: Ifd curve of Gen. 1 as simulated for the 9-bus 3-machine system.
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Figure 3.2: Cumulative Ifd curve of Gen. 1 with respect to OEL time curve for the
9-bus 3-machine system.
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Figure 3.3: UKF based innovation ratios for the 9-bus 3-machine system.

with the initial timer output value being equal to -0.2, as well as Ifd0 = 1.1p.u.,

and the same assumption have been made concerning the process and measurement

noise. It has to be noted that, the discrete equations characterising the generator

models with regard to the UKF algorithm, correspond to the subtransient model

used, as in [140]. The outcomes for the innovation ratios deviating the most from

their nominal values are shown in Fig. 3.4, where the effectiveness of the proposed

indicator can be clearly noticed.

3.4 Sensitivity analysis

3.4.1 Sensitivity to noise

The aforementioned case studies validate the success of the proposed OEL action

indicator. However, these studies rely on considerations according to which system

modelling approximations and integration errors are very low and, PMU measure-

ments are highly accurate, but this is not always the case in practice. The IEEE

Standard C37.118.1-2011, and its recent amendment C37.118.1a-2014 (both associ-

ated with synchrophasor measurements in power systems) point out that the basic
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Figure 3.4: UKF based innovation ratios for the 68-bus 16-machine system.

time synchronisation accuracy is 0.2 μs [36], hence, this corresponds to phase mea-

surement error of ±0.08 mrad, for a 60 Hz system. In addition, the accuracy of

the power and voltage magnitude measurements is restricted by the accuracy of the

instrument transformers [35], which in turn lie within the interval from 0.1% up to

0.3%, according to IEEE Standard C57.13-2008, related to instrument transform-

ers [146]. As far as process noise is concerned, since it is related to model integration

errors, it is assumed that it accounts for 5% of the largest state changes in one time

step, excluding cases such as faults. For instance, a similar approach is followed

in [147], and, in general, the process noise values are calculated offline.

Based on this analysis, the previous case studies have been revisited, to reflect

more realistic conditions. With this in mind, standard deviation of 10−3 (or 60 dB

SNR) has been considered as far as process noise is concerned, and 10−3 for voltage

magnitude, excitation voltage and active and reactive power measurements (or 60

dB SNR for the voltage related signals and the reactive power measurements, and 75

dB SNR for the active power measurements), whereas 10−4 (or 80 dB SNR) for phase

voltage measurements. Figs. 3.5 and 3.6 show the results for Test Systems 1 and 2,

respectively, confirming the effectiveness of the suggested indicator, since OEL action

dramatically affects the innovation ratios of the excitation voltage measurements of

the relevant machine, which is Gen. 1 in both cases.
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Figure 3.5: UKF based innovation ratios subjected to high noise for the 9-bus 3-
machine system.
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Figure 3.6: UKF based innovation ratios subjected to high noise for the 68-bus
16-machine system.
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3.4.2 Sensitivity to load variation and load modelling

inaccuracies

The stressed conditions indicator has also been assessed against load changes in the

system. For this purpose, load increase has been considered, designed as a ramp,

having a constant rate of 10 MW/min for the 9-bus 3-machine system, and 100

MW/min for the 68-bus 16-machine system. To make the case even more realistic,

synchronous machines’ governor and turbine dynamics have been incorporated in

system modelling, in order to facilitate machines’ load following. Therefore, reheat

steam turbines have been utilized for all the machines [82], the discrete equations of

which (as part of the UKF algorithm) are given in Appendix B, and their parameter

values are shown in Appendix A. Taking into account the noise related analysis

developed previously, the OEL operation identification method has been tested with

respect to the same low and high noise values as earlier. The research outcomes

concerning the 9-bus 3-machine system for low and high noise levels are depicted

in Figs 3.7 and 3.8, respectively and the ones for the 68-bus 16-machine system

are shown in Figs 3.9 and 3.10 for low and high levels of noise, respectively. The

impact of OEL operation of Gen. 1 on the innovation ratios of the excitation voltage

measurements is again evidently showcased.
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Figure 3.7: UKF based innovation ratios subjected to low noise values during load
changes for the 9-bus 3-machine system.
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Figure 3.8: UKF based innovation ratios subjected to high noise values during load
changes for the 9-bus 3-machine system.
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Figure 3.9: UKF based innovation ratios subjected to low noise values during load
changes for the 68-bus 16-machine system.
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Figure 3.10: UKF based innovation ratios subjected to high noise values during load
changes for the 68-bus 16-machine system.

Furthermore, the robustness of the suggested OEL activation detection technique

has been assessed with respect to load modelling inaccuracies in the inferred system

for estimation purposes. Hence, the previous two OEL operation cases studies have

been examined again, considering the existence of composite loads at bus 6 for

the 9-bus 3-machine system and at buses 18, 23, 33, 52 and 55 for the 68-bus

16-machine system, while, on the other hand, constant impedance load models in

these buses have been considered in the estimation model. The composite loads

have been modelled according to the way it is described in Appendix A, and their

parameter values are a = 1.5 and b = 3.2. It has to be highlighted that, as far as

the 68-bus 16-machine system is concerned, the OEL of Gen. 7 has been assumed

to be activated, because the inaccurately modelled load bus 23 is very close to this

machine, and the rationale is to test whether this influences innovation ratio of this

generator’s excitation voltage measurement. Triggering system dynamics so as for

load dynamics differences to appear, load increase has been inferred according to

the same concept as in the earlier load variation case (i.e. ramp trend), having the

same values as previously. Figs. 3.11 and 3.12 illustrate the results regarding the

9-bus 3-machine system for low and high noise levels, respectively, and Figs. 3.13

and 3.14 concerning the 68-bus 16-machine system for low and high noise levels,

respectively. The robustness of the proposed method is again validated.
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Figure 3.11: UKF based innovation ratios subjected to low noise values during load
changes considering load modelling inaccuracies for the 9-bus 3-machine system.
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Figure 3.12: UKF based innovation ratios subjected to high noise values during load
changes considering load modelling inaccuracies for the 9-bus 3-machine system.
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Figure 3.13: UKF based innovation ratios subjected to low noise values during load
changes considering load modelling inaccuracies for the 68-bus 16-machine system.
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Figure 3.14: UKF based innovation ratios subjected to high noise values during load
changes considering load modelling inaccuracies for the 68-bus 16-machine system.
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3.5 Summary

This chapter made an attempt to establish a stressed system conditions indicator.

More specifically, overexcitation limiter operation is closely related to what is re-

garded as ‘stressed conditions’, since, in such case, power system operation is less

predictable, altering the stability margin. An Unscented Kalman filtering based bad

data detection method has been used to demonstrate whether the predicted mea-

surements match the actual ones, and, therefore, anytime an overexcitation limiter

is activated, this is ‘translated’ as a mismatch between the actual and the predicted

excitation voltage measurement.

The key advantages of the suggested method are the following:

• The method does not require any knowledge of the overexcitation limiter

model, and the identification procedure is successful without the operators

being aware in advance of where and when overexcitation limiters are about

to operate.

• This detection technique is proven to be highly robust against high levels of

noise, load variation and load modelling inaccuracies in the assumed power

system model for the purpose of estimation.

The proposed stressed system conditions identification method is very practical,

and it can be used from system operators in order to detect areas of high system

stress, enhancing their perception of the system’s distance from instability. It is

important to highlight that this stressed conditions indicator is able to genuinely

identify system stress, from the viewpoint of OEL action, and to localize it, despite

the dynamic nature of the power system operation, which, occasionally, is able to

confuse operators in terms of identifying the cause of several dynamic phenomena

that might arise in modern power networks. Having being tested under realistic

operating conditions, this identification method is reliable, regardless of modelling

inaccuracies and load changes which are present in power systems.



Chapter 4

Decentralized Dynamic State

Estimation with Unknown Inputs

4.1 Theoretical framework

The previous chapters shed light on the case of overexcitation limiter operation from

the stability margin computation point of view; its negative impact on the stability

margin has been quantified and discussed, as well as a technique which serves as

OEL activation indicator has been proposed, based on dynamic state estimation.

However, although the success of the suggested identification method depends on

the mismatch between the predicted and the actual measurement, at this partic-

ular time period the dynamic state estimation results are not reliable. That is to

say, using the stressed condition identification algorithm, the operators are able to

know the reason behind the unreliable estimates, but not the estimates reflecting

the actual states during the OEL action. This is because the dynamic state esti-

mation algorithm includes the AVR dynamics, which are at times bypassed by the

OEL action, and, therefore, fails in such cases. The purpose of this chapter is to

develop a method giving accurate state estimates regardless of the device dictating

the excitation system of any generator.

Dynamic state estimation (DSE) serves as a very useful tool for operators in the

context of WAMS, enabling the computation of power system states, leading to im-

portant decisions in terms of power system control to enhance the stability status

of the system. As mentioned in the previous chapter, Kalman filtering dominates in

67
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DSE research, with EKF and UKF being widely used in relevant studies. Kalman

filtering based techniques necessitate accurate knowledge of the dynamic model of

the power network under study. Nonetheless, a full system-wide (also termed as

‘centralized’) DSE algorithm would require accurate information of the operating

status of all the devices across the system. Moreover, in such case, PMU measure-

ment data has to be gathered too, and, therefore, the assimilation and coordination

of all this information in real-time makes the application of such schemes practically

infeasible [140]. This fact paved the way for approaches which rely on DSE compu-

tations on a local basis, using less amount of information; these are the decentralized

methods [59, 140,148].

Despite the reduced complexity arising out of the decentralized Kalman filter based

DSE approaches, the application of these methods still necessitates good knowledge

of the local generator, but this is not always achievable; as demonstrated in earlier

chapters, excitation system dynamics are subjected to uncertainty from the view-

point of OEL operation, without the operator being aware of the OEL model in

action. In addition, although excitation voltage measurements are possible through

PMUs [137,143], such implementations are excitation system technology dependent,

and, for instance, this cannot be accomplished in brushless excitation systems [58].

In the context of power systems DSE research, only EKF based techniques have

been proposed, addressing these concerns, proposing EKF based DSE algorithms

for power systems with unknown inputs, termed as EKF-UI [58, 59].

This chapter attempts to establish a novel decentralized UKF based DSE technique

for power systems with unknown (or uncertain) inputs, as opposed to the decentral-

ized method proposed in [140], where all input were assumed to be known. Similar

research efforts have been reported in other fields of research, such as control sys-

tems [149,150], or health assessment of structural systems [151], where system states

and measurements were considered to be linearly related, but this is not the case

in power systems. With regard to this, the algorithm in [152] incorporates lin-

earisation and derivative-free techniques approximating the nonlinear measurement

equations, but, there, a direct relationship is inferred between the unknown inputs

and the measurement equations, which does not always reflect power system related

equations.

The rest of this chapter is organised as follows. Section 4.2 gives an overview of

EKF-UI method, whereas in Section 4.3 the method proposed here is developed and
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analysed. In Section 4.4, the decentralized synchronous generator model is described,

with all its merits with regard to the decentralization concept being outlined. Section

4.5 sheds light on the differences between the DSE technique presented here and

EKF-UI. Section 4.6 shows the research outcomes from the implementation of this

method in the context of the NETS-NYPS 68-bus 16-machine system. In Section

4.7, the proposed algorithm is tested against parameter errors in the estimation

model, as well as high levels of noise in measurements. Section 4.8 summarizes the

chapter.

4.2 Extended Kalman filtering of power systems

with unknown inputs

EKF based DSE procedure for power systems with unknown inputs is based on

Jacobian linearisation of all state and measurement equations with respect to all the

states and unknown inputs [58, 59]. Power system discrete equations are assumed

to be in the form:
xk = f (xk−1, uk−1) +Gdk−1 + wk−1

yk = h (xk, uk) + υk
(4.1)

where x and w are n-dimensional vectors of state variables and process noise, respec-

tively, d is a p-dimensional vector of unknown inputs, and y and υ arem-dimensional

vectors of measurements and measurement noise, respectively. Also, the state and

measurement functions (i.e. f and h, respectively) are assumed to be smooth. The

process and measurement noise vectors are considered to be additive, zero-mean,

and uncorrelated to each other, namely:

E[wkυ
T
k ] = E[υkw

T
k ] = 0 for all k

E[wkw
T
j ] = E[υkυ

T
j ] = 0 for k �= j

E[wkw
T
k ] = Qk

E[υkυ
T
k ] = Rk

(4.2)

Given these system equations, the EKF-UI algorithm is formulated as follows, with

‘0’ subscripts denoting initial conditions [58, 59]:
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Initialization

x̂0 = E (x0)

d̂0 = E (d0)

P u+
0 = E

[
(x0 − x̂0) (x0 − x̂0)

T
]

Pd0 = E

[(
d0 − d̂0

)(
d0 − d̂0

)T]
(4.3)

Calculation of state equation Jacobians

Fk−1 =
∂fk−1

∂xk−1

∣∣∣∣
x̂u+k−1,d̂k−2

Bk−1 =
∂fk−1

∂dk−1

∣∣∣∣
x̂u+k−1,d̂k−2

(4.4)

(A priori) State prediction

x̂u−k = f
(
x̂u+k−1, uk−1

)
+Gd̂k−1 (4.5)

A priori state error covariance calculation

P u−
k = Fk−1P

u+
k−1F

T
k−1 +Qk−1 (4.6)

Calculation of measurement equation Jacobians

Hk =
∂hk
∂xk

∣∣∣∣
x̂u−k

(4.7)

Measurement update of the state estimate and unknown input

estimation

Kk = P u−
k HT

k

[
Rk +HkP

u−
k HT

k

]−1
(4.8)

Pdk =
[
BT
k−1H

T
k R

−1
k (Ip −HkKk)HkBk−1

]−1
(4.9)
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d̂k−1 = PdkB
T
k−1H

T
k R

−1
k (Ip −HkKk)

[
yk − h

(
x̂u−k , uk

)
+HkBk−1d̂k−2

]
(4.10)

x̂u+k = x̂u−k +Kk

[
yk − h

(
x̂u−k , uk

)]
(4.11)

P u+
k = (In −KkHk)

[
P u−
k +Bk−1PdkB

T
k−1 (In −KkHk)

T
]

(4.12)

The equations (4.4) - (4.12), repeated at every time step k, constitute the EKF-UI

algorithm. The fact that there is no direct relationship between the measurement

equations and the unknown inputs is reflected on the fact that, at every time step

(k), the unknown input estimate of the previous time step (k − 1) is computed.

What can also be noticed is the employment of Jacobians and the reliance of the

unknown input estimation on its estimate at the previous time step.

4.3 Proposed algorithm

Here the dynamic state and unknown input estimation procedure is UKF based, as

similarly reported in [149, 150]. Nevertheless, the major requirement needed to be

addressed here is the fact that a linear relationship has to exist between the state

variables and the measurements, which is highly unlikely in the context of power

system modelling. To deal with this, Jacobian based linearisation could be employed,

but this case would defeat the purpose of UKF utilization on the one hand, and,

on the other hand, many background calculations would have been necessitated.

Hence, this requirement is satisfied by the use of statistical linearisation, which

does not include any computation of derivatives [153]. As in the EKF-UI, in the

algorithm demonstrated here (henceforth termed as ‘UKF-UI’), the states (xk) and

the unknown inputs (dk−1) are jointly estimated at every time step k. With the

power system being described by the same equations as in the EKF-UI case, the

UKF-UI method consists of the following steps.

4.3.1 Biased State Estimation

The starting point of estimation at every time step is the biased dynamic state

estimation, since no information is available about the unknown input of the previous

step. The concept behind the selection of the term ‘biased’ at this part of the

proposed algorithm has its roots in the definition of bias, according to which the
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expected value of the estimated variable does not match with its true value, and

this mismatch can be either constant or varying [154]. Given the form of state

equations (Eq. 4.1), ignoring the unknown input vector d in the context of estimation

would lead to an underestimated (or biased) result. The states are predicted in the

following order:

Sigma points generation

χ
(l)
k−1 =

[
x̂u+k−1 + x̃(l)

]
, l = 1, 2, ..., 2n

x̃(l) =

(√
nP u+

k−1

)
l

, l = 1, 2, ..., n

x̃(n+l) = −
(√

nP u+
k−1

)
l

, l = 1, 2, ..., n

(4.13)

where
(√

nP u+
k−1

)
l
is the lth column of the lower triangular matrix which is obtained

from the Cholesky decomposition: nP u+
k−1 =

√
nP u+

k−1

√
nP u+

k−1

T

.

Biased state prediction

χ
b(l)
k = f

(
χ
(l)
k−1, uk−1

)
(4.14)

x̂bk =
1

2n

2n∑
l=1

χ
b(l)
k (4.15)

Biased state error covariance calculation

P b
k =

1

2n

2n∑
l=1

(
χ
b(l)
k − x̂bk

)(
χ
b(l)
k − x̂bk

)T
+Qk−1 (4.16)

Biased measurement prediction

γ
b(l)
k = h

(
χ
b(l)
k , uk

)
(4.17)

ŷbk =
1

2n

2n∑
l=1

γ
b(l)
k (4.18)
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Calculation of the biased cross-covariance between the states and the

predicted measurements

P b
xyk =

1

2n

2n∑
l=1

(
χ
b(l)
k − x̂bk

)(
γ
b(l)
k − ŷbk

)T
(4.19)

4.3.2 Unknown Input Estimation

In the biased measurement prediction part, the sigma points set is instantiated

through the measurement equations. Therefore, a least squares linear regression

problem can be formulated between the collection of sigma points corresponding to

the dynamic states (χ
b(l)
k ) and the ones associated with the predicted measurements

(γ
b(l)
k ), in order to obtain a linear approximation of the nonlinear measurement

equations. This is the statistical linearisation technique [142,153], and it is described

by the equations as follows [153]:

h(xk) ≈ Hmkxk + ck + ek

Hmk = (P b
xyk)

T (P b
k)

−1

ck = ŷbk −Hmkx̂
b
k

(4.20)

where ek is a zero mean random variable. Thus, the following linear regression model

is built for the purpose of the unknown input estimation [149]:

ỹk = yk − ŷbk = HmkGdk−1 +Δk (4.21)

where
Δk = Hmk

(
f (xk−1, uk−1)− x̂bk + wk−1

)
+ υk

E(Δk) = 0

E(ΔkΔ
T
k ) = HmkP

b
kH

T
mk +Rk = R̃k

(4.22)

Hence, the unknown input vector is calculated through weighted linear regression,

giving the minimum variance unbiased estimate [155]:

d̂k−1 =
(
GTHT

mkR̃
−1
k HmkG

)−1

GTHT
mkR̃

−1
k ỹk (4.23)

It has to be noted that the effect of the measurement equations approximation

on the performance of unknown input and dynamic state estimation has not been
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examined, as this analysis is further to the scope of this thesis.

4.3.3 Unbiased State Estimation

The estimation results of the unknown inputs enable the normal UKF procedure

utilization, in order to perform the state estimation, where the formerly unknown

inputs are now regarded as known inputs. The UKF algorithm is shown below:

Unbiased (a priori) state prediction

χ
u(l)
k = f

(
χ
(l)
k−1, uk−1

)
+Gd̂k−1 (4.24)

x̂u−k =
1

2n

2n∑
l=1

χ
u(l)
k (4.25)

Unbiased a priori state error covariance calculation

P u−
k =

1

2n

2n∑
l=1

(
χ
u(l)
k − x̂u−k

)(
χ
u(l)
k − x̂u−k

)T
+Qk−1 (4.26)

Unbiased measurement prediction

γ
u(l)
k = h

(
χ
u(l)
k , uk

)
(4.27)

ŷuk =
1

2n

2n∑
l=1

γ
u(l)
k (4.28)

Unbiased predicted measurement covariance estimation

P u
yk =

1

2n

2n∑
l=1

(
γ
u(l)
k − ŷuk

)(
γ
u(l)
k − ŷuk

)T
+Rk (4.29)
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Calculation of the unbiased cross-covariance between the states and the

predicted measurements

P u
xyk =

1

2n

2n∑
l=1

(
χ
u(l)
k − x̂u−k

)(
γ
u(l)
k − ŷuk

)T
(4.30)

Measurement update of the state estimate (or a posteriori state

estimate)

Kk = P u
xyk

(
P u
yk

)−1
(4.31)

x̂u+k = x̂u−k +Kk (yk − ŷuk ) (4.32)

P u+
k = P u−

k −KkP
u
ykK

T
k (4.33)

The steps (4.13)-(4.33), repeated at every time step k, formulate the UKF-UI pro-

cess. An important prerequisite for the unknown input estimation is that:

rank(HmkG) = rank(G) = m (4.34)

This means that the number of measurement outputs (m) has to be at least equal

to the number of unknown inputs (p), and the states which are directly related to

the unknown inputs have to be viewable from the measurement equations.

4.4 Decentralized generator model

4.4.1 Model Development

The power system decentralization procedure relies on the event playback concept,

introduced in [156], according to which, in the context of state estimation, the

system can be partitioned, with some of the measurements on the ‘boundary’ of

the inferred systems to be treated as ‘pseudo-inputs’. Depending on the assumed

generator modelling detail, several generator model have been reported in literature

for estimation purposes [58,59,140,157,158]. Given the fact that the measurements

are corrupted with noise, in several studies, with regard to the measured quantities

which are used as pseudo-inputs, their associated noise covariance is taken into
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account in the context of the estimation algorithm [140,157], and this is the practice

here as well.

The UKF-UI algorithm is tested on the NETS-NYPS 68-bus 16-machine system

(the details of which are given in Appendix A), where all synchronous generators

are described by subtransient models. Assuming that the local operator has very

good knowledge of the local machine, it is rational to develop a generator model

for the estimation procedure, matching as much as possible the real local machine.

Therefore, here, the subtransient model has been utilized to characterize the syn-

chronous generator with regard to the UKF-UI method, given by the following

equations [61, 159]:

α̇ = ωb (ω − 1− fθ) (4.35)

ω̇ =
1

M
[Tm − Te −D (ω − 1)] (4.36)

Ė ′
q =

1

T ′
d0

{
Efd − E ′

q − (Xd −X ′
d) [−Id

− Kd2

X ′
d −Xls

(
ψ1d − (X ′

d −Xls) Id − E ′
q

)]}
(4.37)

Ė ′
d =

1

T ′
q0

{−E ′
d +

(
Xq −X ′

q

)
[Iq

− Kq2

X ′
q −Xls

(−ψ2q +
(
X ′
q −Xls

)
Iq − E ′

d

)]}
(4.38)

ψ̇2q =
1

T ′′
q0

[−ψ2q − E ′
d +

(
X ′
q −Xls

)
Iq
]

(4.39)

ψ̇1d =
1

T ′′
d0

[−ψ1d + E ′
q + (X ′

d −Xls) Id
]

(4.40)

Te = Kq1E
′
dId +Kd1E

′
qIq +

(
X ′′
d −X ′′

q

)
IdIq +Kd2ψ1dIq −Kq2ψ2qId (4.41)[

Id

Iq

]
=

[
Rs X ′′

q

−X ′′
d Rs

]−1 [
Kq1E

′
d −Kq2ψ2q − Vd

Kd1E
′
q +Kd2ψ1d − Vq

]
(4.42)

Vq = V cosα (4.43)

Vd = −V sinα (4.44)

V = Vy − Vυ (4.45)

fθ = fy − fυ (4.46)

This model is employed according to the principle that d-axis leads q-axis. It has to

be highlighted that here, the internal rotor angle (α), defined as α = δ − θ, is used
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as a state variable, rather than the rotor angle (δ). This reflects the decentralization

concept, on which the model development is based. More specifically, in a multi-

machine power system, all rotor angles and stator voltage phases (θ) are defined with

respect to a common reference frame, which is impossible to be known by the local

operator. Therefore, the usage of the rotor angle as a state variable would violate

the decentralization concept [157]. The definition of the internal rotor angle justifies

Eq. (4.35), characterizing its dynamics [157]. The following equation attempts to

approximate the rate of change of the stator voltage phase, which is divided here by

ωb, to obtain the p.u. value [129]:

fθk ≈ θk − θk−1

ωbT0
(4.47)

Considering that in the beginning of the simulation the system operates in steady

state, the initial internal rotor angle value is retrieved by the equation below, with

‘0’ subscripts denoting initial conditions [82]:

α0 = arctan

(
XqI0cosφ0 +RsI0sinφ0

V0 +XqI0sinφ0 −RsI0cosφ0

)
(4.48)

With regard to the method outlined in [157], the measured stator voltage magnitude

(Vy) and the measured rate of change of its phase (fy) are regarded as inputs, whereas

their associated noise terms (Vυ and fυ, respectively) are considered as part of the

augmented state vector [140]. This designates that the estimation model used here

is regarded to be driven by this measurement noise, which is denoted as ‘pseudo-

process’ noise, in accordance with the terminology used in [140]. Furthermore, it is

is clear that here, the noise coming from the measured quantities, which are used as

pseudo-inputs, is taken into consideration in the context of the estimation procedure,

in contrast with [58, 59, 158], for instance. On the other hand, the stator current

magnitude (I) and its phase with reference to the voltage phase (φI) are treated

as measurements, along with frequency (fsys), which is conceptually tied with the

generator’s rotor speed, and its p.u. value is equal to ω. The utilization of frequency

as measurement reflects the requirement of (4.34), enabling the mechanical torque

(Tm) estimation [59]. Hence, the synchronous machine model includes the following
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vectors:

xa =
[
α ω E ′

q E
′
d ψ2q ψ1d Vυ fυ

]T
(4.49)

u = [Vy fy]
T (4.50)

d = [Tm Efd]
T (4.51)

The unknown input distribution matrix is given by:

G =

[
0 T0

M
0 0 0 0 0 0

0 0 T0
T ′
d0

0 0 0 0 0

]T
(4.52)

4.4.2 Measurement variables selection

Similarly to [140,157], the stator current measured magnitude (Iy) and its measured

phase with reference to the voltage phasor (φIy) are the measurements which are

treated as system outputs, given by the equations below:

Iy =
√
I2q + I2d + υI (4.53)

φIy = α + arctan

(
Id
Iq

)
+ υφI (4.54)

and Iq, Id are given by Eq. (4.42), and υI , υφI are the measurement noise terms,

associated with Iy and φIy, respectively.

Nevertheless, the measurement variables selections procedure is associated with the

rank requirement, as expressed in Eq. (4.34). From the mathematical point of view,

this is important, because violation of this prerequisite would lead to matrix HmG

being singular, hence, not invertible, resulting in inability to estimate the unknown

inputs, based on Eq. (4.23). However, this has a practical interpretation as well.

Given matrix G, it is important for columns 2, 3 of Hm not to be columns of zeros,

as, with regard to the product HmG, this would result in columns of zeros, thus, a

singular matrix. Taking account the state variables vector xa in Eq. (4.49), columns

2, 3 of matrix Hm denote dependency on state variables ω and E ′
q, meaning that

any change of these variables is directly reflected on the measurements. Eqs. (4.53),

(4.54) show that ω is not viewable through them and, for this reason, the system
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frequency is also chosen as system measurement/output, since it is conceptually tied

to synchronous generator speed [160], and it is given by the following equation:

fsysy = ω + υf (4.55)

where υf is the associated measurement noise. The consideration of frequency mea-

surement is based on the same concept in [59] as well. Therefore, the measurement

vector is the following:

y =
[
fsysy Iy φIy

]T
(4.56)

4.4.3 Model Initialization

The initialization of the synchronous generator model is performed considering

steady state conditions. At the synchronous generator terminal bus, the PMU can

give the terminal voltage and current magnitude measurements, as well as their

phase difference [59]. As previously analysed, the lack of knowledge of the global

reference frame leads to the assumption according to which the reference frame

concurs with the terminal voltage phasor position. In other words:

V0 = V ∠0
0 (4.57)

I 0 = I∠−φ00 (4.58)

Thus, all the state variables and unknown inputs are initialized as follows, with

subscripts ‘0’ denoting initial conditions [161]:

E∠α0
q0 = V ∠0

0 + (Rs + jXq) I
∠−φ0
0 (4.59)

Id0 = −I0sin (α0 − (−φ0)) (4.60)

Iq0 = I0cos (α0 − (−φ0)) (4.61)

Vd0 = −V0sin (α0) (4.62)

Vq0 = V0cos (α0) (4.63)

Efd0 = Eq0 − (Xd −Xq) Id0 (4.64)

E ′
q0 = Efd0 + (Xd −X ′

d) Id0 (4.65)
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E ′
d0 = − (

Xq −X ′
q

)
Iq0 (4.66)

ψ2q0 = −E ′
d0 +

(
X ′
q −Xls

)
Iq0 (4.67)

ψ1d0 = E ′
q0 + (X ′

d −Xls) Id0 (4.68)

Tm0 = Te0 (4.69)

and Te0 is given by Eq. (4.41).

4.5 Differences between UKF-UI and EKF-UI

Given the establishment of EKF-UI, proposed in [59], it is important to highlight

the differences between this method and UKF-UI, developed here for power sys-

tem models with unknown inputs. The implementations of the two methods are

distinct to each other from two points of view; the estimation procedure, and the

decentralized generator model, which is incorporated in each algorithm.

To begin with, in terms of the estimation process, the two approaches differ in the

following points:

• EFK-UI requires the calculation of Jacobians for all state and measurement

equations, where the computation of derivatives can be tedious. On the other

hand, this is not necessary in the UKF-UI;

• Unknown input estimation is based on different principles; in EKF-UI, the

unknown input estimation is embedded in the Kalman filtering procedure, and

in [58,59] it can be noticed that the final equations are derived by making use of

extended state vectors, where the unknown inputs are considered as additional

states. In this context, the formula giving the unknown input values at every

time step is dependent on its value at the previous time step, and, therefore,

initial values are needed for the unknown inputs. In UKF-UI, the unknown

input calculation relies on a linear regression model, as explained earlier, which

is built based on the difference between the actual measurements and the

biased measurement value predictions, which are made without considering

the unknown inputs. In this case, there is no reliance on the unknown input

value of the previous time step;

• The EFK-UI algorithm necessitates the number of measurements to be greater
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than the number of unknown inputs [58,59], whereas in UKF-UI, the number

of measurements has to be at least equal to the number of unknown inputs,

based on the requirement associated with Eq. (4.34).

Moreover, the differences between the generator models used for the decentralized

estimation are outlined as follows:

• In EKF-UI implementations, the Heffron-Phillips model is used for decentral-

ized estimation, regardless of the genuine generator model order. Here, the

local operators are assumed to have very good knowledge of the local genera-

tor, hence the model employed for estimation purposes can match the real one

as much as possible. This results in the adoption of the subtransient model in

the context of the power system model on which the case studies are based;

• In [59], the decentralized generator model includes the rotor angle as state

variable, violating the decentralization assumption, as previously explained.

In addition, the internal rotor angle is also used, but its dynamic equation

has not been explicitly defined, and a formula corresponding to Eq. (4.48)

is given, but it is only applicable in steady state conditions. In UKF-UI, the

internal rotor angle is utilized as a state variable, as analysed earlier;

• The EKF-UI applications avoid using the measurement functions of current

magnitudes and phases, since it is claimed that they are highly nonlinear,

as well as the calculation of Jacobians is extremely complicated and time

consuming [58]. In UKF-UI, no such restrictions apply.

In the following case studies, both methods have been implemented, employing the

same generator model and measurements for both estimation procedures, so as to

enable fair comparison under the same assumptions. To achieve this, for all dynamic

state and measurement equations, the Jacobians have been computed and given in

Appendix C.

4.6 Case studies

The UKF-UI estimation procedure developed here has been applied to the NETS-

NYPS 68-bus, 16-machine system model [60], as explained in Appendix A. It is

interesting to mention that, the generators in the system model are described by an
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additional state variable (E ′
dc), which is associated with the dummy coil inference

in the q-axis, for the purpose of facilitating the simulation in the multi-machine

context [161]. However, the generator model used for the decentralized estimation

does not include this state variable. All simulations last for 10 s, and are conducted

in MATLAB/Simulink. Measurements are assumed to be obtained through PMUs,

with a reporting rate of 120 frames per second (i.e. 120 Hz), following the practice in

accordance with IEEE Standards [36,37]. Process noise and measurement noise are

considered to be characterised by standard deviation equal to 10−6 (corresponding

to 120 dB SNR). Four case studies have been examined:

• Case Study 4A: A three-phase to ground fault (i.e. short circuit) occurs at

bus 58 at the time instant t = 2 s, fault clearing is applied after 100 ms and

the line connecting buses 58 and 59 is tripped at the same time. In this case,

the effect of governors has been neglected (Ṫm = 0).

• Case Study 4B: A step increase by 1 p.u. in Tm of Gen. 5 takes place at the

time instant t = 2 s and lasts for 1 s, returning to its previous value afterwards.

• Case Study 4C: A three-phase to ground fault occurs at bus 36, close to Gen.

12. The fault occurs at the time instant t = 2 s, it is cleared after 100 ms

and the line connecting buses 34 and 36 is tripped at the same time. Here,

governors of reheat-steam type have been considered [82] for Gens. 1-12, whose

parameter values can be retrieved from Appendix A.

• Case Study 4D: The overexcitation limiter of Gen. 7 gets activated during the

simulation. The OEL considered is of takeover type, designed according to the

CSS scheme, while governor operation is also assumed, as in Case Study 4C.

Regarding case study 4A, Figs. 4.3, 4.2 show the dynamic state and unknown input

estimation results regarding Gen. 2, and Figs 4.4, 4.5 display the dynamic state and

unknown input estimation outcomes regarding Gen. 9. The rationale behind the

demonstration of the results for two machines is that the fault occurs close to Gen.

2, hence, the estimation results are illustrated for the closest generator (Gen. 2) and

for a remote one (Gen. 9). Fig. 4.1 presents the voltage profile of Gen. 2 terminal

bus, while Fig. 4.6 depicts the difference of internal rotor angles (α) and speeds

(ω) between Gens. 2 & 9; such differences are crucial in wide area monitoring [59].

Moreover, Figs. 4.7, 4.8 illustrate the dynamic state and unknown input estimation

outcomes for the case study 4B regarding Gen. 5, Figs 4.10, 4.9 show the dynamic
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state and unknown input estimation results for the case study 4C and Gen. 12, and

Figs 4.11, 4.12 depict the dynamic state and unknown input estimation results for

the case study 4D and Gen. 7. The excellent performance of the UKF-UI technique

is evidently showcased. With respect to EKF-UI, it can be observed that UKF-UI

provides more accurate results in terms of unknown input estimation, whereas, both

algorithms are highly efficient with regard to dynamic state estimation.
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Figure 4.1: Voltage of Gen. 2 terminal bus (Case Study 4A)
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Figure 4.2: Unknown input estimation of Gen. 2 (Case Study 4A)
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Figure 4.3: Dynamic state estimation of Gen. 2 (Case Study 4A)
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Figure 4.4: Dynamic state estimation of Gen. 9 (Case Study 4A)
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Figure 4.5: Unknown input estimation of Gen. 9 (Case Study 4A)
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Figure 4.6: Internal angle and speed difference between Gens. 2 & 9 (Case Study
4A)
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Figure 4.7: Dynamic state estimation of Gen. 5 (Case Study 4B)
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Figure 4.8: Unknown input estimation of Gen. 5 (Case Study 4B)
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Figure 4.9: Unknown input estimation of Gen. 12 (Case Study 4C)
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Figure 4.10: Dynamic state estimation of Gen. 12 (Case Study 4C)
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Figure 4.11: Dynamic state estimation of Gen. 7 (Case Study 4D)
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Figure 4.12: Unknown input estimation of Gen. 7 (Case Study 4D)
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4.7 Robustness assessment

4.7.1 Sensitivity to parameter errors

Given the uncertainty characterising power system operation, erroneous parameters

are likely to be present in generator models for estimation purposes, owing to reasons,

such as ageing components [4]. Hence, the robustness of the proposed algorithm has

to be tested against such conditions. For this purpose, case study 4A has been

revisited, considering 10% error in Xq and X
′
q of Gen. 2. Figs. 4.14, 4.13 show the

dynamic state and unknown input estimation results, respectively. It is observed

that in the beginning of the simulation, although the system is in steady state

operation, the state estimates are stabilized within a short time period; this due to

improper model initialization, given the erroneous data. Furthermore, small steady

state errors appear in the dynamic state estimates, whereas the unknown input

estimation results are highly accurate. Therefore, it is crucial for the operators to

have very good knowledge of the local generator parameter, in order to maximise

the level of accuracy of the estimation outcomes.
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Figure 4.13: Unknown input estimation of Gen. 2, in the presence of 10% error in
Xq and X

′
q of Gen. 2 (Case Study 4A)
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Figure 4.14: Dynamic state estimation of Gen. 2, in the presence of 10% error in
Xq and X

′
q of Gen. 2 (Case Study 4A)
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4.7.2 Sensitivity to noise

The UKF-UI method has proven to be successful, with reference to the aforemen-

tioned case studies. Nonetheless, the standard deviation characterising the process

and measurement noise had been chosen to be small, since the focus was to assess

the efficacy of the technique itself. As outlined in the previous chapter, the process

and measurement noise can be higher, and, therefore, it is important to verify the

robustness of the method against such conditions. Following the same rationale as

in the previous chapter, all the case studies considered here have been re-examined,

considering standard deviation of 10−3 regarding process noise corresponding to 60

dB SNR), 10−3 (or 60 dB SNR) for voltage and current magnitude measurements,

and 8 · 10−5 (or 82 dB SNR) concerning phase and p.u. frequency measurements.

Figs. 4.15, 4.16 show the estimation outcomes for the case study 4A and Gens. 2

& 9, respectively, Fig. 4.17 the results for the case study 4B and Gen. 5, Fig. 4.18

the results for the case study 4C and Gen. 12, and Fig. 4.19 the results for the case

study 4D and Gen. 7.
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Figure 4.15: Dynamic state estimation of Gen. 2 under high noise levels (Case Study
4A)
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Figure 4.16: Dynamic state estimation of Gen. 9 under high noise levels (Case Study
4A)
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Figure 4.17: Dynamic state estimation of Gen. 5 under high noise levels (Case Study
4B)
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Figure 4.18: Dynamic state estimation of Gen. 12 under high noise levels (Case
Study 4C)
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Figure 4.19: Dynamic state estimation of Gen. 7 under high noise levels (Case Study
4D)
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The investigation of these case studies with high levels of noise has led to highly

accurate dynamic state estimation results, but the unknown input estimates are

characterised by high variance, and this is the reason why no figures are provided

for the latter results. This can be justified by the fact that UKF-UI is formulated

in such a way that the objective function to be minimised is related to the dynamic

states only. The results show similar performance for the EKF-UI method, and it

can be noticed that EKF-UI estimates seem to be more sensitive to noise.

The research findings with respect to high levels of noise constitute the drivers

for further investigation on noise, and, more specifically, adoption of noise impact

mitigation strategies. A review on techniques dealing with high noise levels has

already been demonstrated in the introductory section of this thesis. Taking this into

account, all the previous cases have been revisited, higher reporting rate has been

considered for PMUs, along with data buffering. More specifically, the reporting

rate is assumed to be 1800 Hz, whereas the UKF-UI algorithm runs twice per cycle,

meaning that 15 measurements of every output are averaged every time that the

algorithm iterates. In addition, given the PMU’s capability for active and reactive

power measurement, as well as the way the generator model has been formulated

in the decentralized context, these two additional measurements have also been

included in the estimation procedure, targeting at increasing the estimation accuracy

through enhancing the observability of the generator conditions via these additional

measurements. The measurement equations related to the additional measurements

are given as follows:

Py = Kq1E
′
dId +Kd1E

′
qIq

+
(
X ′′
d −X ′′

q

)
IdIq +Kd2ψ1dIq −Kq2ψ2qId −

(
I2d + I2q

)
Rs + υP

(4.70)

Qy = Kq1E
′
dIq −Kq2ψ2qIq −X ′′

qI
2
q −X ′′

dI
2
d −Kd1E

′
qId −Kd2ψ1dId + υQ (4.71)

where Py and Qy are the active and reactive power, respectively, measured at the

generator’s terminal bus. The measurement vector is given below:

y =
[
fsysy Iy φIy Py Qy

]T
(4.72)

As far as the additional measurements are concerned, measurement noise with stan-

dard deviation of 10−3 has been assumed (corresponding to 75 dB SNR for active

power and 60 dB SNR for reactive power measurements). Figs. 4.20, 4.21, 4.22,
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4.23 show the results for the case study 4A regarding Gens. 2 & 9, Figs. 4.24,

4.25 for the case study 4B regarding Gen. 5, Figs. 4.26, 4.27 for the case study 4C

concerning Gen. 12, and Figs. 4.28, 4.29 for the case study 4D concerning Gen. 7.

The results are acceptable with regard to unknown input estimation, and the ones

corresponding to EKF-UI are depicted in different figures in several cases, since

they are associated with higher variance than the ones of UKF-UI, for the purpose

of easing the proper illustration of the results. It can be argued that the higher the

PMU reporting rate is, the better the estimation accuracy of the unknown inputs

is, since within the same amount of time, higher PMU reporting time would enable

the averaging of more measurements, which would reduce the effect of noise on the

computed measurement value.
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Figure 4.20: Dynamic state estimation of Gen. 2 under high noise levels, using noise
impact reduction measures (Case Study 4A)
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Figure 4.21: Unknown input estimation of Gen. 2 under high noise levels, using
noise impact reduction measures (Case Study 4A)
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Figure 4.22: Dynamic state estimation of Gen. 9 under high noise levels, using noise
impact reduction measures (Case Study 4A)
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Figure 4.23: Unknown input estimation of Gen. 9 under high noise levels, using
noise impact reduction measures (Case Study 4A)
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Figure 4.24: Dynamic state estimation of Gen. 5 under high noise levels, using noise
impact reduction measures (Case Study 4B)
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Figure 4.25: Unknown input estimation of Gen. 5 under high noise levels, using
noise impact reduction measures (Case Study 4B)
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Figure 4.26: Dynamic state estimation of Gen. 12 under high noise levels, using
noise impact reduction measures (Case Study 4C)
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Figure 4.27: Unknown input estimation of Gen. 12 under high noise levels, using
noise impact reduction measures (Case Study 4C)
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Figure 4.28: Dynamic state estimation of Gen. 7 under high noise levels, using noise
impact reduction measures (Case Study 4D)
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Figure 4.29: Unknown input estimation of Gen. 7 under high noise levels, using
noise impact reduction measures (Case Study 4D)
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4.8 Computational feasibility

In all the aforementioned cases, the both UKF-UI and EKF-UI algorithms are ex-

ecuted twice per cycle (i.e. at a frequency of 120 Hz). This means that the time

interval between two successive executions is 1/120 ≈ 8.33 ms. Therefore, it is im-

portant for both algorithms to be computed within a time frame which is lower than

8.33 ms, so as for their implementation in real time to be possible. Table 4.1 shows

the average computational speed of both algorithms for a single iteration, showing

that they are suitable for real time applications. It is also interesting to note that

EFK-UI is faster that UKF-UI; this can be justified by the fact that UKF-UI engages

more calculation steps compared to EKF-UI algorithm.

Table 4.1: Computational speed assessment

Method Average execution time for one iteration (ms)
EKF-UI 0.41
UKF-UI 0.54

4.9 Summary

This chapter made an attempt to establish a decentralized dynamic state estimation

framework for power systems with unknown inputs. This technique is based on the

Unscented Kalman filtering, where the unknown inputs are estimated through the

formulation of a weighted linear regression problem. The proposed algorithm has

also been compared to Extended Kalman filtering based approach, and has proven to

have superior performance in several cases. The advantages of the method developed

here are summarized as follows:

• The algorithm is easy to implement. No other tedious calculations are involved,

such as Jacobian based linearisation;

• The decentralization context is such that the estimation process engages a

small data set at every time step, without necessitating from the operator to

be aware of network data;

• The proposed technique tackles uncertainty in several parts of the model,

considering them as unknown inputs, leading to highly accurate estimation

results;
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• The statistical linearisation method serves as a fast and reliable means of

obtaining a linear approximation of nonlinear equations in the context of power

systems;

• The algorithm developed here has been proven to be robust against parameter

errors in the estimation models, as well as against high measurement noise

levels;

• The proposed method is suitable for real time implementation, but its exe-

cution time is greater than the one of the Extended Kalman filtering based

approach, since the algorithm developed here includes greater number of equa-

tions.

The key merit arising from the aforementioned conclusions is that the method is

highly practical, and the positive outcomes resulting from its implementation in the

context of a realistic large-scale power system model, demonstrate that the proposed

technique is able to serve as a significant tool with regard to further monitoring

enhancement for the power networks of the 21st century.



Chapter 5

Conclusions and future research

directions

This thesis has demonstrated the significant role stressed operating conditions play

in electric power systems, highlighting their negative impact on the stability margin

and proposing a dynamic state estimation technique adapted to this special case.

This research has been conducted in the context of two model power networks,

revealing constructive outcomes. The practicality of the proposed methods has

been validated, showcasing the great potential for extension of this research work.

The conclusions of this thesis, as well as the recommendations for future research

directions are outlined in the following sections.

5.1 Thesis conclusions

Given the growing complexity characterizing power system operation with the incor-

poration of new technologies in power generation, along with the limited investments

in component renewal, modern power systems tend to operate closer to their stability

margins. This reality has led to the development of novel methods of enhanced sys-

tem monitoring and control, to ensure reliable, stable and uninterruptible electricity

supply. In this context, it is important to examine the power system behaviour

under stressed operating conditions from the stability point of view, and investigate

the way system monitoring can be accommodated to conform with this situation.

The research work presented in this thesis had three main aims:

114
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• The quantification of the impact of overexcitation limiter (OEL) operation on

the system stability margin in the event of contingencies has been performed,

proving that several overexcitation limiter design technologies contribute to

system stability limit reduction;

• The establishment of a stressed system operating conditions indicator, from

the viewpoint of overexcitation limiter action, engaging an Unscented Kalman

filtering based dynamic state estimation (DSE) method;

• The formulation of a dynamic state estimation technique, complying with

cases where there are unknown or uncertain parts of a power system, so as to

address the state estimation problem when overexcitation limiters operate.

More specifically, several overexcitation limiter technologies have been proven to

lower the angle stability margin, namely those whose operation is based on the

automatic voltage regulator (AVR) bypassing, termed as takeover overexcitation

limiters. These hard limiters alter the dynamics dictating the excitation voltage,

significantly lowering at times the stability limits. On the other hand, the limiters

whose output is added as a signal to the AVR’s summing junction (called summed

type OELs) do not affect the stability margin, since they do not change the excitation

voltage dynamics to as much extent as the takeover limiters, and, therefore they are

characterised as soft limiters. The stability limit calculation has been performed

using two metrics, the critical clearing time (CCT) values and the power limits

(PLs), both validating the impact of OEL operation.

Since the OEL action has been proven to significantly alter the power system sta-

bility margin, an Unscented Kalman filtering (UKF) based DSE method has been

proposed, in order to identify the stressed operating conditions, from the viewpoint

of OEL operation. This technique relies on the mismatch between the predicted

and the actual excitation voltage measurements, which widens in the event of OEL

activation. Given its robustness against high noise levels, load variation and load

modelling inaccuracies, this algorithm is able to become a significant tool for the

identification of areas prone to stress, or the detection of generators whose excitation

systems need upgrade.

As power system stressed conditions can be associated with uncertainty with regard

to the dynamics driving the synchronous generator’s excitation system, a novel

algorithm has been developed so as for the DSE procedure to adapt to this special
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case. This method is UKF based, implemented in the context of a power system

model with unknown inputs, equipped with the capability of joint dynamic state

and unknown input estimation. This technique is dependent on measurement noise

levels, especially in terms of unknown input estimation, and, therefore, measurement

noise impact mitigation strategies have to be retrieved, when accurate unknown

input evaluation is of primary interest.

This thesis has thoroughly tackled the stability impact of stressed operating condi-

tions on the power system operation. With regard to stability margin computation

and dynamic state estimation, it is in line with current trends in present-day power

systems. The proposed dynamic state estimation framework is able to address the

challenges of stability monitoring of the 21st century, with uncertainty and stochas-

ticity significantly characterising modern power networks.

5.2 Recommendations for future work

The research work conducted in the context of this thesis sets the foundation for

dynamic state estimation of power systems under stressed operating conditions.

Despite the success of the aforementioned techniques and the encouraging results,

new challenges emerge, paving the way for further research directions, which are

outlined as follows:

5.2.1 Frequency measurement elimination from the

unknown input estimation

The effectiveness of the proposed algorithm for decentralized DSE of power system

with unknown inputs highly relies on the quality of frequency measurements, which

in turn depend on the selected PMU algorithm. However, there is still much research

going on as far as the frequency estimation is concerned, especially in transient

conditions. In addition, the results of this thesis showed that the unknown input

estimation is sensitive to measurement accuracy. For this purpose, it is interesting

to investigate the way the measurement equations, along with the unknown input

estimation procedure can be reformulated, so as to eliminate the dependence of the

estimation results on frequency measurements.
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5.2.2 Nonlinear unknown input estimation

The unknown input estimation in the UKF-UI technique developed here is based

on a linear regression model formulation. This is facilitated by the fact that, in

this research, there is a linear relationship between the assumed unknown inputs

and the dynamic states, in the state equations. Nonetheless, the method has to

be extended in such a way that it can enable evaluation of unknown inputs which

are related to the dynamic states in a nonlinear way. For instance, such research

could be found useful for ‘equivalent’ wind speed estimation in aggregate wind farm

dynamic models.

5.2.3 Measurement data assimilation and compression

In the context of the aforementioned review on PMUs and noise impact mitiga-

tion strategies, it has been highlighted that new PMU algorithms can accommodate

higher reporting rates. Therefore, it can be understood that the widespread utili-

sation of PMUs, along with the growing speed of data generation by them, creates

a new challenge which is related to dealing with large data sets within a specified

time frame. It is very interesting to design data compression techniques and assess

the way dynamic state estimation can be performed using compressed data.



Appendix A

Power system modelling

The research work conducted in the context of this thesis is based on the power

system component models, analysed as follows.

A.1 Synchronous generators

The synchronous generators form the basis of the power network structure. Two

levels of modelling detail are used here, namely the subtransient and the transient

models, the equations of which are given in the following sections.

A.1.1 Subransient model

The subtransient model captures the dynamic phenomena arising for a short period

of time immediately after a change in operating conditions. It is able to simulate

the synchronous generator operation when the armature flux is forced into the high

reluctance paths outside the rotor circuits (i.e. the damper and field windings) by

currents induced in the field and damper windings (this period is called ‘subtransient

state’) [159]. Further information can be found in [82, 129,159,161]. The equations

addressing this level of detail are the following ones.
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Swing equations

δ̇ = ωb (ω − 1) (A.1)

ω̇ =
1

M
[Tm − Te −D (ω − 1)] (A.2)

where

Te = Kq1E
′
dId +Kd1E

′
qIq +

(
X ′′
d −X ′′

q

)
IdIq +Kd2ψ1dIq −Kq2ψ2qId (A.3)

Internal voltage equations

Ė ′
q =

1

T ′
d0

{
Efd − E ′

q − (Xd −X ′
d) [−Id

− Kd2

X ′
d −Xls

(
ψ1d − (X ′

d −Xls) Id − E ′
q

)]}
(A.4)

Ė ′
d =

1

T ′
q0

[−E ′
d −

(
Xq −X ′

q

)
[−Id

− Kd2

X ′
d −Xls

(
ψ1d − (X ′

d −Xls) Id − E ′
q

)]}
(A.5)

Ė ′
dc =

1

T ′
dc

[−E ′
dc + Iq

(
X ′′
d −X ′′

q

)]
(A.6)

ψ̇2q =
1

T ′′
q0

[−ψ2q − E ′
d +

(
X ′
q −Xls

)
Iq
]

(A.7)

ψ̇1d =
1

T ′′
d0

[−ψ1d + E ′
q + (X ′

d −Xls) Id
]

(A.8)

A.1.2 Transient model

The transient model does not capture the subtransient state, but the subsequent

one (namely the transient state), when the armature flux is forced into the high

reluctance paths outside the field winding by currents induced in the field coil [159].

Additional information can be retrieved in [82,129,159,161]. As far as the equations

corresponding to this model, they can be obtained by the subtransient ones by

considering X ′
q = X ′′

q and X ′
d = X ′′

d. With the swing equations being the same as in

the subtransient model, the internal voltage equations, with regard to the transient
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model, are modified as follows.

Ė ′
q =

1

T ′
d0

[
Efd − E ′

q + (Xd −X ′
d) Id

]
(A.9)

Ė ′
d =

1

T ′
q0

[−E ′
d −

(
Xq −X ′

q

)
Iq
]

(A.10)

Ė ′
dc =

1

T ′
dc

[−E ′
dc + Iq

(
X ′
d −X ′

q

)]
(A.11)

A.2 Automatic voltage regulators - Excitation

systems

There are several designs with regard to the AVRs and excitation systems, depending

on the components involved. These are categorised as follows [82,161]:

• Static excitation systems, engaging rectifiers and transformers;

• DC excitation systems, incorporating DC generators and commutators;

• AC excitation systems, including rectifiers and alternators.

With reference to the research conducted in the context of this thesis, exciters of the

first two types have been utilised, and the equations describing them are given in the

next sections. Moreover, in several cases manual control of the excitation voltage has

been considered, corresponding to the case when no exciter dynamics are regarded,

and the excitation voltage has a constant value throughout the simulation.

A.2.1 DC exciters

Here, the IEEE DC1A and DC4B exciters have been utilized. The equations char-

acterising DC4B exciter are the following ones [60].

Ėfd =
1

TE

[
VA − (

KEEfd + EfdAexe
BexEfd

)]
(A.12)

V̇A =
1

TA
(KAVPID − VA) (A.13)

VPID =

[
Vref + VSS − Vr − KF

TF
(Efd − VF )

] [
Kp +

Ki

s
+

sKd

sTd + 1

]
(A.14)
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V̇F =
1

TF
(Efd − VF ) (A.15)

V̇r =
1

Tr
(V − Vr) (A.16)

where Efdmin ≤ VA ≤ Efdmax, and Efdmin/KA ≤ VPID ≤ Efdmax/KA.

The DC1A exciters used in this research are also described by the above equations,

neglecting the PID control equations, along with the voltage transducer dynamics

(i.e. Eq. A.16) [13].

A.2.2 Static exciters

The IEEE ST1A exciters have also been used, based on the equation below [60]:

Ėfd =
1

TE
[−Efd +KA (Vref + VSS − Vt)] (A.17)

where Efdmin ≤ Efd ≤ Efdmax.

A.3 Power system stabilizers

The power system stabilizers (PSSs) are given by the following equation [60]:

VSS = Kpss
sTw

(1 + sTw)

(1 + sT11)

(1 + sT12)

(1 + sT21)

(1 + sT22)

(1 + sT31)

(1 + sT32)
Sm (A.18)

A.4 Governors

In cases when governors have been considered, reheat steam governors have been

utilised, based on the equation below [82]:

Tm =
(1 + sFHPTRH)

(1 + sTCH) (1 + sTRH)

1

(1 + sTG)

(
Lref − 1

Rgov

Sm

)
(A.19)
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A.5 Loads

The general equations describing composite load models considered here is the fol-

lowing one [82]:

PL = PL0

(
V

V0

)a

QL = QL0

(
V

V0

)b (A.20)

where V0, PL0 and QL0 correspond to the initial conditions. Constant impedance

loads correspond to the special case when a = b = 2.

A.6 Power system models

In the context of this thesis, two power system models have been utilised to im-

plement the concepts developed here. The systems are described in the following

sections.

A.6.1 9-Bus, 3-Machine System

This small system, shown in Fig. A.1, has been preferred owing to its simplicity. It

has been used in accordance with the description in [13], whereas it can also be found

in [129]. In this model, all synchronous generators are represented by their transient

models, whereas they are equipped with exciters of DC1A type. However, in several

cases, these exciters are replaced by static exciters, to accommodate several OEL

types. In addition, in some case studies, governors have also been considered. The

data corresponding to the additional devices considered in this system model are

given in Table A.1.

Table A.1: OELs, Static Exciters & Governors data for the 9-bus 3-machine system

OELs:
S1 = 1 K1 = −4 K2 = 0.1 Kr = −1 L1 = −4 Tx = 10s
Ifdlim = 1.04 Ifd0 = 1.06

Static AVRs:
KA = 200 TE = 0.01s

Governors:
Rgov = 0.05 TG = 0.2s FHP = 0.3 TRH = 7s TCH = 0.3s
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Figure A.1: 9-bus, 3-machine system

A.6.2 68-Bus, 16-Machine System

The 68-bus 16-machine system used here corresponds to New England - New York

power systems (NETS-NYPS), connected to additional three geographical areas, as

illustrated in Fig. A.2 [60]. Therefore, Gens. 13, 14, 15 and 16 are equivalent

generators, with high values of inertia, assumed to operate under manual control.

In all other generators, the exciters considered are of DC4B type, apart from Gen.

9, where a static exciter has been used. All synchronous generators are modelled

in accordance with the subtransient model. In cases when OELs and governors are

used, the same models and data as in the previous test system have been utilised.

As far as the cases when all generators are equipped with static exciters, or com-

posite load models have been considered for stability limit calculation reasons, the

associated data are depicted in Table A.2.

Table A.2: Static Exciters & Loads data for the 68-bus 16-machine system

Static AVRs:
KA = 10 TE = 0.01s
Composite Load cases:
a = 1.3, b = 3.1 for load buses: 18, 21, 24, 29, 41, 42, 53, 61, 68
a = 1.5, b = 3.2 for load buses: 17, 25, 26, 28, 33, 36
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Figure A.2: NETS-NYPS 68-bus, 16-machine system



Appendix B

Discrete DAEs for synchronous

generator’s transient model

The discrete form of DAEs for the transient model of a synchronous generator are

shown below:

δi(k + 1) = δi(k) + T0ωb(ωi(k)− 1) (B.1)

ωi(k + 1) = ωi(k) + (T0/(Mi))(Tmi(k)− Tei(k)−Di(ωi(k)− 1)) (B.2)

E ′
qi(k + 1) = E ′

qi(k) + (T0/T
′
d0i)[Efdi(k)− E ′

qi + (Xdi −X ′
di)Idi] (B.3)

E ′
di(k + 1) = E ′

di(k) + (T0/T
′
q0i)[−E ′

di − (Xqi −X ′
qi)Iqi] (B.4)

E ′
dci(k + 1) = E ′

dci(k) + (T0/T
′
ci)[−E ′

dci − (X ′
qi −X ′

di)Iqi] (B.5)

where Tei(k), Idi(k) and Iqi(k) are algebraic functions of E ′
di(k), E

′
qi, Vi(k), θi(k) and

δi(k), and are given by:

Tei(k) = E ′
di(k)Idi(k) + E ′

qi(k)Iqi(k) + (X ′
di −X ′

qi)Idi(k)Iqi(k) (B.6)

X ′
diIdi(k)−RsiIqi(k) + E ′

qi(k)− Vi(k)cos(θi(k)− δi(k)) = 0 (B.7)

X ′
qiIqi(k) +RsiIdi(k)− E ′

di(k)− Vi(k)sin(θi(k)− δi(k)) = 0 (B.8)

and i = 1, 2, ..., Ng.

The discrete DAEs for the static exciter based AVRs are given as follows:

Efdi(k + 1) = Efdi(k) + (T0/TEi)[KAi(Vrefi − Vi(k))− Efdi(k)] (B.9)
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where i = 1, 2, ..., Ng.

The discrete equations representing the coupling between the generator units and

the network are shown below:

(Iqi(k) + jIdi(k))e
jδi(k) = Y i(k)V (k) (B.10)

where Y i(k) is the i
th row of Y (k), and i = 1, 2, ..., Ng.

(PLi(k)− jQLi(k)) + Vi(k)e
−jθi(k)(Y i(k)V (k)) = 0 (B.11)

where Y i(k) is the i
th row of Y (k), and i = (Ng + 1), (Ng + 2), ..., N.

The discrete equations of the governors of reheat-steam type are given below:

xgovi(k + 1) = xgovi(k) + (T0/TGi)[Lrefi − (1/Rgovi)(ωi(k)− 1)− xgovi(k)] (B.12)

xtbi(k + 1) = xtbi(k) + (T0/TCHi)[xgovi(k)− xtbi(k)] (B.13)

xrhi(k + 1) = xrhi(k) + (T0/TRHi)[xtbi(k)− xrhi(k)] (B.14)

Tmi(k) = (1− FHPi)xrhi(k) + FHPixtbi(k) (B.15)

where i = 1, 2, ..., Ng.
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Jacobians Formulation for EKF-UI

Several intermediate derivatives are given first, since they are used in the Jacobian

coefficients computation:

dIq
dα

=
V

R2
s +X ′′

qX
′′
d

(X ′′
dcosα +Rssinα) (C.1)

dId
dα

=
V

R2
s +X ′′

qX
′′
d

(
Rscosα−X ′′

qsinα
)

(C.2)

dIq
dE ′

q

=
Rs

R2
s +X ′′

qX
′′
d

Kd1 (C.3)

dId
dE ′

q

=
−X ′′

q

R2
s +X ′′

qX
′′
d

Kd1 (C.4)

dIq
dE ′

d

=
X ′′
d

R2
s +X ′′

qX
′′
d

Kq1 (C.5)

dId
dE ′

d

=
Rs

R2
s +X ′′

qX
′′
d

Kq1 (C.6)

dIq
dψ2q

=
−X ′′

d

R2
s +X ′′

qX
′′
d

Kq2 (C.7)

dId
dψ2q

=
−Rs

R2
s +X ′′

qX
′′
d

Kq2 (C.8)

dIq
dψ1d

=
Rs

R2
s +X ′′

qX
′′
d

Kd2 (C.9)

dId
dψ1d

=
−X ′′

q

R2
s +X ′′

qX
′′
d

Kd2 (C.10)

Utilizing the derivatives listed above, the non-zero Jacobian coefficients, associated
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with all dynamic state and measurement equations are shown as follows:

F11 =
∂fα
∂α

= 1 (C.11)

F12 =
∂fα
∂ω

= T0ωb (C.12)

F21 =
∂fω
∂α

= −T0
M

[
dIq
dα

(
Kd1E

′
q +

(
X ′′
d −X ′′

q

)
Id

+Kd2ψ1d) +
dId
dα

(
Kq1E

′
d +

(
X ′′
d −X ′′

q

)
Iq −Kq2ψ2q

)]
(C.13)

F22 =
∂fω
∂ω

= 1− T0
M
D (C.14)

F23 =
∂fω
∂E ′

q

= −T0
M

[
dIq
dE ′

q

(
Kd1E

′
q +

(
X ′′
d −X ′′

q

)
Id

+Kd2ψ1d) +
dId
dE ′

q

(
Kq1E

′
d +

(
X ′′
d −X ′′

q

)
Iq −Kq2ψ2q

)−Kq2Iq

] (C.15)

F24 =
∂fω
∂E ′

d

= −T0
M

[
dIq
dE ′

d

(
Kd1E

′
q +

(
X ′′
d −X ′′

q

)
Id

+Kd2ψ1d) +
dId
dE ′

d

(
Kq1E

′
d +

(
X ′′
d −X ′′

q

)
Iq −Kq2ψ2q

)−Kq2Id

] (C.16)

F25 =
∂fω
∂ψ2q

= −T0
M

[
dIq
dψ2q

(
Kd1E

′
q +

(
X ′′
d −X ′′

q

)
Id

+Kd2ψ1d) +
dId
dψ2q

(
Kq1E

′
d +

(
X ′′
d −X ′′

q

)
Iq −Kq2ψ2q

)−Kq2Id

] (C.17)

F26 =
∂fω
∂ψ1d

= −T0
M

[
dIq
dψ1d

(
Kd1E

′
q +

(
X ′′
d −X ′′

q

)
Id

+Kd2ψ1d) +
dId
dψ1d

(
Kq1E

′
d +

(
X ′′
d −X ′′

q

)
Iq −Kq2ψ2q

)−Kd2Iq

] (C.18)

F31 =
∂fE′

q

∂α
= − T0

T ′
d0

dId
dα

(Xd −X ′
d) (−1 +Kd2) (C.19)

F33 =
∂fE′

q

∂E ′
q

= 1 +
T0
T ′
d0

{−1

− (Xd −X ′
d)

[
dId
dE ′

q

+
Kd2

X ′
d −Xls

(
(X ′

d −Xls)
dId
dE ′

q

+ 1

)]} (C.20)

F34 =
∂fE′

q

∂E ′
d

= − T0
T ′
d0

dId
dE ′

d

(Xd −X ′
d) (−1 +Kd2) (C.21)

F35 =
∂fE′

q

∂ψ2q

= − T0
T ′
d0

dId
dψ2q

(Xd −X ′
d) (−1 +Kd2) (C.22)

F36 =
∂fE′

q

∂ψ1d

= − T0
T ′
d0

{− (Xd

−X ′
d)

[
− dId
dψ1d

− Kd2

X ′
d −Xls

(
− (X ′

d −Xls)
dId
dψ1d

+ 1

)]} (C.23)
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F41 =
∂fE′

d

∂α
=

T0
T ′
q0

dIq
dα

(
Xq −X ′

q

)
(1−Kq2) (C.24)

F43 =
∂fE′

d

∂E ′
q

=
T0
T ′
q0

dIq
dE ′

q

(
Xq −X ′

q

)
(1−Kq2) (C.25)

F44 =
∂fE′

d

∂E ′
d

= 1 +
T0
T ′
q0

{−1

+
(
Xq −X ′

q

) [ dIq
dE ′

d

− Kq2

X ′
q −Xls

((
X ′
q −Xls

) dIq
dE ′

d

− 1

)]} (C.26)

F45 =
∂fE′

d

∂ψ2q

=
T0
T ′
q0

{(Xq

−X ′
q

) [ dIq
dψ2q

− Kq2

X ′
q −Xls

((
X ′
q −Xls

) dIq
dψ2q

− 1

)]} (C.27)

F46 =
∂fE′

d

∂ψ1d

=
T0
T ′
q0

dIq
dψ1d

(
Xq −X ′

q

)
(1−Kq2) (C.28)

F51 =
∂fψ2q

∂α
=

T0
T ′′
q0

(
X ′
q −Xls

) dIq
dα

(C.29)

F53 =
∂fψ2q

∂E ′
q

=
T0
T ′′
q0

(
X ′
q −Xls

) dIq
dE ′

q

(C.30)

F54 =
∂fψ2q

∂E ′
d

=
T0
T ′′
q0

[
−1 +

(
X ′
q −Xls

) dIq
dE ′

d

]
(C.31)

F55 =
∂fψ2q

∂ψ2q

= 1 +
T0
T ′′
q0

[
−1 +

(
X ′
q −Xls

) dIq
dψ2q

]
(C.32)

F56 =
∂fψ2q

∂ψ1d

=
T0
T ′′
q0

(
X ′
q −Xls

) dIq
dψ1d

(C.33)

F61 =
∂fψ1d

∂α
=

T0
T ′′
d0

(X ′
d −Xls)

dId
dα

(C.34)

F63 =
∂fψ1d

∂E ′
q

=
T0
T ′′
d0

[
1 + (X ′

d −Xls)
dId
dE ′q

]
(C.35)

F64 =
∂fψ1d

∂E ′
d

=
T0
T ′′
d0

(X ′
d −Xls)

dId
dE ′

d

(C.36)

F65 =
∂fψ1d

∂ψ2q

=
T0
T ′′
d0

(X ′
d −Xls)

dId
dψ2q

(C.37)

F66 =
∂fψ1d

∂ψ1d

= 1 +
T0
T ′′
d0

[
−1 + (X ′

d −Xls)
dId
dψ1d

]
(C.38)

H12 =
∂hfsys
∂ω

= 1 (C.39)

H21 =
∂hI
∂α

=
1√

I2q + I2d

(
Iq
dIq
dα

+ Id
dId
dα

)
(C.40)

H23 =
∂hI
∂E ′

q

=
1√

I2q + I2d

(
Iq
dIq
dE ′

q

+ Id
dId
dE ′

q

)
(C.41)
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H24 =
∂hI
∂E ′

d

=
1√

I2q + I2d

(
Iq
dIq
dE ′

d

+ Id
dId
dE ′

d

)
(C.42)

H25 =
∂hI
∂ψ2q

=
1√

I2q + I2d

(
Iq
dIq
dψ2q

+ Id
dId
dψ2q

)
(C.43)

H26 =
∂hI
∂ψ1d

=
1√

I2q + I2d

(
Iq
dIq
dψ1d

+ Id
dId
dψ1d

)
(C.44)

H31 =
∂hφI
∂α

= 1 +
1(

Id
Iq

)2

+ 1

(
1

Iq

dId
dα

− Id
I2q

dIq
dα

)
(C.45)

H33 =
∂hφI
∂E ′

q

=
1(

Id
Iq

)2

+ 1

(
1

Iq

dId
dE ′

q

− Id
I2q

dIq
dE ′

q

)
(C.46)

H34 =
∂hφI
∂E ′

d

=
1(

Id
Iq

)2

+ 1

(
1

Iq

dId
dE ′

d

− Id
I2q

dIq
dE ′

d

)
(C.47)

H35 =
∂hφI
∂ψ2q

=
1(

Id
Iq

)2

+ 1

(
1

Iq

dId
dψ2q
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