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DYNAMIC SECURITY ENHANCEMENT OF POWER SYSTEMS VIA
POPULATION BASED OPTIMIZATION METHODS INTEGRATED WITH
ARTIFICIAL NEURAL NETWORKS

SUMMARY

Increasing consumption of electricity, penetration of renewable energy sources into
electric power systems, uncertainties caused by the nature of these sources,
enforcements of economics and energy markets, bring various and unplanned power
flow patterns, which represents different and more stressed conditions than planned
operating conditions of power systems. These new power flow patterns and their
increasing diversity should be redesigned, to satisfy an acceptable security level for
power systems. When a power system is operated under stressed conditions that are
close to security limits, the system can be vulnerable from disturbances
(contingencies), which can cause loss of synchronism and cascading blackouts.
Therefore, online monitoring of dynamic security of the system becomes an
important task for detecting an insecure current operating condition and applying
proper control actions to regain the ability of the system to withstand contingencies
such as faults, or sudden loss of any system component.

Electric power is extremely important for economy and daily life. Safe and
sustainable operation of power systems requires fast and accurate dynamic security
assessment methods. Accurate methods with mathematical background exist for
determining angular instability in power systems. Time-domain-simulation is the
most straightforward method that directly shows the behavior of the system
dynamics in time domain. However, dynamic model of power system involves linear
and nonlinear equations that include large number of continuous and discrete state
variables. When time domain simulations are applied for the stability analysis, the
calculations required for recursively solving nonlinear differential equations of the
system model over thousands of time steps, require significant time for the
occurrence of one critical contingency. This drawback reduces the practicability of
using time domain simulations. Although, direct methods based on energy function
assess the stability of the system without solving differential equations, they involve
modeling limitations for large-scale power systems, which make them impractical.
Probabilistic methods are considered as a suitable method for system planning due to
their detailed considerations and computation requirements.

Measurable features of power systems can be associated with the stability of the
system through machine learning methods. This study suggests using data collected
from different buses of the system and processing these measurements by designed
fast and accurate artificial neural networks to assess the dynamic security of the
current operating point of the system. Several, recent studies suggest using machine
learning methods for dynamic security assessment. Nevertheless, it is still a
challenging task for large sized power systems. Large sized systems involve large
number of critical contingency, which increase the computational complexity. In
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addition, large set of various system topologies and wide range of loading conditions
should be taken into account by the designed security assessment tool.

After the detection of insecure current operating point, system operator should apply
control actions to move the system to a secure operating point, where the system can
withstand contingencies. Objective of security enhancement is preventing the system
from undesired situations, and avoiding large blackouts. Generally, security
enhancement is categorized into two sub-categories such as preventive control and
corrective control.

The objective of preventive control is successfully preventing the power system from
losing its stability against uncertain disturbances (contingencies). In this thesis,
applications of generation rescheduling and load curtailment preventive control
actions for enhancing the dynamic security of the power system are studied.
Generation rescheduling is a useful preventive control action to restore and enhance
the system security by shifting the generation among controllable generators.
System operator can monitor the generation and demand of electric power. When an
insecure operating point is detected, the system operator can request from available
loads to curtail their electric power demand. This load curtailment action can
collaborate with generation rescheduling and a proper adjustment of these preventive
control actions can change the power flow patterns within the network. Then, power
system can move to a secure operating point so that the stability of the system is
preserved despite of the occurrence of a critical contingency.

If preventive control actions cannot move the system to a secure point for any critical
contingency, or the cost of preventive control is considered as high, power system
can be armed by corrective control actions, which are ready to be applied in case of
occurrence of any contingency. In this thesis, load shedding method is studied as a
corrective control action to regain the stability of the system if preventive control
action cannot be applied and protect the system against critical contingencies.
Although both load shedding and load curtailment methods decrease the electrical
power consumption in the related load buses, they are different methods by means of
their application schedules, magnitudes and costs. As different from load curtailment
method, load shedding is a fast switching operation that applied after the occurrence
of contingency, and the amount of load to be shed is relatively larger than
curtailment, since the maximum amount of load to be curtailed is based on the
amount of available loads in the selected load buses.

Dynamic security assessment and enhancement is under the responsibility of system
operator. The complexity of the large sized power systems does not let the system
operators to determine a proper control action, immediately. In addition, deregulation
of power systems, integrates many participants into the market, and control actions
designed for security enhancement, are generally contrary to the market-based
strategies of participants. In other words, enhancing the system security brings a cost.
Although, system operator may find a proper control action to enhance the system
security, generally, the operator may not determine a cost effective control action,
immediately. To overcome that problem, dynamic security enhancement can be
considered as a constrained optimization problem to minimize the costs of required
control actions.

Due to the size of the real power systems, mentioned optimization problem involves
multi-dimensional search space with many continuous and discrete control variables,
many local optimum solutions and large number of equality and inequality
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constraints. In addition, constraints related with dynamic security of the system are
highly nonlinear and too complex to be defined mathematically. Therefore,
conventional optimization methods may not converge to a satisfactory solution for
dynamic security enhancement. This study suggests using evolutionary algorithms to
solve mentioned optimization problem. In addition, previously suggested artificial
neural networks based dynamic security assessment methodology is integrated into
the optimization process for estimating the violations of security based system
constraints for candidate solutions. This integration can enable optimization methods
to find a proper and cost effective solution for control actions within an acceptable
time. Since the mentioned optimization problem involves too many constraints due
to the size of the power systems, optimization methods should use constraint-
handling methods. This study suggests applying an adaptive penalization technique
to infeasible candidate solutions during the optimization. Adaptive penalization
reduces the parameter adjustment process of static penalty function, which requires
considerable effort and significantly affects the result of optimization.

The main objective of this study is to research the applications of heuristic,
population based optimization methods and their collaboration with artificial neural
networks to develop a fast and powerful methodology to assess and enhance dynamic
security of power systems.

Different artificial neural networks are designed for dynamic security assessment,
which are considered as both regression and classification problems. In regression
approach, designed multi-layer perceptron neural networks estimates defined security
indexes such as critical clearing time and minimum oscillatory damping value for
each operating point. In classification approach, designed probabilistic neural
network classify operating points as secure or insecure.

Proposed artificial neural networks are designed to capture various topological
changes in the system according to N-1 criterion and different loading conditions.
For monitoring of a power system where all system parameters continuously change,
ability of capturing topological and loading level changes is mandatory. In addition,
artificial neural networks with that ability can directly be used during the
optimization to enhance the security of insecure initial operating point with any
topology and loading condition.

Designed artificial neural networks process the data collected from different buses of
the system. To increase the accuracy of the artificial neural networks, feature
selection process is applied to all measurements. In addition, the feature set is
enriched with an additional index that involves relevant information about the
stability of the system such as inertia constants of synchronous generators, which
cannot be obtained from measurements.

The proposed methodology for dynamic security enhancement involves both
preventive and corrective control strategies with mixture of various control actions
such as generation rescheduling, load curtailment and load shedding. For the
designed control strategies, various optimization methods such as genetic algorithms,
differential evolution, particle swarm optimization, artificial bee colony, big bang-
big crunch and mean variance mapping optimization are used.

This study proposes artificial neural networks based dynamic security assessment
methodology to estimate the security based constraint violations of candidate
solution during the optimization of control actions. This will speed up the
optimization, reduce the required time to find a cost-effective control action for
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enhancing the security of the system to an acceptable security level and increase the
online applicability of proposed methodology. During the latter iterations of
optimization, search methods tend to converge to an operating point near security
boundary. To prevent the misdetection of an insecure operating point, artificial
neural networks based dynamic security assessment tools are trained by using the
training data that is enriched around the security boundary.

Proposed dynamic security assessment and enhancement methods are demonstrated
on the 16-generator, 68-bus system, 17-generator, 163-bus lowa system and on the
IEEE 50-generator, 145-bus system. The results of the studies are represented in
Sections 4,5 and 6.
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YAPAY SiNiR AGLARININ ENTEGRE EDILDiGi POPULASYON
TABANLI OPTIMIiZASYON YONTEMLERIYLE GUC SiISTEMLERININ
DINAMIK GUVENLIGININ IYILESTIRILMESI

OZET

Elektrik enerjisi tiiketimindeki artisa ragmen, gic sistemlerinin cografi sebeplerle
ayn1 oranda genisleyememesi, sisteme entegre edilen ve iliretim orani giin gectikce
artan yenilenebilir enerji kaynaklarinin dogasi geregi sahip oldugu belirsizlikler,
enerji piyasasinin ve ekonomiklik kriterlerinin getirdigi kisitlamalar sebebiyle,
gunimuz elektrik gug sistemleri tasarim ve planlama asamasinda 6ngoriilen gii¢ akisi
senaryolarindan farkli ve stres edilmis bircok yeni noktada galismaktadir. Bu yeni
calisma noktalarmin, sistemin kabul edilebilir giivenlik sinirlarini ihlal etmeyecek
sekilde yeniden planlanmasi gerekmektedir. Elektrik gli¢ sistemi, giivenlik sinirlarina
yakin, stress edilmis bir ¢alisma noktasinda iken, senkron generatdrlerin senkronizma
kaybina sebep olabilecek ve sistemin biiylik bir boliimiinii devre dis1 birakabilecek
bazi bozucu etkilere kars1 sistem savunmasiz durumda olabilir. Bu sebeple, sistemin
dinamik giivenliginin takibi ve giivensiz bir ¢alisma noktasinin tespiti aninda dogru
kontrol yontemleri uygulanarak, sistemin bozucu etkilerle basedebilecegi giivenli bir
caligma noktasina hizli bir sekilde getirilmesi, ginimiz gi¢ sistemleri i¢in oldukga
onemlidir.

Elektrik enerjisi, gilinlik yasam ve Ulke ekonomisi igin hayati éneme sahiptir.
Elektrik gili¢ sistemlerinin siirekli ve giivenli ¢alismasi, dinamik giivenlik analizinin
hizli ve dogru olarak yapilabilmesini gerektirir. Matematiksel altyapiya sahip
yontemler, bu tez calismasinda ele alinan kararlilik smifi olan agisal kararliligin
belirlenmesinde, kesin ve dogru sonuglar vermektedir. Zaman domeni
simiilasyonlari, bir bozucuya maruz kalmis sistemin dinamik davranisini en agik
sekilde gosteren yontemdir. Gii¢ sistemlerinin dinamik modelleri, oldukca fazla
sayida siirekli ve siireksiz degisken iceren, dogrusal ve dogrusal olmayan birgok
cebirsel ve diferansiyel esitlikten olusur. Zaman domeni simiilasyonlarinin en bilyik
dezavantaji, oldukca fazla sayidaki diferansiyel denklemlerin, binlerce zaman
adiminda ¢6zlilmesi i¢in ihtiya¢ duyulan iglem giicii ve zamandir. Bu islemin, gii¢
sisteminin boyutuna bagli olarak artan bozucu etkiler i¢in ayr1 ayri tekrarlanacak
olmas1 da, zaman domeni simiilasyonlarinin uygulanabilirligini giiclestirmektedir. Bu
yontemden farkli olarak, diferansiyel denklem takimlarinin ¢6ziime ihtiyag
duymayan, enerji fonksiyonlara dayali direkt yontemler ve sistem kararliligini bir
olasilik degerine bagli olarak tanimlayan olasiliksal yontemler de, modelleme
kisitlamalar1 ve islem yiikleri sebebiyle biiyiik gii¢ sistemlerinin genellikle planlama
agsamasinda tercih edilirler.

Gilig sistemindeki bara gerilimlerinin genlikleri, agilari, hatlar tizerinden iletilen aktif
ve reaktif gl¢ miktarlar1 gibi degerler ile sistemin agisal kararliligi, makina
Ogrenmesi tabanli yontemler ile iliskilendirebilir. Son yillarda bu dogrultuda yapilan
arastirmalar mevcuttur. Biiylik boyutlu giic sistemlerinde meydana gelebilecek
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onemli bozucu etkilerin sayisi, ariza veya bakim gibi nedenlerle sistemin
calisabilecegi farkli topolojilerin sayisi, sistemdeki tiiketicilerin farkli tiikketim
karakteristiklerinden kaynaklanan genis araliktaki yiiklenme durumlari, sistemin ¢ok
cesitli calisma noktalarinda calismasina sebep olur. Gii¢ sistemlerinin bu genis
yelpazedeki calisma kosullar1 dikkate alindiginda, makina Ogrenmesi tabanh
yontemlerin, gili¢ sisteminin giivenlik ve kararlilik analizi amaciyla kullanilmasi
halen ilgi cekici ve zorlu bir konudur. Tasarlanan yéntemin guc sistemlerine iliskin
cok farkli ¢aligma noktalarinda da kesin sonuglar vermesi gerekmektedir. Bu tez
calismasimin bir boliimiinde, makina 6grenmesi tabanli yontemlerden olan ¢esitli
yapay sinir aglart yontemleri kullanilarak, gii¢ sisteminin acisal kararliligi, bahsi
gecen farkli ¢alisma kosullarinda dahi hizli ve kesin bir sekilde belirlenmeye
calisilmgtir.

Gli¢ sistemi operatorleri, sistemin giivensiz bir ¢alisma noktasinda bulundugunu
tespit ettikten sonra, sistemi giivenli bir ¢calisma noktasina getirmekle yiikiimlidiirler.
Sistemin dinamik gilivenligini iyilestirmenin amaci, istenmeyen bozucularin
etkilerinden sistemi korumaktir. Genellikle, sistem gilivenliginin iyilestirilmesi,
onleyici ve dizeltici kontrol uygulamalari ile gergeklestirilir.

Onleyici kontrol uygulamalari, sistem istenmeyen bir bozucuya maruz kalmadan
uygulanarak, sistemin kararliligin1 kaybetmesine engel olan uygulamalardir. Bu
calismada, liretimin yeniden diizenlenmesi ve yiik kisitlamas1 yontemlerine dayali bir
onleyici kontrol uygulamasi ile gili¢ sisteminin dinamik giivenligi iyilestirilmeye
calistimistir.  Uretimin yeniden diizenlenmesi, kontrol edilebilen generatdrlerin
sisteme enjekte ettigi elektriksel giicin, belirli kisitlar altinda yeniden
dizenlenmesine dayanir. Sistem operatorii, bazi generatOrlerin iiretim degerlerini
onleyici kontrol amaciyla yeniden diizenleyebildigi gibi, sistemdeki baz1 yiiklerin de
tiketim degerleri igin, yine belirli sirlar igerisinde bir duzenleme yapabilir.
Boylece, sistem operatorii 6nemli bozucu etkilerin meydana geldigi bolgeleri de
diistinerek, 6nemli iletim hatlar tizerindeki gii¢ akisini belli oranda degistirebilir ve
olas1 bozucularin etkilerine kars1 sistemi koruyabilir.

Bazi durumlarda, onleyici kontrol uygulamalariyla sistemi giivenli bir ¢alisma
noktasina tasimak miimkiin olmayabilir. Bu gibi durumlarda gii¢ sistemleri, her bir
bozucu i¢in dnceden belirlenmis diizeltici kontrol uygulamalariyla donatilmis halde
calismaya devam edebilir. Istenmeyen bir bozucu olay meydana geldikten gok kisa
bir siire sonra, bu bozucu olay i¢in 6nceden planlanmis diizeltici kontrol uygulamasi
devreye girerek sistem kararliligi korunmus olur. Bu ¢alismada, yiik atimi diizeltici
kontrol uygulamasiyla, giic sisteminin olasi bozuculara maruz kaldiktan sonra
kararliligin1 koruyabilmesi saglanmistir.

Gili¢ sisteminin dinamik giivenliginin analizi ve iyilestirilmesi, gii¢ sistemi
operatoriiniin - sorumlulugundadir. Giintimiizde, bir c¢ok Glkenin ulusal gic
sistemininin dretim, iletim ve dagitim hizmetlerini hem devlete bagh kurumlar, hem
de 6zel sirketler saglamaktadir. Giivenlik iyilestirici kontrol uygulamalari genellikle,
enerji piyasasindaki bu kurumlarin bir kisminin stratejileri ile zit yonde olabilir.
Baska bir deyisle, sistemi giivenli bir ¢alisma noktasina tagimanin, siStem
operatdriine bir maaliyeti olacaktir. Giiniimiiz biiyilk boyutlu gii¢c sistemlerinin
karmasik yapisi, sistemi kabul edilebilir bir maaliyetle giivenli bir ¢alisma noktasina
goturecek bir ¢Oziimii kisa slirede hesaplama imkanini sistem operatorlerine
tanimayabilir. Bu calismada, dinamik giivenlik 1iyilestirmesi problemi, kontrol
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uygulamalarinin maaliyetini eniyilemeyi amaclayan, ¢ok kisitli bir optimizasyon
problemi olarak tanimlanmustir.

Gergek gii¢ sistemlerinin boyutlar1 sebebiyle, bahsi gegen optimizasyon problemi,
stirekli ve ayrik parametrelerden olusan, ¢ok boyutlu bir arama uzayna sahip, yerel
en iyi ¢6ziimlerin bulundugu, ¢ok sayida esitlik ve esitsizlik kisitlamalarina sahip bir
problemdir. Ayrica, dinamik giivenlige iliskin, dogrusal olmayan kisitlar,
matematiksel olarak kolayca ifade edilmek i¢in fazla karmasiktir. Bu sebeplerden
otirti, geleneksel optimizasyon yoOntemleri, her baglangic noktasi ic¢in, dinamik
giivenligi iyilestirici ve diisiik maaliyetli bir sonuca yakinsayamayabilir. Bu
caligmada, bahsi gegen optimizasyon probleminin ¢6zimud igin  evrimsel
algoritmalarin kullanimi Onerilmistir. Ayrica, optimizasyon sirasinda iiretilen aday
coziimlerin dinamik giivenlik kisitlarini ihlal edip etmedigini tespit etmek amaciyla,
yapay sinir aglart tabanli araglar optimizasyon yontemine entegre edilerek,
optimizasyon siireci hizlandirilmistir. Gii¢ sisteminin boyutlarina bagli olarak,
problemin igerdigi yiiksek miktardaki kisitlar sebebiyle, bu calismada adaptif
cezalandirmaya dayali kisit ele alma yontemi kullanilmistir. Bu yontem,
optimizasyon esnasinda kisitlar1 ihlal eden c¢oziimlere uygulayacagi ceza
fonksiyonunu, diger ¢ozliimlerin kisit ihlallerine bagli olarak tayin ederek,
optimizasyon yonteminin kisa silirede, kisitlar1 ihlal etmeyen ¢6ziim uzayina
ulagmasini amaglamaktadir.

Bu c¢alismanin ana amaci, populasyon tabanli, sezgisel optimizasyon yontemleri ve
yapay sinir aglariin beraber kullanimina dayali, hizli ve giiglii bir dinamik giivenlik
degerlendirmesi ve iyilestirmesi yontemi olusturmaktir. Dinamik giivenlik
degerlendirmesi, birer regresyon ve simiflandirma problemi olarak ayri ayr ele
alinmistir. Regresyon probleminde, tasarlanan ¢ok tabanli algilayici yapay sinir agi,
tanimli kararlilik endekslerini tahmin ederek sistem giivenligini belirler. Her bir
bozucuya (3 faz-toprak kisa devre) iliskin gegici hal kararliligr i¢in endeks degeri,
bozucuyu temizleyen kesicilere ait kritik agma zamamdir. Kiiciik isaret kararlilig:
icin endeks degeri ise, kritik moda iliskin minimum salimim degeri olarak
tanimlanmistir. Siniflandirma probleminde ise, olasiliksal yapay sinir aglari ile her
bir ¢calisma noktasi giivenli ve giivensiz olarak siniflandirilmaya ¢aligilmistir.

Calismada, yapay sinir aglari, sistem topolojisindeki degisimleri (N-1 kriterine gore)
ve farkli yiikklenme durumlarini algilayabilecek sekilde tasarlanmistir. Tasarlanan
yapay sinir aglarinin performanslarin1 artirmak amaciyla, gii¢ sisteminden toplanan
Olclimler, Oznitelik se¢cim yoOntemleri ile islenmistir. Kararlilik indeksleriyle
baglantili olan degerler, yapay sinir aglarinin egitimi ve uygulamasinda
kullanilmistir. Calismada ayrica, sistemden toplanan dl¢iimlerde bulunmayan ancak
sistemin agisal kararliligr ile yakinda iliskili olan, generatdrlerin atalet sabitlerini
iceren bir degisken tanimlanmis ve bu degiskenin Onemi, Oznitelik se¢imi
sonuglariyla incelenmistir.

Dinamik gilivenligi iyilestirmek icin Onerilen Onleyici ve diizeltici kontrol
uygulamalarini igeren metodoloji, iiretimin yeniden diizenlenmesi, yiik kisitlamas1 ve
yiilk atimi yontemlerinin koordineli bir sekilde uygulanmasini saglamaktadir.
Tasarlanan kontrol uygulamalarinin optimizasyonunda, genetik algoritmalar (GA),
diferansiyel evrim (DE), pargacik siirli optimizasyonu (PSO), yapay ar1 kolonisi
(ABC), buyuk patlama-biiyiik ¢okiis (BB-BC) optimizasyonu, ortalama varyans
esleme optimizasyonu (MVMO) gibi popiilasyon tabanli yontemler kullanilmistir.

XXV



Optimizasyon sirasinda iiretilen ¢oziimlerin dinamik giivenlik kisitlarina iliskin
ihlalleri, hesap yuku fazla olan zaman domen simulasyonlar1 yerine, yapay sinir
aglar1 ile elde edilmistir. Boylece, guc sistemini kabul edilebilir bir maaliyetle
giivenli bir ¢calisma noktasina tasiyacak kontrol uygulamasi parametrelerini bulmasi
icin, optimizasyon yonteminin ihtiyag duyacagi siireyi azaltarak, tim metodolojinin
uygulanabilirligi artirilmaya calisilmistir. Dinamik giivenlik degerlendirmesi ve
iyilestirmesi amaciyla Onerilen yontemler, 16-generatér, 68-bara guc sistemi, 17-
generator, 173-bara lowa gi¢ sistemi ve 50-generator, 145-bara IEEE gl¢ sistemi
modellerine uygulanmis ve elde edilen sonuclar 4, 5 ve 6. bolimlerde agiklanmstir.
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1. INTRODUCTION

1.1 Motivation

Increasing consumption of electricity, penetration of renewable energy sources into
power systems, uncertainties caused by the nature of these sources, enforcements of
economics and energy markets, bring various and unplanned power flow patterns,
which represents different and more stressed conditions than planned operating
conditions of power systems [1]. These new power flow patterns and their increasing
diversity should be redesigned, to satisfy an acceptable security level for power
system. When a power system is operated under stressed conditions that are close to
security limits, the system may be vulnerable to disturbances (contingencies), which
can cause loss of synchronism and cascading blackouts [2]. Monitoring of dynamic
security of the system becomes an important task for detecting an insecure current
operating condition and applying proper control actions to regain the ability of the
system to withstand contingencies such as faults, or sudden loss of any system

component.

Electric power is extremely important for economy and daily life. Safe and
sustainable operation of power systems requires fast and accurate dynamic security
assessment (DSA) methods. Accurate methods with mathematical background exist
for determining angular instability in power systems, which is the main stability
concern in this study. Time-domain-simulation (TDS) is the most straightforward
method that directly shows the behavior of the system dynamics in time domain, but
this method requires intensive computation effort, which reduces the practicability.
Although, direct methods based on energy function assess the stability of the system
without solving differential equations, they involve modeling limitations for large-
scale power systems which make them impractical [3]. Probabilistic methods are
considered as suitable for system planning due to their detailed considerations and
computation requirements [4]. This study suggests using measurement collected

from different parts of the system and processing them by fast and accurate Acrtificial



Neural Networks (ANNSs) to assess the dynamic security of the current operating
point (OP) of the system. Several, recent studies suggest using computational
intelligence methods for online DSA [5-11]. Nevertheless, it is still a challenging
task for large sized power systems. Large sized systems involve a large number of
critical contingencies, which increase the computational complexity. On the other
hand, large set of various system topologies and wide range of loading conditions
should be taken into account by the designed security assessment tool. In addition,
considering mentioned variety of contingencies, topologies and loading conditions
may requires significant number of features. Designed DSA tool should give
satisfactory results by using available features.

After the detection of insecure current OP, system operator should apply control
actions to move the system to a secure OP, where the system can withstand
contingencies. DSA and dynamic security enhancement (DSE) is under the
responsibility of system operator. The complexity of the large sized power systems
does not let system operators to decide a proper control action immediately. In
addition, deregulation of power system integrates many participants into the market,
and control actions designed for security enhancement are generally contrary to the
market-based strategies of participants. Therefore, enhancing the system security
brings a cost. Although, system operator may find a proper control action to enhance
the system security, generally, the operator may not determine a cost effective
control action, immediately. Therefore, DSE can be considered as a constrained

optimization problem to minimize the costs of applied control actions.

Due to the size of the real power systems, mentioned optimization problem involves
multi-dimensional search space with many continuous and discrete control variables,
many local optimum solutions and large number of equality and inequality
constraints. In addition, some constraints related with dynamic security of the system
are highly nonlinear and too complex to be defined mathematically. Conventional
optimization methods may not converge to a satisfactory solution for DSE. This
study suggests using evolutionary algorithms (EAs) to solve mentioned real time
optimization problem. In addition, previously suggested ANN based DSA
methodology is integrated into the optimization process for estimating the security

based system constraints for candidate solutions. This integration can enable



optimization methods to find a proper and cost effective solution for control actions
within an acceptable time [12]. Since the mentioned optimization problem involves
too many constraints due to the size of the power systems, optimization methods
should use constraint handling methods. This study suggests applying adaptive
penalization technique to infeasible candidate solution during the optimization.
Adaptive penalization reduces the parameter adjustment process of static penalty
function, which requires considerable effort and dramatically affects the result of

optimization [13].

1.2 Objectives and Contributions

According to the motivation mentioned above, the main objective of this study is to
research the applications of heuristic optimization methods and their collaboration
with artificial neural networks to develop a fast and powerful methodology to assess
and enhance dynamic security of power systems. Specific objectives and
contributions are briefly explained below:

- Dynamic security assessment: Different ANNs are designed for DSA tasks, which
are considered as both regression and classification problems. In regression
approach, designed multi-layer perceptron neural networks [14] estimates defined
security indexes such as critical clearing time and minimum oscillatory damping
value for each OP. In classification approach, designed probabilistic neural networks

[15] classify OPs as secure or insecure.

- Considering changes in system topology and loading condition: Proposed ANNSs
are designed to capture various topological changes in the system according to N-1
criterion and different loading conditions. For online monitoring of a power system
where all system parameters continuously change, ability of capturing topological
and loading level changes is mandatory. In addition, ANNs with that ability can
directly be used during the optimization to enhance the security of insecure initial OP

with any topology and loading condition.

- Requirement of important features for DSA: Designed ANNSs process the data
collected from different buses of the system. ANNSs should use the available data and

make accurate estimation for DSA. To increase the accuracy of the ANNSs, feature



selection process is applied to large sized data. In addition, study proposes an
additional indices that involves relevant information about the stability of the system,

which cannot be obtained from measurements.

- Optimization of control actions for DSE via heuristic optimization methods: The
proposed methodology for DSE involves both preventive and corrective control
strategies with mixture of various control actions such as generation rescheduling,
load curtailment and load shedding. For the designed control strategies, various
optimization methods such as Genetic Algorithms (GAs) [14], Differential Evolution
(DE) [15], Particle Swarm Optimization (PSO) [16], Artificial Bee Colony (ABC)
[17], Big Bang-Big Crunch (BB-BC) [18] and Mean Variance Mapping Optimization
(MVMO) [19] are used. With this study, ABC, BB-BC, MVMO are used for the first

time to solve mentioned optimization problem.

- Improving the optimization of control actions: This study uses the same ANN based
DSA methodology to estimate the security based constraint violations of candidate
solution during the optimization of control actions. This will speed up the
optimization, reduce the required time to find a cost-effective control action for
enhancing the security of the system to an acceptable level and increase the online
applicability of proposed methodology. During the latter iterations of optimization,
search methods tend to converge to an OP near security boundary. To prevent the
misdetection of an insecure OP, ANN based DSA tools are trained by training data

that is enriched around the security boundary.

1.3 Organization

Section 2 introduces the concept of power system stability and security. Definitions
of these terms and a general classification of power system stability are given.
Additionally, factors that may cause different types of instabilities, methods for
analyzing the stability and security of power systems and possible control strategies
to enhance the system security are briefly explained in this section.

Section 3 represents various ANN structures and population based heuristic
optimization methods, which are used for DSA and DSE tasks in this study,

respectively. In addition, penalization based adaptive constraint handling technique



which is used for feasible solutions during the optimization is explained in this

section.

During the doctoral studies, methodologies proposed for DSA and DSE have been
enhanced, updated and applied to various test systems. To make this thesis more
understandable, Section 4 and 5 introduce the final methodology proposed for DSA
and DSE respectively. In Section 4, the design of ANN based DSA framework is
explained. The methodology involves selection of critical contingencies, creation of
knowledge base by considering different contingencies, system topologies and
loading levels, feature selection process, determining best ANN structures and
training process of ANN. Finally, the performances of designed ANNs on DSA are

presented.

Section 5 introduces a preventive control strategy that combines both generation
rescheduling and load curtailment approaches. In addition, the optimization problem
related with the mentioned preventive control strategy is introduced by the means of
control variables, objective function, constraints and penalty functions. In the end of
Section 5, detailed results for the application of various population based

optimization methods to solve the defined optimization problem is given.

Section 6 represents the previous methodologies proposed to assess and enhance the
dynamic security of power systems. Although, there are similarities between final
methodology and previous ones, there are also noticeable differences. In this section,
classification based DSA is considered. Design and enhancement processes of
employed PNN structure for DSA of various power systems are explained. In
addition to preventive control, load shedding is introduced as a corrective control
strategy in this section. Optimization procedure for control actions with various
objective functions is explained. This section also introduce time domain simulation
based DSA which is also used for the optimization of both preventive and corrective
control actions solved by various population based optimization methods and also
one conventional optimization method. Section 6 ends with the investigation of
proposed optimizaiton methods’s robustness to the uncertainties in the loading
conditions. Finally, Section 7 concludes the thesis with discussion of obtained results

and possible future research directions.






2. DYNAMIC SECURITY OF THE POWER SYSTEM

2.1 Power System Stability and Security

Power system stability and security are the most frequently used terms in this study.
Therefore, exact definitions of these terms, conceptual relationship between them
and their essential differences should be explained.

CIGRE Study Committee 38 and the IEEE Power System Dynamic Performance
Committee, define the power system stability, as “the ability of an electric power
system, for a given initial operating condition, to regain a state of operating
equilibrium after being subjected to a physical disturbance, with most system

variables bounded so that practically the entire system remains intact” [22].

Same committees define power system security as the ability of the power system to
withstand sudden disturbances (contingencies) [22]. Alternative definition for power
system security is “satisfying a set of inequality constraints over a subset of the
possible disturbances called the next contingency set [23]. The disturbances
mentioned here could be short circuits, load changes or unexpected loss of any power

system components.

As seen from the definitions, power system stability refers to the persistence of
unharmed operation of the system after subjected to a contingency (disturbance).
Stability depends on the condition of initial operating point (OP) and the severity of
the contingency. On the other hand, power system security refers to the risk level in
systems capability to stand against credible disturbances without any failure on user
service. Security term relates to robustness of the system against credible
disturbances, it also depends on the condition of initial OP and the severity of the

contingency, as power system stability.

Security of the system is different from stability from the point of consequence of

instability. Let’s assume that two OPs of a power system are both stable and their



stability margins are also equal, but the first point can be more secure than the
second point because the consequences of instability for the second point can be

more critical [24].

Although power system stability is a single problem, it is complex and multi-
dimensional problem. Therefore, different forms of instabilities related with power
systems may not be fully understood and analyzed without simplifying and
specifying the problem. Stability analysis which involves identifying the main
parameters causes instability and contriving techniques to improve the stability, is
eased by classification of power system stability into specific types [24]. Figure 2.1
identifies the categories and subcategories of power system stability problem.

I Power System Stabilityl

IVoltagc Stabilityl |Frequency Stabilityl I Rotor Angle Stability I
1

[ 1 | |
Small-Disturbance ||Large-Disturbance] Small-Disturbance Large-Disturbance

Voltage Stability || Voltage Stability Rotor Angle Stability| [Rotor Angle Stability

Short Term Long Term Short Term
— —
Short Term Long Term

Figure 2.1 : Classification of power system stability [24].

As seen from Figure 2.1, power system stability is classified into their subcategories
such that rotor angle stability, frequency stability and voltage stability.

Voltage stability can be described as the system’s ability to resume steady state
values of all bus voltages between an acceptable bandwidth after the occurrence of
any disturbance. Voltage stability problem can be caused by large or small
disturbances, and they are called large disturbance voltage stability and small

disturbance voltage stability, respectively [22].

Voltage stability phenomenon can also be short term or long term. Fast acting
devices such as, induction machines, power electronic devices, HVDC etc. can
causes voltage fluctuations as short-term phenomenon in the range between 10 and
20 seconds. Overloading of transmission lines, operation of generators near the limits

of reactive power generation, slow changing loads etc. cause long term voltage



instabilities which are investigated between one and several minutes. Unlike angle
stability, voltage stability is related with the balance on the generation and
consumption of the reactive power, since angle stability is generally related with the

balance of active power [25].

Frequency stability is the ability of the system to continue steady frequency after the
occurrence of a large disturbance between electric power consumption and
generation [22]. It is based on the system’s ability to restore a balance between
consumption and generation with minimum interruption of load. Frequency
instability can causes continuous frequency fluctuations that lead to disconnection
loads or generation units from the system.

Large disturbances cause large deviations of frequency, voltage, power flow and
other variables of the system. Protection and control actions are different than
classical voltage and angle stability studies. Generally, instability problems are
related with inadequate reserve of generation, insufficient device responses, bad

coordination of protection and control devices [26].

Frequency stability can be investigated over a wide range time interval between a
few seconds and several minutes, so frequency stability is also considered as short-
term or long-term phenomenon, like voltage stability. Inadequacy of under frequency
load shedding, in the case of under generated island operation can be an example of
short-term frequency instability, where frequency quickly decays and leads to island
blackouts only in a few seconds [26]. Differently, long-term frequency instability
problem is caused by speed controllers of steam turbines, boiler control and
protection devices, and for that phenomenon, period can goes up to several minutes
[27].

Rotor angle stability based security assessment and enhancement is the main interest

of this study, and the next section explained angle stability in detail.

2.2 Rotor Angle Stability

Angle stability is defined as the ability of synchronous generators in the power
system to remain in synchronism after the occurrence of a disturbance [24]. Angle

stability is based on the ability to restore balance between mechanical torque and



electromagnetic torque of each generator. Angle instability can be observed when
angle swings of a group of generators increases and this leads synchronism loss with

other ones.

In steady-state situation, there is a balance between the input (mechanical) and output
(electromagnetic) torques of each synchronous generator. When a disturbance
occurs, this balance breaks down and rotor of the generators starts to accelerate or

decelerate, with respect to the laws of motion.

If one synchronous generator runs relatively faster than other one, rotor angle
position of fast generator will advance with respect to the slower generator. Thus,
this angle difference leads a load transfer from slow generator to fast generator, with
respect to the highly nonlinear power angle relationship. This action tries to decrease
the angle separation and speed difference. Above an angle difference limit, which is
90 degrees, increase in angle separation causes decrease of power transfer, thus,
angle separation increases more. This leads to angle instability that observed if
Kinetic energy related with the rotor speed difference couldn’t be absorbed by the
system. Loss of synchronism can be observed between groups of generators or
between one generator and the rest of the system. The angle stability is separated into
two subcategories, such as large disturbance angle stability, and small disturbance
angle stability. All types of rotor angle stability are considered as short-term

phenomenon [22].
2.2.1 Large disturbance angle stability

Large disturbance stability (transient stability) is described as the ability of
synchronous machines to remain in synchronism after the system is subjected to a
large transient disturbance. It depends on severity of the disturbance and initial OP
[23]. Large disturbances can be faults, switching of large loads, large generators
tripping etc. In transient stability studies, generally, disturbances are considered as
three-phase-to-ground, phase-to-ground or phase-to-phase-to-ground faults that are
assumed to occur on transmission lines. Proper circuit breakers open to clear the fault

and isolate the related transmission line from the rest of the system.

Insufficient synchronizing torque is not the only cause of instability by usually it

leads to instability as an aperiodic separation of rotor angles (first swing instability).
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If large disturbances occur, they cause big changes on the rotor angle deviations.
These deviations cannot be estimated by a linear representation like in small
disturbance stability situation. Therefore, time domain of interest is carried out for
large and small disturbance stability. Period of interest for large disturbance stability

Is usually up to 10 seconds [24].
2.2.2 Small disturbance angle stability

Small disturbance angle stability (small signal stability) is the ability of synchronous
machines to remain in synchronism after the occurrence of small disturbance.
Disturbances are assumed very small, so, linearization of system equations can be

tolerated for small signal stability (SSS) analysis.

Small disturbance stability is based on the initial OP of the system. Instability is
caused by both insufficient synchronizing torque and insufficient damping torque. In
today's power systems, voltage regulators of generators eliminate effects of
insufficient synchronizing torque, and small disturbance stability problem is

generally caused by insufficient damping torque [22].

Instability problems can be global or local. Interactions between groups of generators
cause global stability problems. In global problems, oscillations of a generator group
in one-area swings against another generator group in another area. Characteristics of
these “inter-area mode oscillations” are complex and differ from “local plant mode
oscillations”. Local plant mode oscillations can be described as oscillations of a
single plant against all system. Damping of that kind of oscillations is based on the
power of the excitation control system of generators, power plant and its output [22].

Period of interest for small signal stability is between 10 and 20 seconds.

2.3 Dynamic Security Assessment

Security assessment determines the vulnerability of the power system considering
probable disturbances. After the occurrence of a disturbance, moving into a new
operating condition with satisfying all physical constraints is mandatory for the
power system security. In addition, the power system should survive the transition to

these new operating conditions. These mentioned criteria for the system security
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emphasizes two cases of security analysis such as static security analysis and
dynamic security analysis.

Static security analysis involves steady-state analysis of pre-disturbance and post-
disturbance system state to confirm that system continue to meet the demand and
operating conditions are violated. Pre-disturbance system state is related with the
availability of transfer capability of lines and identification of congestion. On the
other hand, post-disturbance state is related with the limits of transferred power flow

and bus voltages.

Dynamic security analysis involves examining previously mentioned categories of
system stability. It measures the ability of the system to withstand severe
disturbances and moves into an acceptable steady state condition. Dynamic security
analysis is always performed to determine if the level of security decreased under a

acceptable safety level and to apply appropriate control action.

Since rotor angle instabilities have greater impacts on the continuity of power system
operation, this study deals with rotor angle stability related DSA and enhancement.
Therefore, dynamic security analysis term in this study only involves examining

large and small disturbance angle stability.
2.3.1 Large disturbance angle stability assessment

There are various approaches for large disturbance angle (transient) stability
assessment, such as time domain simulations, direct methods, probabilistic methods,

and machine learning methods.

Time-domain-simulation (TDS) is the most straightforward method for transient
stability assessment. TDS directly shows the behavior of the system dynamics in
time domain. Then, these behaviors are used to compute a stability index for
transient stability assessment. Method can deal with detailed system model to
enhance the accuracy of the stability assessment, but also increases the
computational burden, which is the main drawback of the method. Thousands of
nonlinear, algebraic and differential equations are solved to determine the stability

for each severe contingency. This process requires intensive computation effort and
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TDS cannot be used for online applications by considering today’s microprocessor

technology.

Direct methods assess the stability of the system without solving differential
equations. Methods employ special form of Lyapunov function, which is called
transient energy function [3]. Between the occurrence and clearance time of a
disturbance, kinetic energy starts to accumulate in power systems. Energy function is
used to calculate the critical kinetic energy for the system, which is the maximum
amount of energy that can be absorbed by the components of the system. If
accumulated energy becomes larger than critical kinetic energy before the clearance
of the disturbance, the system is considered as unstable [3]. Although, direct methods
avoid the time consuming calculation, they are considered as impractical, because of

modeling limitation for large-scale power systems.

Probabilistic methods, determine the probability distributions for the stability of the
system. Probability of the stability can be defined as the probability that the system
remains stable when considered disturbance occur [4]. Method considers, large
number of faults at various locations with various clearing time. These detailed

considerations make the method suitable only for power system planning purposes.

Selected (or measured) features of the power system can also be associated with
system's stability through machine learning methods. In recent years, machine
learning methods such as neural networks, decision trees, support vector machines
have been successfully applied for security assessment of the power systems [5-11].
Machine learning methods also need an offline training process via properly
generated data involves adequate number of different examples of system behavior.
These methods tradeoff between the accuracy of the assessment and required
computation time. They are not as accurate as TDS, but their implementation is much
faster than TDS. Enhancing the accuracy and decreasing the offline training process,

increases the applicability of machine learning methods for online applications [12].
2.3.2 Small disturbance angle stability assessment

To determine the small disturbance angle (small signal) stability, three main methods

can be used, such as modal analysis, TDS and identification methods.
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Modal analysis is a common method to analyze the oscillatory modes in the system.
When the amplitude of the disturbance is quite small, post disturbance response of
models of system components can be considered as linear. This linear behavior eases
the analysis of oscillations, such that, the system model, which involves nonlinear
equations, can be linearized around steady state OP. Then, modal analysis is easily
applied to a linear system model and oscillations are characterized in an accurate way
[28].

Identification methods are also used for analyzing the oscillatory modes. Methods
use recorded signals, which are measured and collected by measurement units or
TDS [29]. Methods obtain and use the parameters of modulated electric signals to

determine the small signal stability [30].

In addition, TDS can be used to assess the small signal stability. TDS can be
preferred for small sized test system, but it is obvious that the used of TDS to analyze
the oscillations caused by a small disturbance in large power systems is very time
consuming because of the same reasons explained in transient stability assessment.
In addition, larger systems may involve inter-area oscillations with similar

frequencies and it is not easy to separate them by using TDS [28].

2.4 Dynamic Security Enhancement

Objective of security enhancement is preventing the system from undesired
situations, and avoiding large blackouts. Generally, security enhancement is

categorized into two sub-categories such as preventive control and corrective control.
2.4.1 Preventive control

The objective of preventive control is successfully preventing the network from
losing its stability against uncertain disturbances (critical contingencies). These are
generally open loop control actions such as generation rescheduling, load
curtailment, reactive power control, high-speed excitation. System state is known,

but disturbances are considered as uncertain in preventive control [31].

In this thesis, applications of generation rescheduling and load curtailment preventive

control actions for enhancing the dynamic security of the power system are studied.
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Generation rescheduling is a useful preventive control action to restore and enhance
the system security by shifting the generation among controllable generators [32].
System operator can monitor (real time) the generation and demand of electric
power. When insecure OP is detected, the system operator can request from some
smart loads to curtail their electric power demand [33]. This load curtailment action
can integrated with generation rescheduling and a proper adjustment of these
preventive control actions changes the power flow patterns within the network. Then,
power system moves to a secure OP so that the stability of the system is preserved

despite the occurrence of a critical contingency.
2.4.2 Corrective control

If preventive control actions cannot move the system to a secure OP for any critical
contingency, or the cost of preventive control is considered as high, power system
can be armed by corrective control actions, which are ready to be applied in case of

occurrence of any contingency.

As different from preventive control, the disturbance has already occurred in
corrective control. The objective of the corrective control is minimizing the effects of
occurred disturbance on the dynamics of the system and regaining the large
disturbance angle stability of the system. In corrective control, disturbances are

known, but system state is uncertain [31].

In this thesis, load shedding method is studied as a corrective control action to regain
the stability of the system if preventive control action cannot be applied and protect
the system against critical contingencies [9]. Although both load shedding and load
curtailment methods decrease the electrical power consumption in the related load
buses, they are different methods by means of their application schedules,
magnitudes and costs. As different from load curtailment method, load shedding is a
fast switching operation that applied after the occurrence of contingency, and the
amount of load to be shed is relatively larger than curtailment, since the maximum
amount of load to be curtailed is based on the amount of intelligent loads in the

selected load buses.
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3. METHODS FOR SECURITY ASSESSMENT AND ENHANCEMENT

3.1 Introduction

Dynamic model of power system involves linear and nonlinear equations that include
a huge number of continuous and discrete state variables. When time domain
simulations are used for transient stability analysis, the calculations required for
recursively solving nonlinear differential equations of the system model over
thousands of time steps, can take significant amount of time even for the occurrence
of one critical contingency. These requirements make time domain simulation
impracticable for real time applications. Similar problem is valid for small signal

stability assessment of real power system models with thousands of buses.

Artificial Neural Networks, is one of the computational intelligence method that have
shown promising results for many power system applications. To enhance the
practicability of online monitoring of power system dynamics by dealing high

computational burden, ANN based DSA methodology is proposed.

After the assessment of an insecure state for the current OP of the system, preventive
control actions should be taken, otherwise some generators may lose their
synchronism and the system can be drifted to instability after the occurrence of a
critical contingency. In this study, while the studied preventive control actions move
the power system to a new OP at which the system’s security is regained, the
proposed method also involves an optimization procedure that offers minimization of
determined objective function. In other words, proposed preventive and corrective
control actions are considered as constrained, multi-dimensional optimization
problem, with both continuous and discrete variables. In real, large sized power
systems, the size of the control variable vector (dimension of the search space),
number of equality and inequality constraints, nonlinearity of constraints related with
dynamic behavior of the system, force us to use alternative methods to conventional

optimization methods.
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In this chapter, brief summary for the applied artificial neural networks structures

and population based optimization methods in this study is given.

3.2 Artificial Neural Networks For Dynamic Security Assessment

In last two decades, ANN have been used for various power system applications and
have been shown satisfactory performance. Various ANN topologies have been
developed, and these topologies can be grouped as feed forward and recurrent neural
networks. The signal can just flow in one (forward) direction, in feed forward neural
networks. Most recent feed forward type neural networks are, Single Layer
Perceptron Neural Network [34], Multilayer Perceptron Neural Network (MLP) [14],
Probabilistic Network [35], Radial Basis Function Network [36], General Regression
Network [37], Self-Organizing Feature Map [38], Learning Vector Quantization
Network [39], Adaline and Madaline [40]. On the other hand, the signal can also
flow in the backward or the lateral direction in recurrent neural networks. A few of
the neural network architectures explained by Haykin [41], as well as some more
recent ones are listed as follows. Hopfield Network [42], Echo state network [43],
Elman Network and Jordan Network [44], Adaptive Resonance Theory Network [45]
and Bi-Directional Associative Memory Network [46] can be considered as the most

recent examples for recurrent neural networks.

In this thesis, DSA problem is considered as both a regression and a classification
task. A stability index value can be estimated in the regression task, or it can be used
as a threshold to define secure and insecure classes, then the problem is transformed

to a classification task.
3.2.1 Multilayer perceptron neural networks

The structure of a MLP involves a system of interconnected neurons (nodes). As
shown in Figure 3.1, the neuron connections are weighted by parameters w. The
direction of the signal flow is forward, since MLPs are feed forward neural networks.
Output of all neurons in the layer x are scaled by the related connection weights then
fed forward for the input of neurons in the layer y. Output of a particular neuron in
layer y is the function of the sum of the input signals of the neuron (3.1). These

functions are simple formed transfer functions which are also called activation
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functions. Some widely used activation functions are hyperbolic tangent, logistic
sigmoid, linear and ramp. As an example, hyperbolic tangent activation function is
given in (3.2), and details about various activation functions can be found in [41]. If
all transfer functions used in the structure were linear, MLP could only approximate
linear functions. Super positioned of nonlinear activation functions, enables the
approximation of extreme non-linear functions. Study in [41] proves that, if a layer
with enough nonlinear neurons is followed by a layer consisting of linear neurons,
this MLP structure becomes a universal function approximator that can approximate

any nonlinear, smooth function, including dynamic behavior of power system.

Single output of layery

Activation
Function

Single neuron
of layery

Whn

i
Output of layer x
X1i Xoi - Xni P y

Figure 3.1 : Structure of single unit of MLP.

out(x;) = f (X1 xwji + XoiWo;) (3.1)
fa) =2 (3.2)

The number of neurons in the input layer is equal to the number of input features
used. Number of neurons in the output layer depends on how many target values to
be estimated by MLP. The number of hidden layers and size of the hidden layers
(number of neuron in each layer) are based on the complicacy of the function to be

approximated. Generally, MLP structures have one or more hidden layers.

The training process is used to find suitable weights and bias values of MLP for
establishing the relation between output and inputs. MLPs are generally uses back-
propagation training and learn in supervised mode. It means that, they need a training

data includes different examples of input and output values. In the training process,
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the ANN is fed by a set of inputs and related target (desired outputs). Then, ANN try
to learn from these different examples. The back propagation training can be

summarized as,

1. Initialize weight and bias values

2. Feed the network with one input set from the training data

3. Propagate the input signal through the network and obtain the output

4. Calculate difference (error) between target and obtained output

5. Back-propagate the error through the network in opposite direction (3.3)
6. Adjust weight and bias values via learning method (3.4)

7. Repeat steps 2 to 7 using other input sets, until achieving acceptable error.

The objective of the training process is adjusting the best set of weights and bias
values which provide minimum error (step 6). Gradient descent is the one possible
methods to be used in that step [47, 48].

The training explained with the seven steps above, is called online (sequential)
training where each input vector is given to ANN individually. In an alternative
method called batch training, summed error values are used to adjust the weights.
Advantages and disadvantages of both methods are presented in [49]. During the
back-propagating the error and adjusting the weights, the steepest descent can be

written as,

1 ~
Ee(w) = 5= Ty Bmma Vi = 90 O w)? (33)

JE,
Wij «— (W” —-n aw;) (34)

where Ny is the number of instances in the training data, M is the number of output
neurons of network, y represents the targets in training set, y is the obtained ouput

(step 3), E¢ is the overall error to be minimized and n is learning rate.

After the training, inputs of unseen test set are given to the network and testing error
is calculated to investigate the accuracy of the designed network. Details can be

found in Section 4.
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3.2.2 Probabilistic neural networks

In 1991, Specht introduced PNNs, which are designed for supervised multi-class
classification tasks. PNN is a nonparametric probability density function estimator,
which is based on the Bayesian classification rule and the Parzen window [15]. One
of the advantages of using a PNN is the training speed, since the training set (TS) is
stored in its pattern layer and it needs one epoch for a total training. The size of the
pattern layer in a PNN structure is directly dependent on the size of the TS.
Therefore, the obvious disadvantages of PNNs are the large storage requirements and

slow execution speeds in the applications involving large training sets.

The PNN structure consists of four layers, as illustrated in Figure 3.2. Let c=1,2...C
be the number of classes and S be the size of class ¢ in a given TS. Let X be an n
dimensional input vector and X.s be the sth pattern of the TS which belongs to class
c. In the pattern layer, a pattern neuron is created for each X.s, and these neurons are
grouped by their classes. The activation function for each neuron G is selected such
that X.s is located at the center of the activation function. Generally, the activation

function is selected as Gaussian,

1 x—Xcs|
Ge,s(X) = Groynrz €XP (— u) (3.5)

202

where o is an adjustable smoothing parameter for determining the shape of activation
function. If input vector X is close to X.s pattern, then the output of related neuron
will be close to its maximum value. All pattern neurons of class ¢ are connected to
the same summation neuron Y., which belongs to the class ¢ in the summation layer.

The outputs of all neurons of class ¢ are summed in the summation layer as in (3.6).

Y. (X) = chz 1 Wes Gc,s (X) (3-6)

where ws is the weight for the sth pattern neuron of class c, and the sum of all
weights belonging to class ¢ equals 1. Finally, the competitive layer determines the
summation neuron with the maximum output, and the input vector X is appointed to a

class accordingly.
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Figure 3.2 : Structure of PNN [15].

3.2.3 Adaptive neuro fuzzy inference systems

In 1993, Jang introduced Adaptive Neuro Fuzzy Inference Systems (ANFIS), which
combine fuzzy inference systems with learning techniques developed for ANNs [50].
ANFIS uses a TS to create a FIS and adjust parameters (premise parameters) of
membership function (MF) in backward pass and rule parameters (consequent
parameters) in forward pass by using a hybrid technique including both back-
propagation and least squares methods. This ANN approach gives a high
performance in nonlinear function modeling and is implemented into many
applications of system modeling, and fuzzy control. For the sake of illustration, a
typical n- input-single-output ANFIS structure with two fuzzy MFs for each input is
shown in Figure 3.3, where the square nodes represent the adaptive nodes, and the
circle nodes represent the fixed nodes. First order Sugeno fuzzy model is widely used

for rule structure, and the kth fuzzy rule of this ANFIS can be expressed as;
If x1 is Ay jand x, is Ay j ... X, is Ay j; then (3.7)

Vi = pk‘lxl + pk‘zxz + -+ pk,nxn + pk,n+1 i=1 ., ] = 1,2, k=1..K

22



where A;j to A, are the input MFs for input features x; to x,. The consequent
parameters of the rule implementation layer are denoted by py1 t0 pxn+1 ,which are

updated by the least squares method.

. AN 2

Y1

MA1 2(X1) Y2

: uAn,l(Xn) ‘ 7,." Yk-1
MA 2(Xn) YK
. Xn
Input  Membership Rule Normalization Rule Output
Layer Layer Layer Layer  Implementation  Layer
Layer

Figure 3.3 : Structure of n-input single-output ANFIS [50].

MFs in the membership layer calculate the membership degrees of the related input
node. The output of jth MF associated with the ith input node can be described as

follows,
Qij=pdj(x) i=1..n j=12 (3.8)

For calculation of Q;;, MFs can be chosen as Gaussian, generalized bell-shaped,
triangle and trapezoidal shaped functions. A generalized bell-shaped function can be

given as,

where a;j, bij, and c;; are three adjustable parameters which are called the premise
parameters and are updated via back propagation learning method. If the consequent
parameters are fixed, then gradient descent algorithm can be used to adjust premise

parameters. The outputs of the nodes in the rule layer are called rule firing strengths,
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which are calculated by the product of all incoming signals according to
predetermined rules. The firing strength of the kth rule can be described as,

Wy = UAqg j1(x1). pAz j2(X2) v Ay jn (Xy) i = 1,2, m=1..n, k=1..K (3.10)
In the normalization layer, all firing strengths are normalized as,

w Tk (3.11)

k Zlk(zl Wi

The output of the rule implementation layer is the product of normalized firing
strengths and adaptive node functions,

Wi Vi = Wi(Pr1X1 + Dr2X2 + -+ + DignXn + Pig(na1)) (3.12)

In the output layer, the overall output of ANFIS, which is the summation of all

incoming signals, is computed through a summation operator,

Y = Yo Wiy (3.13)

3.3 Optimization Methods For Security Enhancement

In this study, while the power system is moved to a new OP at which the system’s
security is regained, the proposed method also involves an optimization procedure
that offers minimization of determined objective function. In other words, proposed
preventive and corrective control actions are considered as constrained, multi-
dimensional optimization problem, with both continuous and discrete variables. In
real, large sized power systems, the size of the control variable vector (dimension of
the search space), number of equality and inequality constraints, nonlinearity of
constraints related with dynamic behavior of the system, force us to use alternative
methods to conventional optimization methods. In this chapter, brief summary of

population based optimization methods that are used in this study is given.
3.3.1 Genetic algorithms

GA s are stochastic search techniques based on Darwin’s theory of evolution and the
principles of genetics. The algorithm creates a population of individuals, which are
potential solutions to an optimization problem, and mimics the evolution process in

nature to maximize an objective function [16].
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The flowchart of a typical GA optimization is shown in Figure 3.4. In most of the
GA applications, an initial population is created randomly in accordance with the
constraints on the individuals within the population. After creating the initial
population, the fitness values of the individuals are calculated to determine the
capability of initial solutions to maximize the objective function. Then, a loop
consisting of genetic operators begins to run until a predetermined stopping criterion
is met. The first operator in the loop is the selection operator that is based on
“survival of the fittest” principle, which means that better individuals continue to live
and transfer their genetic code to new generations. According to the fitness values of
individuals, the selection operator determines the individuals that become parents for
the crossover process, which is based on Mendel’s gene transfer law. The crossover
operator recombines the genetic codes of the selected parents and produce new
children, which will take place of the worst individuals in the population. The
mutation operator is inspired by the mutation process in nature and can be described
as a random change in the genetic code of individuals. Generally, this operator is
used with small probability but can keep the algorithm away from local optimums.
Creating a proper stopping criterion prevents the algorithm from terminating before
the global solution is found.

[ Creating initial population ]
v

| Calculating fitness of individuals

New populatlon

Stopping criterion

Figure 3.4 : Flowchart of a basic GA [16].

GA structure varies depending on the characteristic of the optimization problem of
interest. For the optimization procedure of GAs, the types and parameters of genetic

representation, selection operator, crossover operator, mutation operator and stopping
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criterion must be specified. As seen from that list, the major drawback of GA is the
number of parameters needs to be adjusted, to achieve a satisfactory search
performance. After selecting the genetic representation type for candidate solutions,
proper genetic operator should be determined with respect to genetic representation
type. Since there are large number of choices for genetic operators, they are not
explained in this thesis. More information can be found in [16].

3.3.2 Differential evolution

Differential Evolution is a population based, stochastic optimization method
introduced by Price and Storn [17]. The development of the algorithm started with
the idea of using the differences of position vectors to change the recent vector
population. Popularity of the algorithm increases due to its powerful convergence
results, robustness and its simplicity. The implementation of the algorithm is very
simple and has only a few control parameters such as population size, scaling
(mutation) factor, and crossover rate. The algorithm adds the weighted difference
between two population vectors to a third (base) vector for creating a mutant vector,
such that,

vf =x5 + F;(x& —x5§) (3.14)

where b#c#d are integers randomly generated by uniform distribution from a set
{1,2,...,8}, S is the size of the population F; is the scaling factor for ith individual of
population, and G is the generation number.

After mutant population is created, similarly to GA, crossover operator is applied to
mutant vectors and the target vector from the population, and trial vector is created.
Generally, binomial type crossover is used in application, since it is claimed that
binomial is never worse than exponential. In the last step, objective function values
of target and trial vectors are compared by greedy search method which only hold the
better one [17].

1. Initialize the vector of population
2. Select target and base vectors from population
3. Calculate weighted difference of two randomly choosen vectors from population

4. Add weighted difference to base vector to create mutant vector
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5. Apply crossover to target and mutant vector to create trial vector
6. Compare target and trial vectors and hold the better one

7. Repeat steps 2 to 6, until stopping criterion is achieved

DE also offers different mutation strategies. Basic strategy is DE/rand/1, which is
explained by (3.14). This strategy enables good diversification for scanning the
search space, because base vector x¢ is randomly selected from the population.
Second strategy is DE/best/1 where the base vector x is selected as the vector of
best solution x£,,. This strategy provides good intensification for searching process.
On the other hand, all search algorithms should provide a balance between
intensification and diversification. To improve that criterion, DE/rand-to-best/1 is

proposed. The mutant vectors are created such that,
17iG =xiG+Fi(xgest_xiG)+Fi(xcG_xg) (3-15)

where x{ represents the current position vector of ith individual at Gth generation.
For each individual i, mutation strategy calculates difference of two randomly
selected individual, and difference between vectors of best individual and ith
individual. These differences are weighted by F; and added to the position vector of
ith individual. Adding information about best vector increases the convergence
speed. DE/rand/2 and DE/best/2 strategies are similar to DE/rand/1 and DE/best/.
Instead of using (x§ —x§) for the calculation of difference, these modified
strategies uses (x& — xS +x§ — xf) where c#d=e+f is randomly generated integers
by using uniform distribution between the range of 1 to S. These strategies are used

to increase the diversification of search process if needed.

After the mutation process, the crossover operator is applied to the mutant vector and

the target vector and the trial vector is created such that,

iLj = G else

G
iy _{vi.f if CRerand i _ 19 (3.16)
ij

where u¢;

ij 1s the jth parameter of ith trial vector created in generation G, D is the

dimension of the search space, and CR; is the crossover rate for the ith vector. This
rate changes between 0 and 1, and determines fraction of the mutated parameters.

CR, F and S are the only parameters to be selected.
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3.3.3 Big bang-big crunch optimization

The BB-BC optimization method is based on Big Bang and Big Crunch theory,
which is developed to explain the evolution of the universe. In the Big Bang phase,
the universe is developed from a very tiny dense state by an explosion. Energy
dissipation generates disorder and randomness in this phase, whereas randomly
distributed particles are drawn into an order during the Big Crunch phase [20].

Similar to the original theory, BB-BC optimization method involves two sequential
phases, a Big Bang phase and a Big Crunch phase. The method generates candidate
solutions (individuals) which are randomly distributed over a search space during the
Big Bang phase, which corresponds to dissipation of energy in nature. Then, the
randomly generated solutions are shrunk to a single point via a center of mass
calculation in the Big Crunch phase where the convergence to an optimum point
resembles the gravitational attraction. Disorder is created from ordered particles by
energy dissipation, thus the method uses randomness as a conversion to the
generation of new candidate solutions (disorder) from a converged solution (order)

[8]. A flowchart for the BB-BC optimization procedure is given in Figure 3.5.

Generate initial population
consisting of n individuals

»| Calculate cost function values
of n individuals

v
Calculate center of mass Big Crunch
for the population phase

Generate new individuals around | Big Bang
center of mass or fittest individual phase

Figure 3.5 : Flowchart of BB-BC method [20].

Similar to other population based search algorithms, the initial population with a
uniform distribution is spread over the search space. For latter iterations, candidate
solutions are normally distributed around the center of mass of the population or the
fittest solution. Then, the cost function values of each member of the new population

are calculated. This step is followed by the Big Crunch Phase where the cost function
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value and the position of each candidate solution are used to calculate the center of
mass of the population consisting of N individuals,

=X H (S 2) (317)

i=1f_i

where f; and x; are the cost function value and position vector of the ith candidate
solution, respectively [8]. This squeezing operation in the Big Crunch phase takes the
candidate solutions as a whole and it is found to be more effective than selecting two
solutions and finding their center of gravity. Followed by the Big Crunch phase, in

the Big Bang phase, the method creates new candidate solutions around x°,
j _1
Xn = X+ 1B Xmax — Xmin) (1 + ;) n=1,..,N (3.18)

where X, represents the position vector of a new candidate solution, r is a random
number drawn from the standard normal distribution, £ is a parameter used to restrict
the size of the search space, j is the iteration number, s is the smoothing factor that
corresponds to how fast the size of the search space will be reduced, Xmax and Xmin are
the upper and lower limits of the search space, respectively. When an optimization
method starts to converge to an optimal point, most of the candidate solutions are
generated around the optimal point. If the method is used to find an optimum point,
the population must involve a number of different points from the other parts of the
search space with a decreasing probability. Therefore, new candidate solutions are
spread around x° with a distribution whose standard deviation decreases while the
iterations go forward. The key point of the method is always generating new
solutions, which are far from the center of mass with a decreasing nonzero
probability. This action prevents sticking into local optimum center of mass points
and provides the global convergence. The explosion (Big Bang) and contraction (Big
Crunch) operations are repeated until the method meets a stopping criterion, which
may depend on the difference between the cost function values or locations of the

optimum points calculated in two consecutive Big Crunch phases.
3.3.4 Particle swarm optimization

In 1995, Kennedy and Eberhat introduced Particle Swarm Optimization [18]. The

development of the algorithm starts with mathematical simulation of social behavior
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of bird flocks and fish schools. Convergence characteristic of PSO is analyzed and
mathematical foundation is represented to describe the searching behavior of a

simple PSO structure in [18].

In [51] swarm intelligence is defined as “any attempt to design algorithms or
distributed problem-solving devices inspired by the collective behavior of social
insect colonies and other animal societies”. In PSO, a candidate solution is called
individual or particle of swarm. Particles share their information with their neighbors
and each particle tends to move to the best position achieved by neighbor particles or
best position of the whole swarm. The swarms fly through the multidimensional
search space with a velocity to find optimum solutions in the feasible subspace. The
velocity of particles is calculated with respect to their previous positions and
behaviors. In n dimensional search space, each particle is represented by its position

vectors and velocity vectors,
xf =[xk, xl, o xk] (3.19)
vk = [vf, vk, . vE] (3.20)

where x¥ and v} are the position and velocity vectors of ith particle in kth iteration,
respectively. The velocity of each particle is updated by considering last velocity
value, best position achieved by relevant particle and best position achieved by the

swarm,
vt = wok + clrl(pbestfc — xlk) + czrz(gbest{c — xlk) (3.21)

where w represents the inertia weight, pbest¥ is the position of best of ith particle
after k iterations, gbest¥ is the position of global best particle achieved after k
iterations, ry and r, are random numbers generated by uniform distribution between 0
and 1, ¢; and c; are positive constants. Then, position of each particle is updated such
that,

Xt = xk 4 pltl (3.22)

Basic steps of PSO can be explained as,
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1. Initial value of position and velocity vectors of each particle are initialized using
uniform distribution, considering the parameter limits

2. Objective function value of each particle is calculated, then position and objective
function values of ppest and gpest are stored/updated

3. Velocity and position vectors of particles are updated by using (3.21) and (3.22)
4. Steps 3 and 4 are repeated until a stopping criterion is satisfied.

3.3.5 Artificial bee colony optimization

Promising convergence performance of PSO and its variants on various optimization
problems in different disciplines, has been increased the research interest on swarm
intelligence in last decades. Artificial Bee Colony is one of the swarm based search
algorithm, influenced by the foraging behavior of honeybees. Karaboga, first

introduced this meta-heuristic search algorithm [19].

The algorithm involves three types of bees, such as employed bees, onlooker bees
and scout bees. Employed bees are related with food sources, onlooker bees monitors
the behavior of employed bees in the hive and select a food source. Scout bees
randomly look for food sources. Scout bees and onlooker bees are also named as

unemployed bees.

In the first step, scout bees explore positions of food sources (candidate solutions).
Then, employed bees and onlooker bees collected the nectar of food sources (fitness
of solutions). This continuous process finishes the food sources, and then employed
bees that exhaust the food source become a scout bee to look for a new food sources.
One employed bee is associated with exactly one food source. Common progress of

ABC algorithm is given below [19],

1. Initialization phase

2. Employed bees phase

3. Onlooker bees phase

4. Scout bees phase

5. Memorizing the best solution achieved up to now

6. Repeat steps 2 to 5 until, stopping criterion is achieved.
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In the initialization phase, the algorithm randomly creates first candidate solution
within the range of upper and lower parameter constraints, by using uniform

distribution.

Employed bees look for new food sources with more nectar near food sources in
their achieve. More nectar means better fitness values. New neighbor food sources
are calculated such as,

Umi = Xmi + Smi(xri - xmi) (3-23)

where i represents the parameter number of position vectors and it is randomly
determined. xn; is the ith parameter of current food source m in the achieve, vy is the
i th parameter of new food sources near mth source, X is the i th parameter of
randomly selected food sources and smi is a factor to determine the range of
neighborhood search distance for ith parameter. When v, is generated, greedy
selection method is applied for vy, and X, and Xy is replaced by vy, only if vy, is a

food source with more nectar.

Onlooker bees in the hive use the food information of employed bees and onlooker
bees choose food sources with respect to a probability that depends on the fitness or
objective function value of the food sources. In other words, the probability of
generating new solution near good (fit) solutions is bigger than the probability of
generating new solution near bad solutions. Various types of probability functions
can be used for food sources. This action is similar to the selection operator of GA.
In this study, selection probability of food mth source proby, is calculated such that,

prob,, = 0.2 4+ LQma=/Gn) g (3.24)

F(O)max

where f(x,,) is the objective function value of mth food source, and f (x)qx IS the
maximum and also the worst objective function value of all food sources, since
optimization problem is considered as a minimization problem. When onlooker bees
select their food sources, (3.23) is used to create new solutions, where X, becomes
the selected food source. After new vy, is generated, greedy selection method is
applied again, as explained in employee bee phase.
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Generally, number of new solutions generated by employed bees and onlooker bees
are same, but this conditions can be modified by using a dynamic parameter that

characterize the converge behavior during the optimization.

In the latter iterations of the optimization, solutions of some employed bees cannot
be enhanced after a specific number of trials. Then, these employed bees and related
food sources are replaced by scout bees. Scout bees randomly search new solutions
all over the search space using uniform distribution function. Then, scout bees start
to act like employed bees, until their food sources cannot be enhanced after multiple

trials.

As seen from the structure of ABC, the algorithm is influenced by different
population based methods. Probability of selection of food sources to create new
solutions is similar to GA’s selection strategy. On the other hand, (3.23) that is used
to generate new solutions is similar to crossover operator of DE. ABC algorithm has
just few parameters to be adjusted, such as scale factor s, size of the population,

number of iterations and type of the probability function used in onlooker bee phase.
3.3.6 Mean variance mapping optimization

Mean Variance Mapping Optimization (MVMO) is population-based stochastic
optimization technique. The unique feature of the algorithm is the transformation
used for mutating the solutions based on mean-variance of the population (archive)
that involves n best solution. Although the search focuses around the mean values,
the algorithm also looks for solutions outside the mean areas. It means, “the method

performs global search but the emphasis is almost around the means” [21].

For all parameters of the solution vector, search range is defined between 0 and 1.
During the function evaluation, solution vector is denormalized to its original value.
Key point of the algorithm is the mapping function which is defined by two variables
such as mean and shape variables. These variables are calculated by using n best
solutions stored in the archive. Figure 3.6 shows the mapping function used to

transform random variable x; into x; which is concentrated close to the mean.
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Figure 3.6 : Mapping function h.

Then, ith variable of new candidate solution x is described as follows:

where x;" is a random variable generated by uniform distribution and the h function is

computed as,

h(X,sq,5., %) = X(1 —e™*51) + (1 — x,)e ¥~ D2 (3.26)
ho, h1 and hy are the outputs of the h function with different inputs such that,

ho =h(x=0), hy =h(x=1), hy=h(x=x;) (3.27)

X; is always generated between [0,1]. The shape (s) and mean variable determine the

characteristic of h function, as seen from Figure 3.7.
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Figure 3.7 : Effects of parameters on the mapping function.

Mean and shape variables are calculated by using the solution in the archive where

the n best solutions are stored.
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% = =30 () (3.28)
s; = —In(w)fs (3.29)

where v represents the variance as follows,
— 1 . —
U = ;2};1(961'(]) - xl)z (3.30)

The variance v is calculated by using only different variables in the archive. The
factor fs changes h function shape. If algorithm requires to enhance accuracy fs>1. If

algorithm requires global search fs <1.

The variance and mean values are computed after the archive is filled up. Before that
phase, si; and sj; are equal to 0. This indicates a straight line between 1 and 0 for
mapping function. Generally, size of the archive is selected between 5 and 2, for
satisfactory results. Increasing the size of the archive causes more conservative
convergence behavior. First position of the archive is reserved for the best solution
reached so far. In the original MVVMO algorithm, only best solution of the archive is
used as parent solution to create new solutions. Variants of MVMO such as MVMOS
(swarm variant) and MVMOSH (swarm hybrid variant) use multiple solutions as
parents instead of using one [52]. After selecting parents, a few variables of parents
are determined and updated by using mapping function. To determine variables to be
updated, there are four different alternatives such as random selection, neighbor
group selection (block step), neighbor group selection (single step) and sequential
selection of the first variable then selection of the rest randomly [21]. General

progress of MVMO algorithm is given below,

1. Initialization: Randomly initialize an initial solution vector x between 1 and 0,
using uniform distribution

2. Fitness evaluation: Denormalize x, and evaluate the fitness function

3. Update archive: If x is better than any solution in the archive, store x in the archive
and remove the worst one

4. Compute mean and variance: Based on updated archive

5. Parent assignment: Select parents to create new solutions

6. Variable selection: Select m variables of parents to update

7. Mutation: Apply the mapping function to the selected m variables of parents
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8. Crossover: Set remaining variables to new solutions

9. Repeat steps 2 to 8 until, stopping criterion is achieved
3.3.7 Constraint Handling via Penalization

The optimization problems defined in this study includes large number of
constraints, although the test systems involve limited number of generators and
buses. For real, large sized power system, the number of constraints increases
dramatically. Therefore, reaching the parameter space where feasible solutions are

located becomes a challenge during optimization.

Constraint handling methods can be divided into four groups, such as rejection,
repair, multi-objective optimization and penalizing [53]. In rejection method,
infeasible solutions are directly eliminated from the solution set. This method has
several disadvantages, especially if the initial solution set is completely infeasible.
Some solutions with low objective function value and low violation can carry
information about the problem eliminated in rejection method and this information is
not used by the optimization. In repair method, problem dependent algorithm tried to
repair infeasible solution and to move it into the feasible space. Development of the
problem dependent algorithm may not be easy. Also, the algorithm needs
considerable time to solve infeasibility. On the other hand, it may reach better results
than optimization algorithm, but there is no clear conclusion so far. As third method,
reformulating the problem as a multi-objective optimization problem where the
objectives are real objective function and measures of constraint violation. The last
method is penalizing that is used also in this study.

Penalizing is the most used method for dealing with infeasible solutions in
population-based optimization methods. Constrained optimization problem becomes
unconstrained by using penalty function. A penalty function p(x) can be added to the
original objective function f(x). This is the additive form of penalization, and the new

objective function becomes,

e(x) = f(x) + p(x) (3.31)
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If solution x is feasible, the p(x) will be zero. Second form of penalization is
multiplicative, that multiply the objective function f(x) with the function p(x). If

solution x is feasible, the p(x) will be one. The new objective function becomes,

e(x) = f(x).p(x) (3.32)

In this study, additive form of penalization is used which is the popular one in most

applications.

A simple idea for penalization of infeasible solutions is to adding static (constant)
penalty to these infeasible solutions. This method is called static penalization and the
biggest drawback of this method is large number of parameters to be selected
manually. As shown in [54], performance of this method is very susceptible to the
selected parameters.

To discard the selection of large set of parameter, an adaptive penalization technique
is used in this thesis [55]. This technique does not need parameter tuning and it has
ability to set the penalized fitness function at different phase of the optimization. The

fitness evaluation function is calculated as follows,
e(x) =d(x) +p(x) (3.33)

where p(x) is the penalty term and d(x) is the distance term of candidate solution x,

respectively. The distance term is,

v'(x) if T§=0

VI +0()2 e &9

d(x) ={

where r; represents the feasibility rate of the population. If all solutions in the
population are infeasible then r=0 and d(x) =v'(x). f'(x) represents the
normalized value of the objective function such that,

Fx) = )~ Fmin (3.35)

Sfmax—Fmin

where f(x) is the objective function value of solution vector X, fnax and fmi, are
maximum and minimum objective function values of all solutions in the population.

v'(x) in (3.34) is the normalized constraint violation such that,

37



V' (x) = L Vmin (3.36)

Umax~Vmin

where Vmax and Vpin are maximum and minimum total constraint violation of all
solutions in the population and v(x) is the total constraint violation of solution vector

X which is computed as follows,

7_?’l+7’l

v(x) = Xi%" max(0, g;(x)) (3.37)

where m and n are the number of equality and inequality constraints, respectively.
g(x) represents both inequality constraints and equality constraints, since all equality

constraints are transformed to inequality constraints.

p(x) penalty function is used to provide proper fitness value for infeasible solutions
in different phase of the optimization. For instance, first phase generally describes
early iterations where populations involves only infeasible solutions (r=0). In this
phase, violation is more important than objective function, thus infeasible solutions
with low violations are subjected to less penalization than other solutions. In second
phase, when algorithm starts to find feasible solutions beside infeasible ones, thus
infeasible solutions with low objective function values are subjected to less
penalization than infeasible solutions with high objective function values. This
technique is formulated as follows,

p(x) = (1 —1)X(x) +1,Y (x) (3.38)
X(x) = { f,(()x) g e (3.39)
Y(x) — {f’(()x) if xeifsj;"easible (340)

Third phase can be considered and latter iterations where all population consists of
feasible individuals. Then, as seen from the equations, penalization action becomes
passive because v'(x) = 0 and p(x) = 0. So, fitness evaluation function e(x) equals

to the objective functions f(x) for all individuals.
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4. DYNAMIC SECURITY ASSESSMENT BY ANN

4.1 Introduction

This section represents the proposed methodology to design ANN based DSA
framework. From ANN point of view, DSA can be considered as a classification or
regression problem. In the classification task, classifiers can classify the security
status of the system on a particular OP as secure or insecure. On the other hand, in
regression task, tools can estimate a security index that gives information about the
vulnerability of the system against contingencies. For both tasks, designed ANN uses

supervised learning algorithms for their training.

In supervised learning [56], ANN requires a knowledge base that includes different
examples of the system behavior to be learned. The initial step of an ANN design is
to generate the training data that includes meaningful instances. The ANN is trained
by using the training data, so the data can be successfully approximated by the
trained ANN structure. More importantly, if an input string is given to a well-trained
ANN, expectation from ANN is imitating the output of the real system when the
same input is given to the real system. Error is the difference between the outputs of
the real system and ANN. Generally, mean squared error or mean absolute error
values are minimized by using gradient descent techniques for MLP, which is the

ANN type used for the regression task in this study.

The basic steps of ANN based DSA are given in Figure 4.1 Initial target of the
methodology is generating the training data for learning process of ANN. To
generate the training data, initial tasks must be completed for power system, such as
contingency selection, determining the possible OPs of the system by considering
loading levels and system topologies. Then a feature selection process is applied to
reduce the dimension of input pattern of the KB and mitigate the curse of
dimensionality problem, without losing too much information, which may also cause
unsatisfactory assessment performance. The last step is training and optimizing the
structure of ANN.
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Contingency selection

v

KB generation according to
1. Different contingencies
2. Different topologies

3. Different loading levels

v

Feature selection

v

Selection of best ANN structure

v

Training of selected ANN

Figure 4.1 : Steps of ANN design for dynamic security assessment.
4.2 Methodology of ANN Approach

4.2.1 Contingency selection

Contingency selection has an important role on the security assessment of the power
system. Large sized power systems include large number of components, which also
means large number of contingencies for the system. Generally, not all of these
contingencies cause overloading of transmission lines, bus voltage violations or
instability problems for the current OPs of the system. During, security assessment
and security enhancement procedures, considering all contingencies will significantly
increases the computational burden and decrease the applicability of the
methodology [3]. In this thesis, contingency selection is applied to determine the
critical contingencies that have the potential to create transient instabilities that is
considered as the main stability phenomena in this study. As mentioned in Section 1,
contingencies could be faults, generator outages, line outages, load changes, voltage
collapse or some combination of them. Faults and especially 3 phase-ground faults
can be considered as more severe than other contingency types when dealing with
transient instabilities. In this study, the critical contingencies considered in the test
systems are 3-phase-ground faults that are cleared between 5 to 10 cycles after their
occurrences by a single line tripping but causing transient instabilities based on the

large disturbance angle stability index defined in (4.1).

_ 360~8max
T 360+8max

—100 < 7 < 100 4.1)
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where dmax IS the maximum angle separation in degrees of any two generators at the
same time in the post-fault response [57]. For a secure OP, the stability index must
be positive when the system is subjected to each of the credible contingencies. A
stability index based on critical clearing time (CCT), which is the maximum period
to clear a fault before the system loses its stability [3], could also be used as a
reliable indicator. However, the stability index in (4.1) is preferred for contingency
selection procedure, since calculation of CCTs needs a significant computational

effort. CCTs are used as an index in the KB generation section of the methodology.

In the first step of proposed methodology, the system is moved to stress OP by
increasing the loading level. Next step includes extensive time domain simulations
under possible contingencies. Each contingency is occurred individually in the
system. The power flow computations, security assessment via time domain
simulations and eigenvalue analysis are performed by the power system analysis
software, DSATools™ [58]. Alongside of the index in (4.1), separation of generators
groups with respect to their angle behavior after the occurrence of contingencies is
also important. For the sake of illustration, Figure 4.2 shows the time domain
simulation results for the 16 generator-68 bus test system (Figure 4.3) subjected to 3
phase to ground fault on a transmission line between buses 23 and 24.

Generator angle (degrees)
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1

Figure 4.2 : Angular behavior of generators after the occurrence of a disturbance.

As seen from the Figure 4.2, selected contingency leads two groups of generators to
accelerate and the angle separation of these generator groups start to increase

dramatically. Therefore, this contingency is added to the list of critical contingencies.
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In this section, the proposed methodology is applied on 16 generator-68 bus test
system, which is taken from [28]. Table 4.1 lists the set of critical contingencies

selected according to the criteria mentioned above.

Figure 4.3 : 16 generator -68 bus test system [28].

Table 4.1 : Critical contingencies for 16-generator system.

Contingency 3-phase fault Tripped line

no. close to bus no. (between buses)
1 6 6-5

2 6 6-7

3 6 6-11

4 10 10-11

5 10 10-13

6 16 16-15

7 16 16-17

8 16 16-21

9 16 16-24

10 22 22-23

11 22 22-21

12 23 23-24

The critical contingencies, accelerating and decelerating generators with respect to
these contingencies are located around two zones. These zones are inside one of the
dynamically divided five areas of the test system. The critical contingency set
obtained in this section significantly depends on the initially selected and stressed
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OP. To study with the contingencies in the other areas of the system, the initial OP
can be changed and contingencies can be scanned on new OP. This process is applied

in Section 6.3 to investigate other contingencies in the system.

4.2.2 Creation of knowledge base

After the selection of critical contingencies that have the potential to create transient
instabilities, a large set of OPs are created and all critical contingencies are applied to
the power system operating on each OP individually. This knowledge base or
training set is required for the supervised learning of ANN, but also can be used to
investigate the relevant control variables that can be optimized during the
optimization procedure. The security assessment tool to be designed should be
sensitive to different operating conditions of the power system such as different
topologies and different loading levels. Therefore, these changes are also considered
when generating the training data. 45 different topological changes, which are either
tripping of a line or a loss of a generator, are considered. For each topology, the OPs
are computed randomly by using (4.2), such that the system’s loading level is varied

in the range of £25% around a selected base case.
Sii = Py +jQL)(A +m(1 —2r)) (4.2)

where P?; and Q7; represent the initial value of loads at ith bus, | indicates the
loading level, m=25% is the allowed variation of loads and r is a random number
generated by uniform distribution. For each OP, the power flow computations and
DSA via time-domain simulations and eigenvalue analysis are performed. Generated
KB involves 1500 instances. The word “feature” means a quantity that represents
each instance. In this study, instances are OPs and each one is represented by totally
377 features (measurements) such as active and reactive power outputs of each
generator, active and reactive power flows at each transmission line, magnitude and
phase angle of the bus voltages, active and reactive power demands at all load buses,
and stability index values. For the small disturbance angle stability, minimum
damping value for the most critical oscillatory mode is computed by modal analysis.
After the linearization of nonlinear equations of the system model, eigenvalues of the
system matrix A are computed. If the real part of the eigenvalue is positive, the
amplitude of the oscillations tends to increase and this represents instability. On the

other hand, negative real eigenvalues mean asymptotic stability and damping of the
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oscillations. The critical eigenvalues are located close to the imaginary axis (still
negative but near zero). Minimum damping ratio (MDR) of the most critical
oscillatory mode is calculated as follows,

-0

$ = (4.3)
where ¢ and w are the real and imaginary parts of the critical eigenvalues,
respectively. For the large disturbance angle stability, CCT value for each critical
contingency are computed by using time domain simulations. CCT can be defined as
the maximum period to clear a fault before the system loses its stability. For the sake
of illustration, CCT values of all contingencies for some selected instances (OPs) are
given in Figure 4.4. To show the effects of loading level and different topologies
only 100 instances are shown in the Figure 4.4. These instances represent 3 different
system topologies (generator or line outage) and different loading levels. Each
different colored circle represents CCT values for contingency. In each system
topology, loading level increases with the instance number and this leads CCT values
to decrease. On the other hand, it can be seen that, the range of CCT values for
different system topologies may differ according to the importance of component

that is removed from the system.

CCT walues (cycles)

1350 1360 1370 13830 1350 1400 14100 14200 1430
Instance number

Figure 4.4 : CCT values for all contingencies and selected instances in the KB.

Measurements collected from power flow solutions can be used for small signal
stability assessment but these variables cannot completely represent the dynamic
behavior of the power system for the estimation of CCT. To characterize the effect of
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inertia of generators on angle stability, a factor called Power Generation Distribution
Factors (PGDF) are determined, and calculated as follows [59],
5,2, HiPgi

J H.g .
Zi:l Hlsgl

where H; represent the inertia constant of ith synchronous generator. Pg and S
represent the generated active power and capacity of ith generator. N; is the number
of generators in kth area. This variable also characterizes the effect of inertia of
generators which is important for rotor angle stability. Results of feature selection

algorithm in Section 5 demonstrate if this new defined feature is relevant or not.

4.2.3 Feature selection

In power systems, complete state information is very large. Even, the training set
generated for the 16-generator test system involves more than 350 features. This high
dimensional data involves features that are irrelevant to the dynamic behavior of the
system under selected critical contingencies. On the other hand, there are large
numbers of highly correlated features and existence of most of these features does
not increase the valuable information obtained from the data. This high degree of
irrelevant and redundant information will decrease the learning performance of the
computational intelligence tool. Therefore, dimension of the data should be reduced
and dimensionality reduction task can be classified such as “feature selection” and

“feature extraction”.

In feature selection task, input information is described by using selected subset of
initial big feature set, and rests of the features are eliminated. Differently, feature
extraction techniques transform the big feature set into a smaller new set in a
different space that holds acceptable level of relevant information on the original

feature set.

In this study, ANN based DSA tool is used in both optimization of control actions
and security assessment. All features can be collected from the simulation program.
In this study, feature selection methodology is used to determine a subset of relevant
features to describe the dynamic behavior of the system and it is assumed that these
selected featured are available. To increase the actability of this assumption, ranking

based feature selection is used. In feature ranking, features ranked by predetermined
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score. Minimum number of ranked best features that are selected for the input pattern
on ANN while ensuring acceptable level of estimation accuracy.

If the DSA is considered as a classification problem, targets would be discrete
variables and feature selection methods such as information gain [60], Gini index
[61], distance measure [62], j-measure [63], Relief [64], ReliefF [65], MDL [66] can
be used. In regression tasks where target values are continuous variables, RReliefF
[67] method which is the modified Relief for regression tasks is applied for feature

selection.

In this study, RReliefF method is used for feature selection process on regression
tasks. RReliefF is the extension (regression) version of Relief that can estimate the
quality of features in classification problems where features have strong
dependencies each other. The studies on real and artificial data show that RReliefF
can also estimates the quality of features in various conditions, and can be used for
learning of MLP.

Main idea of Relief is estimating the quality of features with respect to how good
their values separate from the instances near to each other [64]. Input of the
algorithm is a vector of feature values and the class value for each instance and the
output of the algorithm is W vector of estimations of the feature quality. Steps of
Relief algorithm as follows [64],

1. Setall W(f) =0

2. Randomly select an instance R

3. Find H (nearest hit) and M (nearest miss)
4. Calculate W(f) for all features

5. Repeat steps 2 to 4 for m times

Algorithm starts with initialization of vector W. Then, for randomly selected instance
R, algorithm searches nearest neighbor from same class (nearest hit, H) and nearest
neighbor from other class (nearest miss, M). In the next step, quality of estimation is

calculated for all features as follows,

W(f) = W(f) — dif f(f,RH) + dif f(f,.R.M) (4.5)

m m

where m is defined by user and determine the how many times W(f) is updated. The

diff(feature, Instancel, Instance2) function computes the difference between the
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values of feature for Instancel and Instance2. For features with continuous values,

the function is defined as,

|lvalue(f,11)—value(f,I3)|
max(f)—min(f)

dif f(f, 1, I5) = (4.6)

This function is also used to compute the distance between instances to find nearest
neighbors. The sum of distance over all features is the total distance. W(f) estimation
of the feature quality is an approximation of the following probability differences
[65], such that,

W(f) = P(dif ferent value of f | nearest instance from dif ferent class) —

P(dif ferent value of f | nearest instance from same class) 4.7)

In regression tasks, there is no class and all predicted values are continuous. Thus,
nearest hits and nearest misses cannot be found. To solve that problem, RreliefF
proposes a probability that the predicted values of two instances are different [68].
This probability is computed by using the relative distance between predicted values
of two instances. The sign of each contributed term is still missing to calculate W(f).

So, (4.7) is reformulated as follows

Pyirrr = P(dif ferent value of f | nearest instances ) (4.8)

Pyirrc = P(dif ferent prediction | nearest instances ) (4.9)

Pairfcairrs =
P(dif ferent prediction | dif ferent value of f and nearest instances)

(4.10)

and it can be evaluated by using the probability of the predicted values of two

instances being different. Finally, W(f) is computed as follows,

W(f) = Pairreiairr.r Pairrr _ (A=Pairrciairr.f) Paifr.s (4.11)
Paiff.c 1-Pgiffc

In this study, 12 different ANNs are designed for CCT values of 12 critical
contingencies. In addition, one ANN is designed for small signal stability assessment
by estimating the minimum damping ratio for the most critical mode. Thus, feature
selection process is repeated for 13 times and totally 377 features are ranked by

considering each 13 target values of ANNs.
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Due to the size of the tables, results of feature ranking and selection are given in
Appendix A. Features are ranked with respect to their W values. When most relevant
30 features according to the transient stability of the system against 1% critical
contingency are examined from Appendix A, it is seen that, most of these selected
features are active and reactive power flows through the transmission lines, which
are topologically closer to the location where 1% critical contingency occur (Figure
4.3). Therefore, redesigning these power flow patterns by preventive control actions
can enhance the security of the system against related contingency. In addition,
power generation of synchronous machines at buses 54 and 55, are selected as
significant features by RReliefF algorithm. These machines are the closest generators
to the contingency location, and rescheduling of the generation of these machines can
directly change the mentioned power flow patterns. Therefore, this generation
rescheduling action has the biggest impact on chancing security of the system for
mentioned contingency. Finally, PGDF value for the area no. 1 of the system takes
the 14™ place between 377 features. This results show that, PGDF values based on
the inertia constant of generators and their loading levels can be used as an additional
indicator for transient stability of the system. Feature selection results mentioned
above are similar to the other eleven critical contingencies. These expected results
confirm the success of RReliefF based feature selection and suitability of generation

rescheduling as a preventive control action.

According to the feature selection results for the small signal stability of the system
in Appendix A, damping ratio for the most critical oscillatory mode is related with
the power flow patterns mostly in area no. 2 of the system, where generators 10 to 13
are located in. Therefore, generators in other areas are also considered for generation
rescheduling action to enhance the dynamic security of the system according to large

disturbance angle stability.

4.2.4 Design and training of ANN

For nonlinear mapping problems, MLP of feed-forward neural network is generally
used. Proposed MLP structure involves several parameters to be selected and
optimized, such as size of output layer, number of hidden layers, type of activation
functions used in hidden layers and output layer, training algorithms, learning
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algorithm for weight and bias update, size of the input layer (number of input
features) and size of the hidden layer (number of hidden neurons).

Each ANN estimates CCT value of particular contingency, so the size of the output
layer is 1. Hidden layers allow ANN to find complex relationship between inputs
and outputs. Using hidden layer is necessary for successful mapping of highly
nonlinear functions like power system dynamics, but using 2 or more hidden layers
dramatically increase the complexity of ANN and can decrease the performance of
ANN. In this study, using one hidden layer ensures ANN to represent the dynamic

behavior of the power system.

As explained in Section 2, ANN structure is trained by the Back propagation training
algorithm based on Levenberg-Marquardt optimization. Using Back propagation
training algorithm requires differentiable activation functions. In addition, by
considering the range of the values of possible input features, Tangent-Sigmoid
transfer function is selected for the hidden neurons. In this study, the expected output
values of ANNs are CCTs of contingencies and the minimum damping ratio. These
values vary between 0 and 20. By considering that range, the activation function on
the output layer is selected linear. As a learning algorithm, gradient descent based
optimization method is used to minimize the error and update weights and bias

values.

In this study, the number of input features and number of hidden neurons are the
parameters to be adjusted for optimizing the ANN structure. Increasing hidden
neuron number always increases the training performance of ANN, but after one
point test performance of ANN stops increasing. Hidden neurons let ANN to learn
training data in a more detailed way, which causes also learning noises. When
overlearned ANN tries to map unseen test data which includes different instances,
performance on estimating the unseen data may not be as good its training
performance. This problem is called over fitting. To determine the best number of
hidden neurons and input features, k-fold cross validation method is applied to
investigate performance of different combinations of number of hidden neuron and

input features.

The performance of different MLP structures on estimating the CCT and minimum

damping ratio are evaluated by the calculation of mean absolute error (MAE). In this
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study, root mean square error (RMSE) is not preferred, because error values
calculated for the estimations of CCT and damping ratio are smaller than 1.

1 *
MAE = 31 1y] = il (4.12)

where y; and y; are the real and estimated output values respectively, and N, is the

number of instances in the test or train set.

Proposed training methodology is given in Figure 4.5. In the first phase, 20% of KB
is stored as an unseen data for evaluation of testing performance. Then, the rest of the
KB is prepared for the k-fold validation process in the second phase. k-fold cross
validation is one of the non-exhaustive cross validation methods. The method,
randomly partition the KB into k subsamples with equal size. One subsample is
selected as the validation data, and the remaining k—1 subsamples are used for
training. This process is repeated k times and each time selected validation
subsample is changed. The strong side of this technique is using all observations for
both validation and training. Also, each observation is used for validation once [69].
During the k-fold cross validation, MAE value for each validation set of fold is

stored and the average of k MAE values are calculated as,
MMAEy, = %y MAE; 3 (4.13)

where h is the number of hidden neuron and n is the number of input feature. MMAE

values are calculated for various MLP structures with all combinations of h and n.

In the third phase, best number of hidden neurons for various MLP structures with
different number of input feature are determined according to (4.13). Then, the best
MMAE values of MLP structures with different number of input features are
compared to determine the best MLP structure. The best MLP structure is trained
with 80% of KB which is previously used in k-fold cross validation, where k is
selected 10. Then test set performance of MLPs are calculated by using the unseen

test set (20% of KB), which is stored in the beginning of the first phase.
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Figure 4.5 : Methodology for the design of MLP.
4.3 Results for ANN Based Dynamic Security Assessment

The results of the methodology applied for the design and training process of CCT
estimator MLPs is given and discussed in this section. In the second phase shown in
Figure 4.5, the number of input features are n=6,9,12,15,18,21,27,33,39,45,51,57
and number of hidden neurons varies between 1 and 15. Increasing the number of
hidden neurons may enhance the training performance but the risk of overfitting
problem also increases as explained in previous section. If number of input features
is increased, MLP performance may enhanced for some contingencies. The reason of
stopping the number of input features at 57 is that, designed MLP is also used for
online DSA application and the number of (real-time) measurements can be collected
from the system is limited by the number and location of PMUs. In Figures 4.6 and
4.7, performance of MLPs designed to estimate CCT values of 12 contingencies are
given. Figures show minimum MMAE, , value achieved by best hidden neuron
number, for each selected number of input features. Best hidden neuron numbers are
indicated near each dot that represents the error value for each number of input

feature.

o1



Contingency 1 Contingency 2

018 T T T T T 0.18 T T T T T
016} q 016 B
0141 k! 0141 4
= o
o o
) =
= £
oozt E oozt 4
=Y =<
= =
= =
01F q [N b
ooaf q 0.08
006 L L . . L 0.08 . . L L .
0 10 20 a0 40 50 60 o 10 20 Ell 40 50 B0
MNumber of input features Mumber of input features
Contingency 3 Contingency 4
0.16 T T T T T 0.168 T T T T T
015k ] 0151 B
014+ B
0141 q
013 F b
7 Br 1 T ozt —
o o
) =
= £
oozt E Sont 4
E S
= 1 =00y 7
009 b
01f k!
0.08 B
009 q oozl ]
008 L L . . L 0.08 . . L L .
10 20 a0 40 50 60 o 10 20 Ell 40 50 B0
MNumber of input features Mumber of input features
Contingency 5 Contingency B
024 T T T T T 0.32 T T T T T
0221 q 03r B
02F q 0281 B
0igr q 0261 b
w0161 q w024 b
o o
) =
= £
o0t E Lozt 4
E S
= 012} q = 02f B
01F q 01gf b
0oaf q 016 B
006 q [INERS B
004 L L . . L 012 . . L L .
10 20 a0 40 50 60 o 10 20 Ell 40 50 B0
MNumber of input features Mumber of input features
Contingency 7 Contingency 8
022 T T T T T 0.22 T T T T T
02t 1 0ol i
0igr q
01gf b
— 016F 4 .
oy ru
=] o 016 b
B =
=2 =
W 0141 b y
= =2 04t i
=012t J =
012 b
01F q
008} g orr 1
006 L L ! ! L 0.08 ! ! L L !
[u] 10 20 30 40 50 B0 Ju] 10 20 30 40 a0 B0
Nurnber of input features Mumber of input features

Figure 4.6 : Performance of CCT estimator MLPs (contingency 1-8) with different
number of input features.
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Figure 4.7 : Performance of CCT estimator MLPs (contingency 9-12) with different
number of input features.

As seen from Figures 4.6 and 4.7, in most cases, there is an appreciable enhancement
on MLP performance when the number of input features increases to 33. For some
contingencies such as 6 to 12, performance of MLP still enhance when we continue
to increase the number of features. Average validation error for best MLP structures
for all contingencies is approximately 0.08 cycles. Worst performance is achieved on
estimating the CCT of contingency 6, since Figure 4.6 shows that, increasing the
number of input features may enhance the performance on estimating CCT value of

contingency 6.

After the best MLP structures are determined, they are trained by using the same data
used in k-fold cross validation (80% of KB). This time, the data is divided into two
parts such as training (60% of KB) and validation (20% of KB). The remaining
(unseen 20%) KB is used for testing. In second phase of the methodology, the
validation set is used to find optimum MLP structure. In the third phase, the

validation set is used to prevent overfitting problem.

It is clear that, the gradient-based optimization algorithms used in the training

process of MLP converge to local minimum, because their performance is
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significantly depends on the starting point (initial weight set of MLP). To increase
the testing performance of MLP, the final training process is repeated 10 times, by
initializing the weight set with different values in each try. Best weight set of 10
training is stored to be use in MLP. This method, does not guarantee to achieve the
global best weight set, but it ensures to use a better weight set than a set achieved just

one training try.

For each contingency, the parameters of best MLP structures, performances on k-fold
cross validation set and test set are given in Table 4.2. The reason of better results on
test set is multiple tries on the third phase, as explained in previous paragraph. This
multiple tries is not is not necessary and not applied during the k-fold cross
validation, because the reason of using k-fold cross validation is comparing different
MLP structures, not improving the best one. PMAE; .5 pese In Table 4.2 is the mean
absolute error value in percentage which is computed for best MLP structures, using
test set.

100 Nyest |[Vi—Yi
PMAEtest,best(%) =N Zi:ft| ) | (4-14)
test Yi

where y; and y; are the CCT values calculated by DSATools™ and estimated by

MLP respectively. N, is the number of instances in the test set.

Table 4.2 : Parameters and performance of best CCT estimator MLPs.

Contingency  Npest Npest MAEtestbest  PMAEtest best

1 45 12 0.0489 0.5718
2 27 15 0.0645 0.7078
3 27 15 0.0702 0.7987
4 33 12 0.0585 0.6575
5 39 9 0.0397 0.4767
6 57 8 0.1150 1.4648
7 57 6 0.0687 0.9387
8 57 9 0.0904 1.3742
9 51 8 0.0837 1.0512
10 45 13 0.0753 0.9916
11 45 8 0.0628 1.6123
12 51 10 0.0640 0.9809

Scatter diagrams for calculated CCT values by time domain simulations and
estimated CCT values by MLP are given in Figures 4.8 and 4.9.
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Figure 4.9 : Scatter diagrams for calculated and estimated CCT values
(contingencies 9 to 12) by TDS and MLP respectively.

Same methodology is applied to design structure of MLP to estimate the minimum
damping ratio for the most critical mode (small disturbance rotor angle stability). The
only difference is that, number of input features changes from 6 to 57 by fixed step
size 6. According to Figure 4.10, validation performance of MLP is enhanced with
the increasing number of input features. For determined MLP structure, test
performance of MLP and scatter diagrams are given in Table 4.3 and Figure 4.11,

respectively.
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Figure 4.10 : Performance of damping ratio estimator MLP with different number of
input features.
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Table 4.3 : Parameters and performance of best MDR estimator MLPs.

Npest hbest MAEteSt,best MAEteSt,best (%)
48 8 0.021 0.5034

48+
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Figure 4.11 : Scatter diagram for calculated and estimated damping ratios by modal
analysis and MLP respectively.

Performance of MLP on estimating CCT values and minimum damping ratio are
promising. When considering all cases, average of PMAE is approximately 1%. As
seen from Figures 4.6, 4.7 and 4.10, approximately 30 measurements can be enough
to get satisfactory results in most of cases. Scatter diagrams in Figure 4.8, 4.9 and
4.11 shows that, train and test data have some instances, which are not well
recognized by the MLP, but the number of these instances are considerably low, and
most of them are away from the security threshold which is the clearing time of

related circuit breaker.

The possible OPs of 16-generator power system (instances of KB) generally have
large disturbance angle stability problems for defined critical contingency list, and
most these OPs do not have small disturbance angle stability problem. Since small
disturbance angle stability is also one of the constraints of the optimization problem,
one MLP structure is designed to estimate the minimum damping ratio of most
critical system mode. Results show that damping ratio estimator MLP can be used

during the optimization.
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5. DYNAMIC SECURITY ENHANCEMENT

5.1 Introduction

In this section, a method that combines both generation rescheduling and load
curtailment approaches has been proposed as a preventive control to restore the
security of the system. While restoring the security against transient instabilities, the
other static security constraints related to voltage regulation, thermal and capacity
limits of equipment are also considered. Within the security region constrained by
both dynamic and static security limits, the power generation and consumption in the
system is rescheduled such that a cost that is a function of generation and
consumption rescheduling is optimized. Thus, the preventive control is designed

through the formulation and solution of a security constrained optimization problem

5.2 Optimization Problem

5.2.1 Control variables

Most critical constraints of the optimization problem are based on large and small
disturbance angle stability. Therefore, preferential control variables are selected to
make candidate solutions to satisfy these constraints first. Angle stability of the
system is sensitive to the active power flows through the transmission lines,
especially tie lines between areas. In this study, the active power flows are adjusted
by changing the location of injected active power to the system and also consumed
active power from the system. These methods are called generation rescheduling and

load curtailment, respectively.

From the generation rescheduling side, the power system can be deregulated, and
market based organization can limit this control action by predetermined contracts.
To increase the flexibility of changing the active power flow, load curtailment action
can be applied from the consumer side, but this control action is also limited with the

amount of intelligent load that can be curtailed in the system.
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On the other hand, using these methods can violate some other constraints of the
optimization problem, such as steady state voltage limits of each bus. For generation
buses, the magnitudes of the bus voltages are controlled by AVR that adjust the
reactive power generation of generators. For the other bus voltages, transformers
with tap changers are used. This adds discrete control variables to optimization
problem. The solution vector x for any candidate solution of this optimization

problem is defined as,
x = [AP; AP, ATrg,] (5.1)

where APg and 4P are change in the active power of generation and consumption of
generators and loads, respectively. Within these continuous control variables, 474
represents the change in tap position of transformers as discrete control variables.

Level of impact of generation shifting among different groups of generators on the
system’s security may differ. Therefore, system can be moved to a secure OP by
rescheduling only the relevant generators. This will reduce the size of the search
space, complexity of the optimization problem and also value of the cost function to
be minimized. In Section 6, feature selection methods are applied to select generators
relevant to the security of the system, but in this section, all 16 generators are
considered to be rescheduled and results of optimization methods are discussed. In
the solution vector, 15 of these generators are represented, because one of these
generators (bus no. 65) is defined as dependent (slack bus). The power generation of

this generator is determined by the power flow calculations.

As seen from the feature selection results in Appendix A, most features relevant to
CCT value of each contingency, are collected close to the transmission lines where
contingency occurs. Therefore, eight load buses close to these contingency locations
are determined for curtailment process during optimization. It is assumed that,
approximately 10% of total loads in these load buses are available for curtailment.
Similar to selection of relevant generators, feature selection methods are applied to
determine most relevant loads to be selected, in Section 6. One difference is, in
Section 6, selected loads are used in load shedding control action, but in this section,

these 8 loads are used for load curtailment.

Figure 5.1 shows the location of control variables and critical contingencies in the

system model. Total number of continuous control variables is 23 and the number of
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transformer tap changers in the system is 19. Therefore, the size of the search space
and the length of the solution vector of candidate solution are 42. Size of the search
space affects the selection of some important parameters of the optimization

methods.

Q@ Critical contingencies \l/ Loads to be curtailed
@ Tap changing transformers @ Generators to be rescheduled|

Figure 5.1 : Location of control variables and critical contingencies in the 16-
generator, 68-bus system model.

5.2.2 Objective function

The objective of the optimization is adjusting the OP by increasing or decreasing the
energy of participants (consumers and suppliers), for enhancing the dynamic security
of the system, considering predetermined system constraints. For satisfying the
security constraints, when energy of any participant is reduced, opportunity cost for
reduction in consumption or generation should be paid to these participants. On the
other hand, if system operator increases the energy of any suppliers, additional cost

for increasing the generation should be paid to the suppliers.

The problem is formulated as cost minimization objective function. Optimization
methods try to minimize the extra payment (opportunity and additional costs). It is
assumed that opportunity costs and additional costs are required for participant’s

active power rescheduling and no cost is defined for other control variables such as
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transformer tap-settings and rescheduling of reactive power sources. However, the
cost function can be extended with additional cost associated with other control
variables. The cost function based on opportunity and additional costs for active
power change can be formulated as,

flo,u) =YN, a;APF + b;(AP)2 + XN, ;AP + d; (AP )? (5.2)

where a, b, ¢ and d are the cost coefficients for change in the generation or

consumption value of N participants in the market (Table 5.1).

Table 5.1 : Parameters of f(x,u) for controlled generators to and loads.

Component a b C d APpax  APnin
name  ($/MWh) ($/MW?h) ($/MWh) ($/MW?h)  (MW)  (MW)
Gen. 1 5 0.154 5 0.3 56.429 -56.429
Gen. 2 3 0.156 2.7 0.12 118.08 -118.08
Gen. 3 2.5 0.146 2.5 0.14 151.68 -151.68
Gen. 4 3 0.132 2.1 0.13 132.1 -132.1
Gen. 5 3.9 0.158 2.9 0.21 116.08 -116.08
Gen. 6 4 0.17 3.8 0.22 165.15 -165.15
Gen. 7 2.5 0.163 4 0.29 134.25 -134.25
Gen. 8 4.3 0.144 3.5 0.23 126.09 -126.09
Gen. 9 3 0.102 2.7 0.21 183.06 -183.06

Gen. 10 4.3 0.276 2.7 0.17 11256 -112.56
Gen. 11 2.8 0.258 2.2 0.14 217.2 -217.2
Gen. 12 3.6 0.162 2.3 0.16 285.05 -285.05
Gen. 13 4.2 0.364 4.4 0.28 422.1 -422.1
Gen. 14 4.28 0.158 3.28 0.29 404.97 -404.97
Gen. 15 4.56 0.156 2.56 0.13 237.26 -237.26
Gen. 16 3 0.15 2.5 0.15 650.84 -650.84
Load 1 11.2 0.21 9.5 0.32 0 -53.299
Load 2 10.3 0.284 7.6 0.27 0 -25.636
Load 3 125 0.265 9.1 0.28 0 -33.403
Load 4 9 0.215 8 0.39 0 -38.832
Load 5 12.9 0.212 1.7 0.29 0 -79.634
Load 6 13 0.289 8.5 0.26 0 -29.355
Load 7 10.8 0.224 8.3 0.28 0 -27.605
Load 8 12.1 0.253 8.8 0.31 0 -34.356

5.2.3 Constraints and penalty functions

As mentioned in Section 3.4, defined optimization problem involves large number of

equality and inequality constraints. Power flow equations are the only equality

constraints in this problem. Assume that Uiel.jgi is the complex form of the voltage
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value at ith bus. Then, active and reactive power flow equations for all buses are
calculated as below,

PGi _PLi_UiZ?’=1Uj Yl] COS(Qi_Qj _611) =0 (53)

Qi — Qui — Ui X1 U; Yy sin(6; — 6; — 6;) = 0 (5.4)

where Pgi and Qg; represent the active and reactive power generation at ith bus,
respectively. Py and Qy; are active and reactive power consumption at ith bus,
respectively. Y;j; is the value of ith row and jth column of admittance matrix. &;; is the

phase angle between the ith and jth buses where total number of buses is N. Also,

Zi\,:Gl Pgi = legi1 Py + Ppogs (5-5)

where Ng and N_ represent the total number of generators and loads, respectively.
Ploss IS the total active power losses in overall transmission lines. If power flow
equations cannot be satisfied for any individuals, biggest penalization will be applied
for related individual of the population.

Steady state voltage values of each bus should be maintained with an acceptable

range as follows,
|Ui|min < |Ui| < |Ui|max (5-6)

where |U;|min @and |U;|max are lower and upper limits for ith bus voltages. Thermal
limits can be defined as the maximum amount of electrical power flows through the

transmission lines without overheating such as,
S| < 1831, (5.7)

where |Si j| represents the apparent power transferred between ith bus and jth bus and
|Sij|th is the thermal limit of the line between these buses. Generally, this criterion is

not achieved, because angle stability constraints are more conservative than thermal
limits and stability constraints limit the transferred power through the line with value
lower than thermal limits. Transient stability constraint is based on CCT of each

critical contingency, and the inequality constraint is defined as,
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CT,, < CCT,, (5.8)

where CCT,, is the critical clearing time for mth contingency, and CT,, is the clearing
time of the curciut breakers located on the transmission line where the mth
contingency occurs. Small signal stability constraint is based on damping of the most

critical mode,

Emin < S; (59)

where £ is the minimum damping ratio of the most critical mode for the current OP,
and &, 1S the minimum lower limit, which is selected %4 in this study. The penalty
function for the infeasible solutions is the weighted sum of violations of inequality

constraints given between (5.6) and (5.9),
p(x,u) =wy 21'631 Vy,i T W; 21331 VUri t w3 2}:21 Ve,i T WaVp (5.10)

where vy ; is the violation according to the voltage limits of ith bus, vr; is the
violation according to the thermal limit of ith transmission line, v ; is the violation
according to the transient stability limit for ith critical contingency and vj is the
violation according to small signal stability of the system. Weights of violations,
wy, w,, w3 and w, are not adjusted to give priority to one violation type, they are
computed to equalize their effect on the penalty function, since magnitude of
possible violations and number of constrained parameters are different for each

inequality constraint type.

During the optimization, stability constraints for each candidate solution are
estimated by offline trained ANN described in previous section. Additional
constraints are also considered during the optimization. As inequality constraints,
limits for the generated power by generators, limits of curtailment quantity of loads,
limits for steady state bus voltages and limits for the power flows through
transmission lines are taken into account. ANNS are integrated into the optimization

process is as follows,

1. Initial population is created
2. Power flow solutions are computed (to read measurements)
3. Dynamic security assessment by ANN

4. Calculation of objective and penalty functions for candidate solutions
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5. Calculation of fitness function for candidate solutions
6. Created of new solutions by the optimization algorithm

7. Repeat steps 2 to 6, until stopping criterion is achieved.

As explained in Section 3.4, adaptive constraint handling method is applied to reach

the feasible solution space during optimization.

5.3 Results for Security Constrained Optimal Preventive Control Action

For security constrained optimal preventive control action problem is solved with 6
different optimization methods explained in Section 3. As an initial condition, one
OP (27" OP) of created KB to train the ANN, is selected. This OP is insecure with
respect to CCT values computed for critical contingencies and clearing time (CT)

values of circuit breakers given in Table 5.2.

Table 5.2 : CCT values for critical contingencies on initial OP and CT values of
circuit breakers, which clear critical contingencies.

Cont. 1 2 3 4 5 6 7 8 9 10 11 12
CCT 697 733 7.01 687 659 581 493 406 564 553 191 437
CT 9 9 9 9 9 8 7 7 8 8 5 7

Final solutions of the optimization methods may vary because of the randomness in
creating candidate solutions. To investigate the reliability of the methods,
optimization process is repeated 20 times for each optimization method.
Optimization tries involves approximately 8000 function evaluations for each
optimization method. Results associated with the final solutions and first feasible

solutions (feas1) achieved are given in Table 5.3.

Table 5.3 : Results for all optimization methods.

Method  Minimum  Average Std.dev. Average Average Average
fina(XU)  fina(X,u)  fina(x,u)  Num.of  Timefes:  freass(X,U)

($/h) ($/h) ($/h) Fevaleass  (minutes)  ($/h)
GA 15844.68 19797.02 2901.23 648 3.42 82947.9
DE 15840.05 1723491 756.01 514.5 2.57 89310.4
BB-BC 17308.25 19733.03 1328.65 357 1.78 85424.4
PSO 15266.61 16861.87 1095.15 339.5 1.69 100768.5

ABC 15202.31 16689.18 912.72 734.4 3.67 85256.9
MVMO  15183.28 15920.69 526.77 1121.9 5.61 72313.1

All optimization methods start the searching process with randomly created solutions
by considering upper and lower limits of control variables. Therefore, all solutions in
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the earlier iterations are infeasible with respect to high number of constraints. As
seen from the Table 5.3, all methods have the ability to reach the feasible solutions
less than 6 minutes. This time also depends on the initial condition of the power
system. If the initial OP is far away from the security boundary and there are high
number of constraint violations, the required time to find a feasible solution can be
relatively more than the initial OP with less violations. Feasible final solutions of
optimization methods also confirm the success of the proposed penalization based

constraint-handling strategy.

Figure B.1 in the Appendix B, shows the evolution of penalty function value of best
solutions during 20 optimization runs for all algorithms. From Table 5.3 and Figure
B.1, BB-BC and PSO can be considered fastest algorithms by means of reaching
feasible solutions. During, the first phase of optimization where the population
involves only infeasible solutions, the main target is not minimization of the
objective function. Results show that searching characteristics of BB-BC and PSO

are proper to be used in the first phase of the optimization.

Last column of the Table 5.3 shows that, the average objective function values,
freas1(X,U) OF the first feasible solutions reached during the optimization are much
higher than the final solutions of the iterations. So, in this second phase, algorithms
should need time to improve the objective function value of feasible solutions
achieved, and also increase the number of feasible solutions in the population. First
three column of Table 5.3 shows that, although BB-BC is one of the fastest algorithm
with respect to its convergence speed in the first phase, the algorithm is not as
successful as improving the best objective function value. This result shows that, fast
convergence strategies may lead to stack into local minimum points. Relatively
slower convergence strategies of other algorithms reaches objective function values
lower than 16000 $/h.

Second and third columns of Table 5.3 indicate the reliability of the optimization
methods. For this optimization problem, GA and BB-BC can be considered more
sensitive to the randomness, when compared with the other optimization methods.
Although GA can reach solutions with objective function values less than 16.000 $/h,
mean and standard deviation of multiple tries are not satisfactory. Figure 5.2 shows
the minimization of the best objective function values achieved in 20 runs of all

optimization methods. Graphics show that the problems of GA and BB-BC are
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different. Multiple BB-BC runs shows similar convergence characteristic, like other
reliable methods. This means that BB-BC needs to find a new strategy to improve
objective function values of feasible solutions in the last section of the optimization.
On the other hand, multiple GA runs may have different characteristic in each phase
of the optimization. This increases the probability of sticking around local minimums
during the GA optimizations. The other methods can be considered as reliable for the
mentioned multi-dimensional optimization problem, which involves considerable

number of nonlinear constraints, also continuous and discrete control variables.
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Figure 5.2 : Minimization of the best objective function values achieved in 20 trials
of all optimization methods.
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As mentioned before, in the earlier iterations, priority is given to feasibility instead of
objective function value. This is the reason of fluctuation on the objective function
values of best individuals, in the earlier iterations. As seen from the Figure 5.2, when
iterations go forward and feasibility problem is solved, objective function values of
best solutions start to decrease. This strategy can also be seen from Figure B.2 in the
Appendix B, that shows the changes on the costly parameters of best solutions
during, best runs of all optimization methods. Costly parameters of solutions mean
that parameters which directly affect the objective function of the solution, such as
active power change in the generation (4Pg) and load (4P.) buses. From Figure B.2,
the magnitude of the deviation of any participant’s active power (|4P;||A4P.|)
increase or decrease to satisfy the constraints of the optimization problem. Then,

|AP;| and |AP,| values tend to move close to the zero, until causing violations.

Figure 5.3 and Figure 5.4 show the final value of 4Pg and 4P, for the best solutions
achieved by each optimization method after multiple runs. When the generation
rescheduling sections of the best preventive control strategies (4Pg) are analyzed by
considering the system topology in Figure 5.1, it has been observed that final
solution of the optimization decrease the active power generation of synchronous
generators (no. 2, 3, 6, 7) which significantly affect the active power flows through
the transmission lines where critical contingencies occurs. In addition, curtailment of
selected loads around the locations of critical contingencies helps generation
rescheduling to relax these important transmission lines and increase the CCT values.
As mentioned before, curtailment action is limited with the amount of intelligent
loads in selected load buses. So, the difference between high generation decrease on
generators 2, 3, 6 and 7 cannot be balanced only by limited curtailment action and
synchronous generators in the west and north side of the power system model
increases their generations, as seen from Figure 5.3. Another result from Figure 5.3
and 5.4, is the correlation between the parameters of best solutions of different
optimization methods. This relation can be easily observed on the 4Pg parameters,
which are more effective than 4P, parameters, on satisfying the security constraints.

Discrete 4774, parameters of the solution is not investigated in here, since their main
effect is on changing reactive power flow and satisfying steady state voltage

constraints for the solution in each phase of the optimization. Therefore, 47Tt
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parameters of solutions can get any value between predetermined limits during the
optimization and do not change the objective function value of the solutions.

When the optimization methods use randomly generated initial populations, they
require approximately 40 minutes for 8000 iterations. If ANNs are not utilized,
optimizations take 18 hours, and this time can increase for larger systems. Since
optimizations need 8000 iterations, results show that optimization methods can
quickly reach feasible solutions with the help of constraint handling methods. As
seen from Figure B.2, variables of best solutions swing before the search algorithm
reaches feasible area. Then, first feasible solutions start to converge to an optimum
point which is relatively closer to the first feasible solutions, if compared with the
current insecure OP of the system. Therefore, if system operator needs to apply a fast
control action to prevent the system against critical contingencies, feasible solutions
achieved by the algorithms just in a few minutes (Table 5.3) can be used. When the
optimization is completed, system operator can move the system to the final OP

which is not far away from the temporal OP (first feasible solution).
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Figure 5.3 : Generation rescheduling section of the best solutions achieved by each
optimization method.
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Figure 5.4 : Load curtailment section of the best solutions achieved by each
optimization method.
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Results given so far, are based on preventive control action applied on a test system
operating in an insecure OP (OP,;), which is chosen from the KB. Same
methodology is applied to various selected insecure OPs with different topologies
and loading levels (Table 5.4). As seen from loading level values, the system is
stressed to create insecure operating conditions for selected 12 contingencies. In
addition, some important lines are removed from the system. For all OPs, CCTs
values of each critical contingency is lower than the stability limits. Then, each
optimization method runs (5 times) to enhance the dynamic security of the system
operating in these OPs. Table 5.5 shows the, average of cost function values found
by each optimization method after 5 optimization runs. Since, designed ANNSs for
DSA is capable to recognize topological changes and various loading levels, the
same ANNSs can be used for the optimizations related with all insecure current OPs.
Final solutions of all optimization methods move the system to a secure OP. Most of
the results are similar to the tables and figures given above for the first case (OP5y).
According to the results of Table 5.5, for various insecure OPs, the only difference is

the total cost required to move the system to a secure OP.

Table 5.4 : Topological changes and loading levels for selected OPs.

OP number Line outage Loading

in KB between buses level (%)
27 - 111
228 4-14 115
329 8-9 120
425 17-27 112

Table 5.5 : Optimization results for different system conditions.

Average fnai(X,u) ($/h)

Method OP»; OP228 OP329 OP425
GA 19797.02 26798.77 41517.48 26931.87
DE 1723491 24525.63 24331.59 20748.36

BB-BC 19733.03 26336.66 28567.89 22004.34

PSO  16861.87 25490.49 27205.68 20828.03
ABC 16689.18 24495.04 26729.76 20086.17
MVMO 15920.69 22993.44 29376.33 20668.55
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6. RESULTS FOR VARIOUS TEST SYSTEMS

6.1 Introduction

During my doctoral studies, proposed methodology has been modified and it has
been applied to various available test systems. Sections 4 and 5 represent the results
of the present form of the methodology applied to 16-generator, 68-bus test system.
This section represents the results of the past methodologies applied to 17-
generator,163-bus lowa and 50-generator, 145-bus IEEE tests systems [70], in

addition to 16-generator, 68-bus test system.

In the methodology explained in Sections 4 and 5, DSA is considered as a regression
problem. Nonlinear relationship between CCT values of each contingency and
relevant system features is identified by MLPs. Beside online security assessment,
these neural network structures are also used to determine the security status of the
candidate solutions during optimization of preventive control action, generation

rescheduling.

In previous methodologies, DSA is also considered as a two-class classification
problem where the classes for the system security are secure and insecure. This
problem is solved by using a modified Probabilistic Neural Network (PNN) which is
specially designed for classification problems. During the GA optimization for
optimal generation rescheduling, PNN classify new children of the population

(candidate solutions) as secure or insecure.

Although ANN structures increase the speed of the optimization, it is obvious that
there is a trade-off between speed and accuracy of identifying the security boundary.
In this section, 100% accurate but time consuming time domain simulations are also
used during optimization to compare various optimization methods to optimize both
preventive and corrective control actions. Details about these studies can be found in
[12, 72].
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6.2 PNN and ANFIS Integrated Optimal Preventive Control Action

This section represents, DSA and generation rescheduling methodology utilizing
GAs which are integrated with PNNs and ANFISs for the preventive control action

against transient instabilities.

PNNs are employed in a feasible manner to calculate the security regions accurately
during the assessment and control. The security constrained generation rescheduling
is implemented through a GA, which optimizes the total fuel cost or generation
shifting during the preventive control. The steady-state solutions of the variables
required for the GA are smoothly performed by the use of an ANFIS. The
methodology is demonstrated on the 17-generator, 163-bus lowa power system and
on the IEEE 50-generator, 145-bus test system.

The methodology includes a number of elaborate steps towards generation
rescheduling as a preventive control against transient instabilities. These steps can be
listed as,

1. Contingency analysis and creation of a KB
2. Training and developing of a PNN as a security assessment tool
3. Training and developing of ANFIS as a power flow solution tool

4. Application of GA based optimization to enhance power system security

6.2.1 Contingency analysis and creation of knowledge base

Method starts with a contingency analysis to be performed for determining the
critical contingencies that have the potential to create transient instabilities in the
power system. This step includes extensive time-domain simulations under possible

contingencies and differentiating the critical contingencies from the others.

The critical contingencies considered in the test systems are 3-phase-ground faults
that are cleared 5 cycles after their occurrences by a single line tripping but causing
transient instabilities based on the stability index defined in (4.1). In Table 6.1, a list
of considered critical contingencies for the 17-generator and 50-generator systems is

given.
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Table 6.1 : Critical contingencies for 17-generator and 50-generator systems.

17-generator system 50-generator system
Contingency  3-phase  Tripped line  Contingency 3-phase  Tripped line
no. fault between no. fault between
close to buses close to buses
bus no. bus no.
1 26 26-25 1 128 128-119
2 26 26-75 2 128 128-129
3 26 26-74 3 129 129-128
4 26 26-149 4 94 94-60
5 75 75-26 5 60 60-94
6 75 75-128 6 117 117-102
7 75 75-9 7 117 102-117
8 128 128-75

Followed by the contingency analysis, a group of generators is selected for
generation rescheduling as a preventive control against the critical contingencies. For
each critical contingency, the generators that are most effective in shaping the
system’s transient stability can be found through sensitivity analysis. Although, this
approach may reduce the dimension of the space in which we apply the security
assessment and control, and thus, reduce the computational burden, in this
methodology, it is assumed that a group of generators that are available for
rescheduling such that some of the generators in the group are very effective in the
system’s transient stability against the contingencies whereas the others are not. The
reason of this approach is to test the efficiency of the proposed assessment and
control method in a more general case in which the classification and decision are to
be done when some of the variables are not very critical for the security status of the
system. For both power systems, five generators are assumed to be available for
generation rescheduling and the security regions are computed in the space of

generations at the buses given in Table 6.2.

Table 6.2 : Generators considered in DSA and preventive control.

17-generator system 50-generator system

Generator Bus Min. Max. Generator Bus Min. Max.
no. no. output output no. no. output output
(MW) (MW) (MW) (MW)

1 6 1007 1107 1 94 100 250

2 73 357 1007 2 102 1400 1500

3 76 1107 1557 3 128 8750 8850

4 131 707 807 4 137 2350 2500
5 130 133 1172 5 145 21932 22137
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In this method, the security assessment and control are conducted in the parameter
space of outputs of some selected generators. Creation of a direct KB which contains
a wide range of OPs, and the security status of the system at each of these points is
substantial. A synthetic data, KB, is generated through power flow calculations and
time-domain simulations for training and testing processes of PNN. During the
creation of KB, OPs are defined and distinguished by the real power generations at
the five selected buses which can be rescheduled during the operation of the power
system. To create an initial KB, all independent generation values for each OP are

produced as we uniformly grid the hypercube,
H =TI} | PPl (6.1

where there are (r-1)=4 independent generators considered in the DSA, P;; and Pg;

are the minimum and the maximum limits of the ith generator, respectively. For each
OP, the dependent power generation, Pgs , is determined by the power flow solution
at the current loading condition. For the 17-generator system, the initial KB is
formed by 140 OPs as we grid the hypercube with a spacing of 100 MW, whereas the
initial KB for the 50-generator system is formed by 144 OPs with a grid spacing of
50 MW. For performance evaluation of the proposed PNNSs, test sets with higher
resolutions are generated. For the 17-generator system, the grid spacing is selected as
25 MW resulting a test set consists of 12825 OPs and for the 50-generator system,
the grid spacing is selected as 12.5 MW resulting a test set consists of 13689 OPs.

For each OP of KB, the power flow computation and the identification of security
status via time-domain simulations are performed by DSATools™ [58]. The OPs in
the KB identified by the generations at which the system preserves its stability
against all credible contingencies without violating generation capabilities of the
generators are labeled as secure. In this work, the transient stability criterion is
considered to be the only dynamic security criterion, and the angle stability of the

system is quantified by the stability index #» defined in (4.1).

6.2.2 Security assessment by PNN

In the DSA process, we propose the employment of a PNN that classifies the security

status of the power system as it determines if the current or a projected OP is secure
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for all of the credible contingencies. Hence, depending on the PNN's classification,
proper preventive control actions can be taken if necessary.

Two important factors in the design of a PNN have been elaborated in this work:
classification performance of the PNN and computational feasibility during the
implementation. While the classification performance of a PNN significantly
depends on the network structure and the parameters of the Gaussian activation
functions, computational feasibility is greatly affected by the size of the TS, which
has to be generated through power flow and time-domain simulations. Moreover,
execution speed of the PNN is significantly related with the size of the pattern layer
of the PNN, which is also directly dependent on the size of the TS. In Figure 6.1, an
algorithm is proposed for generating the proper training sets, which enhance the
classification performance of the PNNs, whereas the algorithm keeps the

computational requirements at a limited level.

[Creating initial KB]
v

Add to KB

A

Create
new points
A
Training set

Figure 6.1 : Flowchart of training set selection algorithm.

neighbor points

{ Searching nearest

The proposed algorithm starts with the generation of an initial KB, which includes a
collection of OPs and their securities in the parameter space of interest. The
algorithm then iterates the following two consecutive steps until a satisfactory
classification performance is ensured: searching the pairs of neighboring OPs
belonging opposite classes for training, and generation of new OPs for the next

iteration.

In the former step, the pairs of nearest neighbor OPs are collected as we measure the
level of neighborhood by the Euclidian distance between the points in the KB. If the
points in a pair belong to different classes, they are considered to be located near the
security boundary, and these points are selected for the TS of the PNN. Suppose the
KB at the kth iteration of the algorithm, KBy, is composed of two distinct sets: the set
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of secure OPs, Sy, and the set of insecure OPs, Iy, i.e. KB, = S; U I;.. Then, the set
of pairs, each of which includes two OPs with opposing security statuses and that are
close to the boundary,

SB, = {(OP,, 0P;) € S x I;:||0P; — OP;|| = min||OP; — OP,||}
OP; € Sy, OP; € I, (6.2)
i=1,2..NGS,j=12..NUl)r=12..N(S),i#r
where the size of a set is denoted by N(.). Hence, the TS at the kth iteration,
TS, = {OP:OP € SBj,SB), € SBy,1 = 1,2,...,N (SBy)} (6.3)

The selection of the TS formed only by the neighboring OPs of different classes
results in a high classification performance of PNN, because the accuracy in
classification of an input vector (OP) near the actual boundary is directly dependent
on its distance to the points of the TS.

In the latter step, the selected pairs of points in the previous step are used for creating
new OPs which are to be added to the KB for the next iteration of the algorithm. For
each selected pair, a new OP which is the midpoint between the points in the pair is
generated.

KBy.1 = KB U {OP: oP = ! 5 (op,0P) € SBk},k =12.. (6.4)

2(op;+oP

Thus, since the new pairs of OPs get closer to the actual security boundary, the
classification performance of PNN increases with the number of iterations.

During the generation of the new OPs and the TS of PNN, owing to the proposed
approach, since the number of new points to be created is kept limited, the
computational burden due to power flow and time-domain simulations as well as the

execution time of the PNN remains feasible.

Closeness of an OP to the security boundary can be associated with the number of its
nearest neighbors placed on the other side of the boundary. Therefore, in this work,
the pattern neuron associated with an OP is weighted based on the closeness of the
OP to the security boundary. The weight of each neuron in class ¢ can be selected as

Wes =afs (6.5)
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where a is the number of nearest neighbors of the related point with the opposite
security state, and s is the number of pattern neurons belonging to class c.

Since the DSA in this work can be considered as a two class classification task, two
types of misclassification of PNN may occur: false alarm when a secure OP is

classified as insecure, missed alarm when an insecure OP is classified as secure.

When the missed alarm rate is considered to be more critical, a relatively small
weight can be assigned for the output of the neuron belonging to secure class in the
summation layer. The missed alarm rate decrease, but the false alarm rate increases,

thus, the classification performance of PNN does not change significantly.

Classification performance of a PNN is also greatly affected by the spread values of
the Gaussian activation functions. Small spread values produce sharp shaped
functions, which can cause an over-fitting problem, on the other hand, large spread
values flatten details. In any of the two cases, the misclassification rate of PNN
increases as they lead to false or missed alarms in the security assessment. Assigning
different spread parameters for activation functions belonging to different classes in
the pattern layer increases the flexibility of PNN’s structure. The use of single and
multi-spread PNN structures in the DSA in power systems is studied in [72]. In this
work, we only utilize the single-spread PNNs due to their simplicity.

By the proposed approach, the centers of activation functions in the pattern layer of
PNN coincide with the points in the TS. Starting with an initial KB, the KB is
updated in each iteration as described in Figure 6.1. Table 6.3 shows the sizes of the
TS and the KB in each iteration for the two test systems.

Table 6.3 : Size of the TS and KB at each iteration.

17-generator system 50-generator system
Iteration TS size KB size Iteration TS size KB size
1 71 140 1 84 144
2 119 221 2 116 211
3 162 302 3 123 278

The size of the TS as well as the number of activation functions in the pattern layer
increases with the number of iterations. However, by the proposed approach, the
total TS size is kept limited in order to bind the PNN's size and its execution time. As
the number of iterations increases, OPs in the TS become denser around the security

boundary. Hence, the developed PNN detects the security status of any current OP
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more accurately as the iterations progress. Table 6.4 shows the maximum PNN
performances in each iteration for the calculated optimum spread values. Results
show that classification performances of the PNN structures increase with the

number of iterations, whereas the sizes of the pattern layers of the PNNs remain
small.

Table 6.4 : Performances of PNNSs.

17-generator test system 50-generator test system

It. Spread Overall Missed False Spread Overall Missed False
success alarm  alarm success alarm alarm

(%) (%) (%) (%) %) (%)

1 69 95.82 291 1.27 35 83.55 8.18 8.27
2 64 96.15 3.46 0.39 33 92.49 4.54 2.97
3 60 96.58 3.06 0.36 12 95.48 1.68 2.84

For each iteration, PNN classification performances with respect to changing values
of spread parameters are given in Figure 6.2. A high classification performance
requires a proper spread parameter, which is dependent on the distances between the
nearest neighbors in the TS. A proper selection of the spread parameter that takes the
developed TS into account ensures the enhancement of the classification
performance as the iterations go forward. According to Figure 6.2, even if the
optimum spread parameters in Table 6.4 are not assigned, the classification
performance increases with the number of iterations as long as a fixed spread

parameter from a reasonable range is selected.
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Figure 6.2 : PNN performances with respect to changing values of spread
parameters a) 17-generator system b) 50-generator system.

Missed alarms are more critical than false alarms during the DSA, because no
preventive control action would be considered for the current insecure OP in case of

a missed alarm. Missed alarms are also critical during the preventive control, since
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the system can be dragged to an insecure OP by the control action. In order to
decrease the missed alarm rate, the output of summation neuron belonging to secure
class is reduced by 5% in the PNN structure. As seen from Table 6.4 and Table 6.5,
this modification decreases the missed alarm rate and increases the false alarm rate,

while the overall classification performance remains satisfactory.

Table 6.5 : Performances of PNNs accounting for missed alarm priority.

17-generator system 50-generator system
It. Spread Overall Missed False Spread Overall Missed False
success alarm alarm success alarm  alarm
(%) (%) (%) (%) (%) (%)

1 75 95.75 261 1.62 59 84.16 4.79 10.92
73 96.57 231 110 37 91.89 3.06 5.04
3 78 97.15 0.16 2.68 12 95.48 1.44 3.08

N

6.2.3 Power flow solutions by ANFIS

To calculate the fitness values of the new children, the output of the dependent
generator that is rescheduled is to be determined. Therefore, a steady-state solution
for each new OP has to be calculated via power flow computation, which is a time
consuming task that can slow down the optimization algorithm dramatically. As an
alternative, which relieves most of the computational burden due to this problem, an
ANFIS model that estimates the dependent generator's output is proposed. The

process of forming a new population in GA is summarized in Figure 6.3.

New
children

New
population

ANFISH Fitness ]
evaluation

Figure 6.3 : Flowchart of forming a new population in GA.

The ANFIS is trained by a set of OPs (steady-state solutions) which have previously
calculated through power flow computations and included in the KB generated for
security assessment. The independent generator outputs of the OPs are the inputs to
the ANFIS, and the dependent generator outputs are selected to be the target values.

The number of MFs is directly related with the size of the ANFIS structure, and it
also affects the computational burden and execution time. While using a single MF

for each input node can decrease the accuracy of ANFIS, using a large number of
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MFs, and, therefore, using excessively large numbers of rules and parameters require
more computation without significantly enhancing the overall performance of
ANFIS. The ANFIS, which computes the values of dependent generator outputs for
the new children (OPs) instead of running a power flow program, has the parameters

given in Table 6.6.

Table 6.6 : Parameters of ANFIS.

Number of inputs 4 (Pg1..4)
Number of outputs 1 (Pgs)
Number of MFs 8

MF type Generalized Bell
Number of rules 16
Number of consequent param. 80
Training epoch number 5
Training error goal 0.0001
Initial step size 0.001
Step size decrease rate 0.9

Step size increase rate 1.1

In order to assess the performance of the ANFIS, the relative error E in computing

the steady-state solutions of OPs in either training or test set is defined as

n
Z1::1 PGS,i

where n is number of OPs, Pgs; and Pgs; are the actual and estimated outputs of the

dependent generator at the ith OP, respectively.

The final KB in Table 6.4, which has been utilized during the PNN's training is
randomly divided into two as training and test sets for the calculation of relative
errors of ANFIS. The relative errors in the training and test sets are given in Table
6.7. The results show that the proposed ANFIS has a satisfactory performance in

estimating steady-state solutions.

Table 6.7 : Estimation performance of ANFIS.

E-rain Etest Training set size  Test set size
17-generator  3.12x 10*  3.20 x 107 202 100
system
50-generator  1.49x 10*  4.59 x 10 186 92
system
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6.2.4 GA based optimal generation rescheduling

A dynamic security constrained generation rescheduling method is proposed as a
preventive control technique against transient instabilities when the current OP is
classified to be insecure by the PNN. The method involves shifting the generations
among a group of available generators such that the system is drawn to an OP in the
secure region in which the system preserves its stability even if a critical contingency

Ooccurs.

While the power system is moved to a new OP at which the system’s security is
regained, the proposed method also involves an optimization procedure that offers a
minimum generation shifting or a minimum total fuel cost for the preventive control

action. The security constrained generation rescheduling can be expressed as

minimize f (x, u), subject to
g(x, u)=0
h(x, u) <0

where u represents the control variables, which are the active power generations to
be rescheduled, and x represents the dependent variables of the system due to power
flow solutions and time-domain simulations. The power flow equations are
represented by the equality g(x,u) = 0 whereas the dynamic security constraints are
represented by the inequality h(x,u) < 0 . Two objective functions are considered in
this work: the total amount of generation shifting during the preventive control

action,

fi0) = [SI(PY = Pty ©7)
and the total fuel cost at the target OP,

f2(w) = Xi_1 fai = Xioq @i PGy + biPgi + ¢ (6.8)
where r is the number of generators to be rescheduled, P;; is the active power output
of ith generator, P2; is the active power output of ith generator for the current
insecure point. a;, bj and c; are the parameters for the fuel cost function of ith
generator, fgi. The total generation shifting f; is expressed in MW, and the total fuel
cost f, is expressed in $/hr. The parameters of the fuel cost function in (6.7) for

generators to be rescheduled are given in Table 6.8.
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Table 6.8 : Parameters of fuel cost function.

17-generator system 50-generator system
Gen. a bi Ci Gen. a bi Ci
no. ($MW?h) ($/MWh) ($/h)  no. ($/MW?h) ($/MWh) ($/h)
1 0.15 20 2000 1 0.1 25 1500
2 0.15 40 2000 2 0.1 20 1500
3 0.08 15 1400 3 0.01 8 1400
4 0.2 50 2000 4 0.09 25 1500
5 0.25 15 1500 5 0.01 10 2000

In this work, generation rescheduling is considered as a security constrained
optimization problem. An optimization technique that starts from an initial point and
searches the global optimal point in a multidimensional parameter space can be a
time consuming task. If the initial point is not selected properly, the optimization
algorithm may require a substantial amount of computation time for convergence or
it might get stuck at local optimums. Due to aforementioned disadvantages, usage of
GA:s for the solution to generation rescheduling in large power systems is promising.

In the GA structure of the constrained optimization problem of interest, each
individual is represented by an OP defined by the active power outputs of r
generators to be rescheduled. Since the rescheduling problem is solved under a
constant loading condition of the system, the outputs of the (r-1) independent
generators will define each OP uniquely at which the output of the dependent

generator is calculated via power flow equations.

Fitness of individuals depends on the selected objective functions. Depending on the
objective function, if an individual is very close to the current OP or has little fuel

cost, the fitness value as well as the selection probability of this individual is high.

OPs are expressed as individuals in a population, and each point is presented by a
chromosome. For direct calculations, real coded representation is used instead of
binary code representation. Therefore, any chromosome 1, which contains (r-1)

independent generator outputs as its genes, is represented by

I = [PGl PGZ PG(T'—I)] (69)

Generally, initial population is formed by randomly selected secure OPs from a KB.
For both objective functions, since the optimum solutions normally lay on the
security boundary, the initial population can be formed by the OPs that are close to
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the boundary, which were previously used in the PNN training. Hence, the search
space and computation time for the optimization can be decreased judiciously.

Individuals can be selected through various selection operators such as roulette
wheel, rank and tournament selection. The winners are selected as parents to produce

children (new OPs) via a crossover operator.

One or multi-point crossover methods, which are the mostly used crossover methods,
produce the OPs that already belong to the KB. In this work, to increase gene variety

and to produce different OPs, weighted (arithmetic) crossover method is applied.

Security condition of the new OPs has to be determined before adding them to the
population. If an insecure new child is detected, this child will not be placed into the
population. The classification of the new OPs is simply performed by the trained
PNN which was used for the security assessment of the current OP. In order to form
the new population, the individuals with lowest fitness values are replaced by the
newly generated secure children.

To calculate the fitness values of the new children, the output of the dependent
generator that is rescheduled is to be determined. Therefore, a steady-state solution
for each new OP has to be calculated via power flow computation, which is a time
consuming task that can slow down the optimization algorithm dramatically. As an
alternative which relieves most of the computational burden due to this problem, an

ANFIS model that estimates the dependent generator's output is proposed.

The ANFIS is trained by a set of OPs (steady-state solutions) which have previously
calculated through power flow computations and included in the KB generated for
security assessment. The independent generator outputs of the OPs are the inputs to

the ANFIS, and the dependent generator outputs are selected to be the target values.

The number of MFs is directly related with the size of the ANFIS structure, and it
also affects the computational burden and execution time. While using a single MF
for each input node can decrease the accuracy of ANFIS, using a large number of
MFs, and, therefore, using excessively large numbers of rules and parameters require
more computation without significantly enhancing the overall performance of
ANFIS.

After replacing the OPs with lowest fitness values by the newly generated secure

OPs, a mutation operator is applied to prevent the algorithm getting stuck into local
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optimum solutions. If an excessively large mutation probability is selected, the
algorithm needs more time to converge, and the time required for the optimization

increases.

The selection of the stopping criterion is also critical for the proposed method. Due
to the randomness in the operators used in the algorithm, an arbitrary number of
iterations may not always give an optimum solution. The deviation in the average
objective function value of the evolving population can be utilized in the stopping

criterion, to determine if the algorithm still needs to run for a better solution.

Security constrained generation rescheduling method that is described in Section 3.3
is implemented to the two test systems as the objective functions f; in (6.7) and f; in

(6.8) with the parameters given in Table 6.8 are minimized.

In the beginning of the optimization procedure based on GA, the chromosomes of

the initial population involving the independent generator outputs are randomly
selected from the set of secure OPs in the final (3") iteration of KB creation (Table
6.5). While a small sized population may not scan the whole parameter space, a
larger sized population requires more time for fitness evaluation in one GA iteration.
In this work, the population size is chosen as 60 by considering the parameter limits
and the chromosome length.

The tournament method is chosen as a selection operator. Large tournament sizes
may increase the chance of individuals with low fitness values and they may also
slow down the algorithm's convergence. For the selected population size of 60, the
tournament size is selected as 8. According to the weighted (arithmetic) crossover

method, for each pair of parents, new children c, and ¢, can be calculated as,
ca =P,(w)+P,(1—w) (6.10)
cp, =P,(1—w)+ Py(w) (6.11)

where P, and Py, represent the parents in the pair and the weight w is selected as 0.65.
Followed by the crossover operation, the individuals with the lowest fitness values in
the population are replaced by the new children that are identified as secure by the
PNN. The ANFIS, which computes the values of dependent generator outputs for the

new children (OPs) instead of running a power flow program.
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To prevent the algorithm getting stuck into local optimum solutions, the mutation
probability is set to be %10. If the mutation operator is applied in a generation, the
steady-state solutions for the mutated chromosomes are calculated by the previously

developed ANFIS. Additionally, the stopping criterion for the GA is selected as

o = mean(Jx—150)—mean(Jy) < 0_01’ x> 150 (6.12)

mean(Jx—1s0)

where mean(J,) and mean(J,_;5,) are the average objective function values of the
populations at the xth and the (x-150)th generation, respectively.

The proposed generation rescheduling method is applied to the two test systems that
are initially operating at insecure OPs at which the securities of the systems are

successfully determined by the developed PNNs.

The two objectives for the preventive control, which are the minimization of total
fuel cost and generation shifting, have been considered for the test systems. The
optimum solutions to these problems will normally lie on the security boundary.
During the execution of GA, as the individuals (OPs) of the evolving population
approach the security boundary, newly generated OPs are more likely to be insecure
despite their high fitness values. In this case, the individuals of the population and
average objective function value of population do not change significantly, as more
iterations are performed. Figure 6.4 shows the average objective function value of

each population during the execution of GA for minimum generation shifting.
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Figure 6.4 : The average objective function values of population within each
generation a) for 17-generator system b) for 50-generator system.

Although the developed PNN has a good performance in differentiating the insecure
OPs as well as reducing the missed alarm rates, there may be rare cases where the

fittest individuals are insecure. In order to guarantee the security of the optimum
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rescheduling, time-domain simulations can be directly performed on the individuals

of the final generation starting with the fittest individual.

For both of the test systems, Table 6.9 lists the initial and rescheduled OPs by the
proposed method and the costs associated with the preventive controls applied.

OPgpire and OP,, are the optimum solutions for the minimum generation shifting

and minimum total fuel cost, respectively.

Table 6.9 : Initial insecure OPs and GA optimized secure OPs.

17-generator system

Pc1 P2 Pe3 Pca Pes f(u)
(MW) (MW) (MW) (MW) (MW)
Initial OP 1007 732 1432 757 515 $0.710 M/h
OP.. 1069 671 1333 791 576  148.97 MW
op.., 1088 688 1318 707 640  $0.715M/h

50-generator system
Pa1 Pc2 Pas Pcs Pos f(u)
(MW) (MW) (MW) (MW) (MW)
Initial OP 250 1400 8750 2350 22083 $6.73 M/h
OPghift 218 1400 8755 2380 22078 44.24 MW

Y 150 1400 8800 2350 22106 $6.75 M/h

cost

In Figure 6.5 and Figure 6.6, the projections of the initial and rescheduled OPs in 3-
dimensional parameter spaces are illustrated. As seen from these figures, optimal
points tend to locate near security boundary. Therefore, success of classification of
OPs near security boundary is substantial for the optimization. This result confirms

the necessity of enrichment of training set around security boundary to train PNN.

For the sake of illustration, an example from the case studies explored in this work,
the 17-generator system operating at the initial insecure OP and rescheduled point
OPgp;re In Table 6.9, is considered. TDS results for the relative generator angles of
the system subjected to the critical contingency no. 2 (Table 6.1) are shown in

Figures 6.7 and 6.8, respectively.
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Figure 6.5 : OPs used in the test data and optimized OPs for the 17-generator test
system projected into 3-dimensional space (P1=1007 MW).
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Figure 6.6 : OPs used in the test data and optimized OPs for the 50-generator test
system projected into 3-dimensional space (P,=2400 MW).
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Figure 6.7 : The relative generator angles of the 17-generator system operating at
initial, insecure OP.
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Figure 6.8 : The relative generator angles of the 17-generator system operating at
secure OP ghitt.

During the course of the implementation, the computational burden can be divided
into the following tasks: generation of KB by power flow and time-domain
computations, training and execution of ANFIS, execution of the PNN, and
execution the GA. Table 6.10 includes the computational time requirements for the
17-generator system in case of using a single modern workstation with AMD
Phenom™ 9950 Quad-Core CPU 2.20 GHz. Most of the computation requirement is
due to the KB generation, which can be almost equally shared by multiple computers

running in parallel, if the computation time is desired to be reduced.
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Table 6.10 : Computation requirements.

Creation of KB

(302 OPs)
PEC TDS Training  Execution Execution Execution Execution
(201 0OPs) (1 OP) (1 0P) for f; for f,
5min45 12min  0.174s 39x10° 34x10%s 591s 1.49s
S 49 s S
* Cooperating with ANFIS and PNN.

ANFIS PNN GA*

6.3 TDS Integrated Optimal Preventive and Corrective Control Actions

In the previous subsection, the proposed ANN structures speed up the GA
optimization by estimating the security constraint violations of candidate solutions,
instead of using time domain simulations. As a results of that study, accuracy of
ANN and its speed advantage shows that, they are suitable for security assessment

during optimization.

The next study focuses on implementation of other population based optimization
methods such as BB-BC, PSO, DE and conventional direct method. Therefore, in
this study, time consuming but 100% accurate time domain simulations are used

during optimizations.

Differently from previous study, this subsection also handles optimization of a
corrective control action, such as load shedding, which is planned to be applied after
the occurrence of a contingency, which cannot be cleared by optimum preventive
control action. Both preventive and corrective control related optimization problems

consider static and dynamic security constraints.

In this study, to reduce the size of the search spaces and the computational burden,
decision trees and correlation coefficients are used as feature selection tools, which
determine the most effective generators and loads for shaping the system’s transient
stability. Differently from previous study, the new methodology is applied to 16

generator-68 bus test system.

Flowchart of the methodology is given in Figure 6.9. The methodology includes
similar steps with previously explained methodologies. In the first step, critical
contingencies are determined as explained in previous studies. In the second step,
two KBs are created for preventive and corrective control actions respectively. In

previous studies, KBs are used to train the ANNs, now KBs are used to determine
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relevant control variables (generators and load), which will be used in optimization
of control actions. After the creation of knowledgebase and selection of relevant
control variables, various population based optimization methods and a conventional
optimization method are applied to both preventive and corrective control actions,

respectively.

Offline : Online
Creation of Apply opgnial (igrrective -
random |, control action
rescheduling | : Secure
Contingency || & shedding |: Security assessmen No action is required
analysis scenarios
v Insecure
Contingency simulations | : Optimal generation
" : rescheduling with
: selected generators
Feature selection
Convergence to a Optimal load shed@ing
secure optimal with selected avaliable
solution? loads
- - Arm the system by
Apply optimal preventive optimal corrective control
control action action

Yes Yes Changes in the

system condition?

Changes in the
system condition?

Occurrence of
contingency?

No action is required

| No action is required

Figure 6.9 : Proposed DSE methodology.

6.3.1 Contingency analysis and creation of knowledge base

Initially, the critical contingencies that have the potential to create transient
instabilities are determined by a contingency analysis. As previously explained,
extensive time-domain simulations under the credible contingencies are run. The
critical contingencies, which are 3-phase-ground faults cleared 5 cycles after their
occurrences by a single line tripping but causing transient instabilities, are listed in
Table 6.11. Methodology in Section 5 is applied to the same test system, but critical
contingency set is different. The 16 generator-68 bus test system is divided into 5
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area. Contingency set in Section 5, focuses on the dynamic behavior of generators in
the first area (first 9 generators). The initial OP and its power flow solution are
modified in that way. Methodology in Section 6 also focuses on the dynamic
behavior of generators in the other areas (Generators 10 to 16). It can be seen from
the Table 6.11, only the first contingency is related with area 1. Other contingencies
are occurred on the tie lines between the areas from 2 to 5.

Table 6.11 : Critical contingencies for 16-generator system.

Contingency 3-phase fault close to Tripped line

no. bus no. (between buses)
1 22 22-21

2 40 40-48

3 ol 51-45

4 52 52-50

5 50 50-51

6 40 40-41

The critical contingencies of the test system requiring preventive or corrective
control actions are located in the neighborhood of the lines between the buses 52-50,
40-41 and 22-21. The transient stability of the system is strongly related to the real
power flows through these lines. These power flows are relatively more sensitive to
the real power injections at the buses 58, 59, 65, 66, 67 and 68 to which generators

having large inertia constants are connected.

To construct a DT for determining the generators to be rescheduled, LS is generated.
LS consist of 5000 randomly created rescheduling schemes where all generators in
the system with their output limits are considered. To make a fair comparison
between generators in feature selection process, random values of each generator
output are generated as they have a uniform distribution with the same variance. The
security of the system at each OP and for each critical contingency is determined
based on the transient stability index calculated.

6.3.2 Selection of relevant generators and loads

For any critical contingency, the level of impact of generation shifting among
different groups of generators on the system’s security could differ. Selection of the
most contributive generators reduces the dimension of the search space and, thus,
increases the performance in security assessment and optimization of control actions.

In this paper, both DTs and correlation matrices are utilized to determine the

91



generators that play an important role in shaping the transient stability of the system.

In the DT approach, the LS consist of a range of OPs, each of which is obtained by a
possible generation rescheduling, and their corresponding security statuses. Each
randomly generated OP is represented by a vector of active power outputs of all
generators in the system. If the angle stability is preserved for all critical
contingencies at a particular OP, the OP is considered to be secure; otherwise it

belongs to the insecure class.

After developing an orthogonal tree through Classification and Regression Trees
(CART) methodology, the most contributive generators that significantly change the
security of the system are determined by means of calculation of variable
importance. All generator outputs are potential splitters for the tree structure
constructed by a node-splitting criterion based on improving the purity of the child
nodes. Various impurity functions can be defined for calculation of purity [73]. If the
proportions of J classes in a node is given by the vector p = (py, ...,p;), the entropy

based impurity function I(p) of that node can be defined as

I(p) = —YJ_,pilogp; (6.13)

Then, the split improvement of the split of a node, leading to a left and a right child
node, is calculated as

0 =1(p) — P I(p,) — Prl(pR) (6.14)

where p_ and pr are the proportions of the classes in the left and right child nodes,
respectively. Py is the proportion of the population of left child node sent by the split
and Pr = 1-P,. For the calculation of variable importance, all main splitters as well
as surrogates, which mimic or predict the split of the primary variable, along with the
resulting improvements are listed and this list is aggregated by variable accumulating
improvements. Each improvement value can be scaled according to the largest value

in the list.

In this study, beside DTs, the selection of the most contributive generators is also
based on correlation coefficients. The degree of linear dependence between two
random variables can be measured by correlation [74]. A positive large correlation
between two random variables indicates a strong inclination for both variables to

increase or decrease together, whereas a negative large correlation shows a strong
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relation between variables in opposite directions. In this work, for each critical
contingency, the sample correlation coefficient between each generator output and
the stability index in (4.1) is calculated by using the same OPs generated in the DT
approach with the stability indices previously computed. Let Gy be the output of kth
generator, Sy, is the stability index for mth contingency. The correlation coefficient
between the Gy and S,

Y1 (Gri=Gi)(Sm,i—Sm)

m = _ 2 _ 2’
5 (6= Sy (Smi=Sm)

- —1<1m <1 (6.15)

where n is the size of the sample, s_, is the stability index of the ith OP under mth
contingency and the, ¢, , is the output of kth generator of the ith OP, s and G,

are the sample means. During the selection of contributive generators, the absolute
values of correlation coefficients are taken into account, because the output of each
generator to be rescheduled is assumed to be either increased or decreased for
enhancing the stability index.

By using the software CART [75], for each critical contingency, an optimum tree is
developed with the splitting criterion defined by the entropy based impurity function,
and thus, the significant generators are determined. For each critical contingency, the
DT based variable importance associated with each generator output is scaled to 100

and given in Figure 6.10.

The learning set generated for the DT is also used to calculate the correlation
coefficients. For each critical contingency, the correlation coefficients between the
stability index values and the generator outputs are given in Figure 6.11. Based on
the two approaches, the generators that are found to be significant are selected as the
generators to be rescheduled. Their output limits and the parameters of fuel cost

functions are given in Table 6.12.
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Figure 6.10 : DT based variable importance of generators for each contingency.
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Figure 6.11 : Correlation between the stability index and the generator outputs.

Table 6.12 : Limits and fuel cost function parameters of selected generators.

Generator no. 6 7 13 14 15 16
Pemax (MW) 1400 1700 12000 5000 4000 5500
ai ($MW?3h) 01 011 0.02 0.1 004 001
bi ($/MWh) 17 21 9 23 11 9
ci($/h) 1500 1500 1300 1600 1900 1800
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The procedures applied for the selection of the most contributive loads are similar to
the methods proposed in generation rescheduling. In the DT approach, the LS consist
of the possible load shedding schemes and the post-contingency security statuses of
the system against a single critical contingency. Each randomly generated load
shedding scheme is represented by a vector of amounts of load shedding within their
possible limits. If the angle stability of the system subjected to the contingency is
restored followed by a particular load shedding, the scheme is considered to be
secure. Alternatively, the sample correlation coefficients are also utilized for the
selection of significant loads to be shed. Unlike the approach in generation
rescheduling, only the positive values of correlation coefficients are taken into
account, since only the load shedding schemes enhancing the stability index be

reasonable.

Among the critical contingencies analyzed, for demonstration purposes, contingency
no. 1 is selected to be the contingency against which the load shedding scheme can
be thought as a corrective control. Considering the time delays for communication
and relay operations, the load shedding is assumed to be executed 5 cycles after the
occurrence of the fault. The loads playing a significant role in shaping the transient
stability are determined through the two approaches using DT and correlation
coefficients. DT based variable importance values (scaled to 0.5) associated with the
loads and correlation coefficients between the stability index and each load are given

in Figure 6.12.
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Figure 6.12 : Correlation coefficients and DT based variable importance values of
loads.
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In both methods, similar loads have high level of impact on regaining the system
stability after the occurrence of contingency no. 1. Although, both methods show that
the load at bus no. 23 is relevant, a negative high correlation indicates that an
increase in load would result in an increase in the stability index. Therefore, the load
at that bus is not selected. In contrast to the results found by the DT, the direction of
the load shedding effect on the stability index is utilized and distinguished by the
correlation coefficients. The selected loads to be shed, their limits and weights are

given in Table 6.13.

Table 6.13 : Limits and weights of loads to be shed.

Initial value . Shedding Limit
Load no. Load Bus no. (MW) Weight (MW)
1 4 500 0.52 112
2 15 320 0.71 80
3 16 329 0.53 120
4 18 158 0.54 124
5 21 174 0.87 104
6 27 281 0.51 116

The results of the two feature selection methods using correlation coefficients and
DTs conform to this anticipation. Moreover, for both of the feature selection methods
used in generation rescheduling, the generators playing a significant role in shaping
the system security are found to be the same. The use of correlation coefficients turns
out to be advantageous in the load shedding method, since the direction of the load
shedding effect on the stability index can be distinguished by the correlation
coefficients. On the other hand, the DT approach, which ignores this effect, could be
misleading when shedding of any load decreases the stability index significantly. The

results related to Figure 6.12, exemplify the occurrence of such concern.

6.3.3 Optimization of preventive control action

Security constrained generation rescheduling method is proposed as a preventive
control technique against transient instabilities when the current OP is insecure.
Generations are shifted among controllable generators, and the power system moves
to a secure OP so that the stability of the system is preserved despite the occurrence
of a critical contingency. In this procedure, an optimization method that searches the
minimum cost for the applied rescheduling strategy is considered. The security

constrained generation rescheduling problem can be stated as,
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minimize f (x, u) subject to g(x, u)=0 and A(x, u) <0

where u represents the active power outputs of generators to be rescheduled (control
variables), and the dependent variables of the system due to power flow solutions
and time-domain simulations are represented by x. The equality g(x, u) = 0
represents the power flow equations and the inequality Z(x, u) < 0 represents the

operational constraints involving generation limits and the security criteria.

In the optimization methods used, each candidate solution represents an OP
(rescheduling strategy) which is defined by the active power outputs of the r-1
independent generators to be rescheduled. The active power output of dependent
generator of each solution is determined by a power flow computation. During the

optimization processes, the total fuel cost to be minimized,
fruet(t,w) = Xioq foi = Xic1a PG + biPs; + ¢ (6.16)

where Pg; is the active power output of the ith generator, a;, b;, and c; are the

parameters for its fuel cost function. The total fuel cost f is expressed in $/h.

When generation rescheduling is solely dependent on the total fuel cost, the system
can be moved to an optimum OP where the selected contingencies for the initial OP
are no longer critical, but new critical contingencies may emerge at the new OP. To
partially prevent the emergence of new contingencies, a measure of total generation

shifting,

2
fonise (e, u) = I1Pg — PRIl = V\/Z?ﬂ(Pai —Pg) (6.17)

can also be integrated to the cost function to be minimized. Here, P2 is the vector of
generator outputs at the initial OP and y is a scaling factor assumed in the norm of

generation shifting. Then a multi-objective cost function can be defined as
fmix(x: u) = affuel(xr u)+ (1- a)fshift(x’ u) (6.18)

where, the weights of the fuel cost and generation shifting are specified by o.
Naturally, large values of a results in optimum OPs with low fuel costs, whereas
smaller values of a results in optimum OPs that are closer to the initial OP around

which the probability of emergence of new critical contingencies is smaller.

To examine the efficiency of optimization methods, solutions with the low cost

function values are removed from the initial population and the ability of the
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methods to avoid being trapped in local optimum points is tested. Since the final
solutions of the optimization methods may vary due to the inherent randomness in
creating candidate solutions, a number of trials for each method are performed for
comparison. The optimization results based on 20 trials for generation rescheduling
optimization, and their best solutions are given in Table 6.14 and Figure 6.13.
Minimization of fe(x,u) during the trials with the best performances of the proposed

methods are given in Figure 6.14.

Table 6.14 : Optimization results for generation rescheduling.

Cost function frei(x,u) ($/h)

BB-BC;0 BB-BC GA PSO DE ASM
Best f(x,u) 903587 904614 907580 902189 901960 958060
Mean f(x,u) 905788 914583 939639 903712 902595 1047502
Worst f(x,u) 909149 921323 965951 907445 904137 1188201

Cost function fpix(X,u)

BB-BC;0 BB-BC GA PSO DE ASM
Best f(x,u) 944248 952100 1082300 936170 935385 945411
Mean f(x,u) 966091 1006100 1185400 950602 941727 1067076
Worst f(x,u) 991920 1060200 1206500 967360 951477 1183701

All population based methods run with population consisting of 30 solutions and
maximum 60 iterations. As the best solutions are compared, while the BB-BC
method outperforms ASM and GA, the results of PSO and DE are found to be better.
However, as seen from the Figure 6.14, the results of BB-BC method can be
improved if the iteration goes forward, because the parameters of BB-BC is selected
for preventing premature convergence. Therefore, the BB-BC method runs again for
120 iterations and the results are given in the columns of BB-BCyy in Table 6.14. A
new critical contingency emerges when the system is operated at the optimum points
based on fuel cost minimization (a=1): a three phase fault at bus 42 cleared after 5
cycles. On the other hand, when the system is operated at the optimum solution
minimizing frix(x,u) in (6.18), with «=0.4 and y»=764, no additional critical
contingency is found. Although the optimization based on the cost function fix(X,u)
can be preferred despite the higher fuel cost implied by its optimum, the approach
does not always guarantee the prevention of new contingency emergence which
significantly depends on the initial OP. Based on the results of optimization for the
fuel cost function, performance of population based optimization methods are better
than the ASM method. Although the best solution of ASM for the mixed cost
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function is comparable with the other methods applied, this solution is attained due
to a randomly generated initial point close to the optimum in contrast to the cases for
its mean and worst solutions. Results of generation rescheduling optimization show
that the performance of BB-BC is slightly less favorable than the performances of
PSO and DE but better than those of GA and ASM.
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Figure 6.13 : Best solutions of 20 rescheduling trials of the BB-BC, GA, PSO, DE

methods and ASM.
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Figure 6.14 : Minimization of cost function fre (X,u) in 20 trials of the BB-BC, GA,
PSO and DE methods.
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6.3.4 Optimization of corrective control action

In this study, a security constrained load shedding method is presented as a
corrective control action against transient instabilities. After an occurrence of a
particular critical contingency, a selected amount of load is shed to regain system
stability. The method is applied through an optimization process that searches
minimum amount of load to be shed while satisfying the constraints. The
optimization problem can be expressed as in (6.19). The objective function is

considered as the weighted sum of load shedding,

fioaa (6, W) = T wix; = ZIiVL wiPLsi =X Fwi (PRI — PIEY) (6.19)

where N is the number of loads to be shed, P,"", P,°¢

are the active power
consumptions for the ith load bus before and after the load shedding, respectively.
The weight w; is determined based on the priority of the load to be shed. For this
optimization problem, now, the control variables are the active power consumptions
to be decreased and the operational constraints, 4(x, u) < 0 include the stability

criteria and shedding limits.

The optimal load shedding problem is solved for a single contingency and each
candidate solution is defined by a vector consisting of the selected loads to be shed.
Since load shedding is to be performed by switching operations, the control

variables, each of which is a load shedding scenario, are discrete.

The optimization results based on 20 trials for load shedding optimization, and their
best solutions are given in Table 6.15 and Figure 6.15. For the load shedding, as a
discrete optimization, each selected load to be shed is assumed a discrete variable
with a fixed step size of 4 MW. As the best cost function values of the optima are
compared, the BB-BC method is found to be outperforming all other methods.
Although the loads at bus no. 15 and 21 have significantly larger weights than the
other loads, larger amounts of loads at these buses are to be shed for the best result of
BB-BC optimization. This result is consistent with the outcomes of DT and the
correlation coefficients, since these loads are found to be the two most effective

loads to be shed against the contingency no. 1.
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Table 6.15 : Optimization results for load shedding.

Cost function fioaq(X,u)

BB-BC GA PSO DE ASM
Best f(x,u) 24476 246.80 24556 245.04 249.28
Mean f(x,u) 245.68 248.70 246.65 24565 252.72
Worst f(x,u)  246.44 250.28 248.16 246.52 256.48
Minimization of floa d(x,u)
120 T T T T T T
I BB-BC
ooy I GA
80 [ Jrso
3 [ DE
S 60 I AsM
D-:4 40+
0 i
1 2 3 4 5 6
Load No.

Figure 6.15 : Best solutions of 20 shedding trials of the BB-BC, GA, PSO, DE

For the load shedding which involves discrete optimization, the population based
methods have better results than the ASM method, whereas the BB-BC method

shows the best performance among the others that are experimented in this study.

The optimization methods require approximately 3 minutes for the load shedding and
about 20 minutes for the generation rescheduling in a modern PC with Intel® Core™
15-650 processor. For the sake of illustration, time-domain simulations with the load
shedding scheme are given in Figure 6.16, where the system’s stability is preserved

after the corrective action implied by the best solution of the BB-BC method and the

methods and ASM.

frequency of the system is maintained by the speed governors.
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Figure 6.16 : Relative generator angles and bus frequencies when the optimal load
shedding is applied.

6.3.5 Optimization under uncertainty

While the optimization methods perform well in the problems considered, their
robustness to the uncertainties in the loading conditions are also investigated. To
study how well the solutions found by the optimization methods work when the
loading conditions are slightly different than the assumed ones, a series of
experiments are performed as some uncertainties are added to the deterministic

loading condition which was assumed previously.

For the generation rescheduling problem, which optimizes fre, a set of three loads
which are effective in shaping the transient stability related to all of the critical
contingencies has been selected: The loads at the buses no. 40, 42, and 52. A range
of uncertainties having a uniform distribution are added the deterministic loading

condition as follows:

PLi = Pl(,)l + ‘U(—SPIZ-, SPLOi)' i = 40, 42, 52 (620)
where U represents a uniform distribution, with zero mean, defined on the interval

[—eP, ePl] , € is the degree of uncertainty on the real power demand P;; at bus i.
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For a range of degrees of uncertainty between 0%, which is the deterministic case,
and 10%, the optimization methods are run and the optimal solutions have been
found for 20 different sets of randomly generated load demands (6.20) at each degree
of uncertainty. A measure of closeness of the cost of any optimal solution x* to the

cost of optimal solution x° for the deterministic loading condition is defined as

*) _ 0
K(X*) — ffuel(x ) fruet(x")

X 1
ffuel(xo) 00

(6.21)

Using the defined measure «, the boxplot of the data obtained is given in Figure 6.17.
The results show that the closeness x of the optimal costs obtained under
uncertainties up to e = 10% lies below 4% for all population-based methods except
GA, for which x may exceed 7%. On the other hand, the closeness «x of the optimal

costs obtained by the ASM method takes considerably high values.
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Figure 6.17 : The robustness of the optimization methods under uncertainty.

The results show that the population based methods perform well under the
uncertainties of loading conditions, whereas the results of ASM are as expected since
the method’s performance significantly depends on the initial candidate solutions
selected. As the distributions of the optimal costs produced by all methods are

investigated, using the population based methods, PSO, DE and BB-BC, are found to
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be advantageous when an uncertainty in the loading conditions is present.

It is evident that the optimal solution found in the deterministic case could be
violating some of the static or dynamic security constraints when the loading
conditions are uncertain. However, depending on the degree of uncertainty, as
slightly more conservative security constraints are assumed, the population based
methods including the BB-BC method can provide quite reliable optimal solutions

under uncertainty at which all the security constraints are fully satisfied.
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7. DISCUSSIONS, CONCLUSION AND FUTURE WORK

7.1 Discussions and Conclusion

In this study, an efficient methodology is designed to assess and enhance the
dynamic security of power systems. Determining suitable and cost effective control
actions to enhance the dynamic security is considered as constrained optimization
problem. To solve these complex optimization problems, population based
optimization methods are proposed. In addition, ANN based dynamic security
assessment tools are integrated into the optimization process for estimating the
violations of security based constraints faster than the TDS based assessment

approach.

7.1.1 Feature selection

Even, small sized test systems investigated in this study, the number of features
collected from the system and control variables to be optimized is considerably large.
This complexity requires using feature selection process in various steps of DSA and

dynamic security enhancement.

In Section 4, RreliefF algorithm selects relevant features to security indexes and
these features are used in ANN based regression tasks. Even though selected 20 of
377 features would use by ANNSs, the DSA results are satisfactory. This proves the
success of feature selection in model based DSA and also increases the importance in

online monitoring task where the measurable features are limited.

When feature selection results for each contingency are analyzed, it can be seen that,
active power flows through the transmission lines, active power generation, voltage
magnitude and voltage angle of buses close the lines where critical contingencies
occur, have a large influence on the dynamic security of the system. These expected

results confirm the feature selection process.

In section 6.2, feature selection process determines most relevant control variables to

enhance the dynamic security of the system against critical contingencies. The
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critical contingencies of the test system requiring preventive or corrective control
actions are located in the neighborhood of the lines between the buses 52-50, 40-41
and 22-21. The transient stability of the system is strongly related to the real power
flows through these lines. These power flows are relatively more sensitive to the real
power injections at the buses 58, 59 and 65-68 to which generators having large
inertia constants are connected. The results of the two feature selection methods
using correlation coefficients and DTs conform to this anticipation. Moreover, for
both of the feature selection methods used in generation rescheduling, the generators
playing a significant role in shaping the system security are found to be the same.
The use of correlation coefficients turns out to be advantageous in the load shedding
method, since the direction of the load shedding effect on the stability index can be
distinguished by the correlation coefficients. On the other hand, the DT approach,
which ignores this effect, could be misleading when shedding of any load decreases
the stability index significantly. The results related to Figure 6.12, exemplify the

occurrence of such concern.

7.1.2 Dynamic security assessment by ANN

In Section 4, DSA is considered as a regression task, and ANN based methodology is
proposed for estimation of CCT and minimum damping values. Since there are
studies that propose one ANN structure to estimate CCT values for all critical
contingencies, these structures show good performance on a small test system. Real
power systems involve large sized contingency and topology sets. Thus, one CCT
estimator ANN structure may not be able to show desirable regression performance.
To deal with that risk, contingencies can be divided into groups such that, each group
involves similar contingencies with respect to relevant system behavior in case of
their occurrence. On the other hand, one ANN can be designed for each contingency.
Although, increasing the number of ANNs designed for DSA may increase the
offline computation burden, this process decrease the risk of misdetection of any

insecure OP during both online monitoring and optimization of control actions.

According to the low error values achieved in Section 4, MLP results are found to be
satisfactory for DSA. On the other hand, the objective function to be minimized
during the optimization is designed by economic considerations that are contrary to

the system security. Thus, optimization methods try to push the limits of the security
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constraints to find more economic candidate solutions. In the meantime, the distance
between the security boundary and new candidate solutions can be too short such
that, even ANNs with low errors, can estimate the CCT values for candidate
solutions on the wrong side of the security boundary. To deal with that problem,
ANNSs should be trained in a conservative way and the final solution of the
optimization must be confirmed by TDS that are more accurate than ANNs.

Proposed PNNs in Section 6.1, is found to be promising in DSA. Their accuracy in
determining the system's security depends significantly on the training sets as well as
their spread parameters. The developed algorithm guarantees an enhancement on the
PNN performance if a spread parameter from a proper range is selected.
Additionally, large training sets are not feasible, especially for large power systems
due to the time-domain and power flow computations required. The proposed TS
selection algorithm provides a high execution speed and accuracy in classifying the
security of the system as well as it keeps the computational burden limited for large
power systems. Although the results show that the developed PNNs have satisfactory
overall classification performances, missed alarms may cause security problems
during the assessment and the rescheduling processes. The methodology also enables
us to decrease the missed alarm rate without decreasing the overall classification

performance of the PNN.

Although ANFIS successfully estimates the active power generation at the slack bus
for each OP in Section 6.1, ANFIS is not applicable for large power systems
applications, due to the size limitations of the input layer of its rule-based structure.

7.1.3 Security constrained optimal control actions

In Section 5, proposed preventive control action is a mixture of generation
rescheduling and load curtailment. Although, integration of ANNs speeds up the
optimization process, optimization methods need considerable number of iterations
to reach optimum solution. Optimization time can be considered suitable, since it is a
preventive control action. On the other hand, with the help of constraint handling
methods, population based optimization methods can find feasible solutions with
relatively higher costs than optimum solutions in just a few minutes, despite of large
number of equality and inequality constraints. As a first and fast step of preventive

control action, OP of the system can be moved to a one feasible solution that is found
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in the earlier steps of the optimization. Therefore, this action can prevent the loss of
synchronism in case of occurrence of any critical contingency. Then the system can

be moved to the final OP, when the optimizations are completed.

This study shows the ability of applied population based optimization methods to
enhance the security of the system and satisfy all system constraints, under economic
considerations characterized in the objective function. Convergence characteristics,
reliability, best solutions and their costs may differ for each optimization methods,
but final solutions of optimizations successfully enhance the dynamic security of the
system with an acceptable additional cost. In addition, current insecure OP of the
system is changed according to the system topology and loading level. When,
proposed methodology is applied to various insecure current OPs, optimization
methods still can enhance the security of the system. As it is expected, total cost to
move the current insecure OP to a new OP where all system constraints are satisfied,
differs according to the operating conditions of current insecure OP.

Except MVMO, each optimization method is slightly modified to suit optimization
problem mentioned in this study, and they show similar performance. Comparison of
proposed optimization methods according to their best solutions and generalization
may not be very meaningful. As it is seen in literature, each method can be highly
modified, and results according to these modified variants can disproof
generalization according to the results of another study. On the other hand, when the
structure of optimization methods are investigated, it can be seen that there are
similarities between the selection, mutation and crossover operators of different
methods, such as DE, ABC, PSO, MVMO and GA. Since BB-BC may differ from
other methods according to its searching strategy, it also shows similar performance

with other algorithms.

Based on the optimization results in Section 6, for the fuel cost function,
performance of population based optimization methods are better than the
conventional active set method (ASM). Although the best solution of ASM for the
mixed cost function is comparable with the other methods applied, this solution is
attained due to a randomly generated initial point close to the optimum in contrast to
the cases for its mean and worst solutions. Results of generation rescheduling
optimization show that the performance of BB-BC is slightly less favorable than the
performances of PSO and DE but better than those of GA and ASM.
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For the load shedding which involves discrete optimization, the population-based
methods have better results than the ASM method, whereas the BB-BC method

shows the best performance among the others that are experimented in this study.

The results also show that the population-based methods perform well under the
uncertainties of loading conditions, whereas the results of ASM are as expected since
the performance of the method significantly depends on the initial candidate
solutions selected. As the distributions of the optimal costs produced by all methods
are investigated, using the population-based methods, PSO, DE and BB-BC, are
found to be advantageous when an uncertainty in the loading conditions is present.

It is evident that the optimal solution found in the deterministic case could be
violating some of the static or dynamic security constraints when the loading
conditions are uncertain. However, depending on the degree of uncertainty, as
slightly more conservative security constraints are assumed, the population based
methods including the BB-BC method can provide quite reliable optimal solutions

under uncertainty at which all the security constraints are fully satisfied.

7.2 Future Work

Power system stability and security will maintain its importance, since power
transmission through electric power systems go on being more complex for system
operators with the increasing penetration of renewable sources, increasing
uncertainty of their generation because of their nature and enforcements of energy
markets. The aim of this study is developing a framework that involves security
assessment and security enhancement tools based on collaboration of artificial

intelligent methods and metaheuristic optimization methods.

Although metaheuristic optimization methods show promising results of complex,
multidimensional optimization problems of power systems, they generally requires
considerable number of function evaluation. These approaches are computationally
intensive, although computational effort for a single function evolution can be
reduced as it is done in this study. In addition, if parameters of these methods are not
carefully adjusted, they cannot guarantee optimality. Despite of high popularity of
metaheuristic optimization methods and increasing number of variants of them in

every day, these methods should be the alternative step for solving an optimization
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problem when problem cannot be described well mathematically. It can be worth
spending effort to find potential convex relaxations and approximations which may
profit sub-optimality (or even better), high speed, less computation effort and

efficient results.

Same considerations are also valid for using artificial neural networks, but as
mentioned before, structure and operation of power systems is going to be more
complex in the future. This may decrease the implementation of methods have a
solid mathematical basis and let artificial intelligent methods to continue their
popularity. Since, power system become more complex, the size of the data that
handled also increases. This may also affects the performance of artificial intelligent
methods according to the curse of dimensionality. New features, which are the
combination of a set of features, or relationship between some features can be

determined by data mining approaches, to deal with mentioned problem.

In this study, MLP is selected as regression tool, and PNN is selected as
classification tool for DSA. This study can be extended by comparing various tools

for enhancing the accuracy of DSA and security enhancement process.

This study focuses on generation rescheduling, load curtailment and load shedding
control actions for enhancing the dynamic security of the system considering small
and large disturbance angle stability. This study can be extended by applying other
preventive and corrective control actions and investing their cost to enhance the
security of the system. In addition, assessment and enhancement of other types of

stability issues should be considered as a future study.

In this study, the dynamic security enhancement task is handled by a deterministic
approach, which has given high security levels in last decades. This approach
considers that risk of each security scenarios is equal. Today’s power systems
involve participants with different characteristics, targets and behaviors, and then
using deterministic approaches may not be reasonable. Probabilistic nature of power
system incidents and conditions should be considered. Future studies should go in the
direction of risk based security assessment. The approach investigates the probability
of unstable condition of the system, and requires intensive computation effort. This
drawback can be passed with the help of artificial intelligence methods and recent

powerful microprocessors.
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APPENDIX A: Results of feature selection process for 13 MLP structures

Table A.1 : Estimations of the feature quality for each contingency.

Contingency 1 Contingency 2 Contingency 3
Ranking W Feature name W Feature name W Feature name
1 0.03605419 Pg54 2 0.0350113 Pg54 2 0.02730899 Pg54 2
2 0.03278029 Pli5_6_111 0.0316308 Pli5_6_111 0.01979087 Pli4_5_109
3 0.0223759 Qg54 18 0.0205791 Qg54_18 0.01909328 Pli5_6_111
4 0.0180085 Pli7_8 115 0.0198592 Pli5_8 112 0.01860755  Pli13_14 120
5 0.0176387 Pli6_7_113 0.018623 Pli7_8 115 0.01853154  Pli10_13 119
6 0.01709861 Pli5_8 112 0.0184568 Pli6_7_113 0.01644363 Qg54_18
7 0.01536413 Vm54_290 0.0142101 Vm54_290 0.01437477 Pg55_3
8 0.01316262 Pli3_4_107 0.0123796 Pli4_5_109 0.01246925 Pli6_11_114
9 0.01311562  Pli10_13 119  0.0121457 Qli5_6_178 0.01234964  Pli10_11 118
10 0.0130604 Pli13_14 120 0.0116611 Pli10_13 119  0.01028552 Pli4_14 110
11 0.01280676 Pli4_5 109 0.0115775 Va54_358 0.01025237 Pli3_4_107
12 0.01274605 Va54 358 0.0115315 Pli13 14 120 0.01009276 Va54_358
13 0.01135714 Pg55_3 0.0115134 Pg55_3 0.01004452 Pgdf_1_373
14 0.01075334 Pgdf 1 373 0.0114379 Pli3_4 107 0.0098692 Vm54_290
15 0.00982833 Vm6_242 0.0112637 Qli7_8_182 0.00902194 Vm4l 277
16 0.00969986  QIi10_11 185 0.0107704 Pgdf 1 373 0.00893077 Qg55_19
17 0.00943107 Vm8_244 0.0107124 Qli6_7_180 0.0082679 Qlig_9 183
18 0.00933423 Qg55_19 0.0097758 Vm7_243 0.00818175 Vm7_243
19 0.0091917 Vm10_246 0.0095481 Vm8_244 0.0081353 Vm10_246
20 0.00910679 Vm7_243 0.0091884 vm4l 277 0.00798127 Vm6_242
21 0.00906651 Qli7_8 182 0.0091756 Qli5_8 179 0.00784297 Vm8_244
22 0.00891049 Vm5_241 0.0091125 Vm6_242 0.00768976  Qli10_11 185
23 0.00870577 Qlig_9 183 0.0090492 Plig_9 116 0.00751307 Qg65_29
24 0.00850121 Qli6_11 181  0.0089997 Qlig_9 183 0.00714184  Qlil4_15 188
25 0.00821434 Qli5_6_178 0.0089325 Qg55_19 0.00711049 Plig_9 116
26 0.00811455 Plig_9 116 0.0087556  QIi10_11 185 0.00700568 Vm4_240
27 0.00785535  Pli14_15 121  0.0087395 Vm10_246 0.00672339 Vm5_241
28 0.00767474 Vm4l 277 0.0077926  Qli6_11_181  0.00659062 Qli4_5 176
29 0.00733112 Vmll 247 0.0071081 Vmb5_241 0.00656755 Vm14_250
30 0.00672066 Pli6_11 114 0.0067962 Qg65_29 0.00640597 Qli3_4 174
31 0.00670245  Pli10_11_118 0.0067549 Vmll 247 0.00614562 Qli6_11 181
32 0.00665658 Vm1i4_250 0.0066708 Vm14_250 0.00597265 Vm21 257
33 0.00664814 Vm13_249 0.0065762 Vm21_257 0.00571403 Vm23_259
34 0.0066343 Vm4_240 0.0062763 Vm4_240 0.00563858 Vmll 247
35 0.00611122 Vm21_257 0.0062653  Pli10_11 118 0.00532509  Plil4_15 121
36 0.00593805 Qg65_29 0.00622 Pli6_11 114 0.00524979 Vm13_249
37 0.00588215  Plil5_16_122  0.0061204 Vm13_249 0.00477816 Vm12_248
38 0.00565577  Qli14_15 188 0.0061019  Pli14_15 121 0.0047546  Qlil5_16 189
39 0.00556492 Vm12_248 0.0054269 Vm12_248 0.00474004 Vab5_359
40 0.00553425 Qli5_8 179 0.005176 Vm23_259 0.0046935 Qli7_8_182
41 0.00545611 Qli6_7_180 0.0051171 Vm16_252 0.00468637 Vm16_252
42 0.00538798 Vab5_ 359 0.0049737 Pg56_4 0.00465288 Qli5_6_178
43 0.0052405 Vm23_259 0.0048131 Va55_359 0.0044974 Vm15 251
44 0.00513273 Qli3_4_174 0.0046936 Vm15_251 0.00402326 Plo49_64
45 0.00512625 Qli4_5_176 0.0046003  Plil5_16_122  0.00388132 Qli2_3_172
46 0.00502375 Vm15_251 0.004531 Qli3_4_174 0.00371962 Pg56_4
47 0.00490026 Pg56_4 0.004269 Plo49_64 0.00370757 Pli6_7_113
48 0.00479343  Qlil5_16 189  0.0042576 Pg53_1 0.00361157 Va6_310
49 0.00477175 Vml6_252 0.0041784 Vm56_292 0.00359056 Plo44_59
50 0.00465899 Va7_311 0.0041277 Qli4 5 176 0.00356518 Qlo44 94
51 0.00435391 Va6_310 0.0039874 Qg53_17 0.00354898  Plil5 16 122
52 0.00430771 Pg60_8 0.0039824 Qlil5_16 189 0.00353542 Plo45_60
53 0.00427349 Vm56_292 0.0038281 Pg60_8 0.00351151 Qli6_7_180
54 0.00397666 Vall_315 0.0037688 Va6_310 0.00348417 Qli5_8_179
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Table A.1 (continued) : Estimations of the feature quality for each contingency.

Contingency 4 Contingency 5 Contingency 6
Ranking w Feature name W Feature name w Feature name
1 0.04900955 Pg55_3 0.0438873 Pg55_3 0.0226221 Pli21_22 129
2 0.01215511 Qg55_19 0.0203399 Pli10_13 119 0.0223305 Qlig_9 183
3 0.01183531 Pli10_13 119 0.019264 Pli13_14 120 0.0215341 Pli23_24 131
4 0.01081332 Pli10_11 118 0.0135331 Plil0_11 118 0.0209933 Pg58_6
5 0.01047068 Pli13 14 120 0.0127846 Pli6_11 114 0.0206767 Plil6_21 125
6 0.0095848 Pli6_11 114 0.012144 Qg55_19 0.0203352 Qg58_22
7 0.0087419 Vm4l_277 0.0111314 Pli4_5 109 0.017376 Vm23_259
8 0.00826837 Qg65_29 0.0106571 Qlig_9 183 0.0156348 Vm21 257
9 0.0078903 Pgdf 1 373 0.0102623 Qlil4_15 188 0.0150812 Qg59_23
10 0.00730177 Qlig_9 183 0.0100119 Pli5_6_111 0.0141392 Plil6_24 126
11 0.00652337 Vm10_246 0.0085325 Pli4_14 110 0.0138716 Qli7_8_182
12 0.00645894 Vmé_242 0.0076014 Pgdf 1 373 0.0136773 Pli23_59 132
13 0.00587202 Qg54 18 0.0075738 Qg54 18 0.013677 Pg59 7
14 0.00567161 Vm8_244 0.0072736 Qg65_29 0.0133902 Pg56_4
15 0.00548871 Va55_359 0.0071089 Vm10_246 0.0133142 Vmi5_251
16 0.00511268 Vm7_243 0.0069488 Vm6_242 0.0132405 Pgdf_1_373
17 0.00483142 Vm23_259 0.0067029 Vm8_244 0.0131391 Vm22_258
18 0.00472576 Vm1l2_248 0.0066281 Qli3_4_174 0.0130669 Qli5_8 179
19 0.00468067 Vmb5_241 0.0066037 vmdal 277 0.0119506 Vml6_252
20 0.00464426 Pli5_6_111 0.0065624 Qli7_8 182 0.0117697 Vm58_294
21 0.00464144 Vmll_247 0.0064254 Qlil5_16 189 0.0117259 Qli23_24 198
22 0.00458497 Vml4_ 250 0.0063591 Vm7_243 0.0116808 Qlil6_21 192
23 0.00441639 Qlil5_16 189 0.0062152 Qli4 5 176 0.0114335 Plil6_17 123
24 0.00431995 Vm13_249 0.0059456 Qli6_11 181 0.0110439 vmd4l 277
25 0.00421688 Vm4_240 0.0057964 Vm4_240 0.0110039 Vm10_246
26 0.00403169 Qli6_11 181 0.0056477 Vm14 250 0.0108816 Plil6_19 124
27 0.00400796 Plo49_64 0.0054916 Vm5_241 0.0107944 Vm8_244
28 0.00399877 Qli7_8_182 0.0054656 Qli5_8 179 0.0106544 Vm5_241
29 0.0039232 Qli38_46 217 0.0054338 Va55_359 0.0104012 Vm24_260
30 0.00382872 Qli3_4 174 0.0051172 Vm12_248 0.0102981 Qg56_20
31 0.00372791 Qlil4_15 188 0.0049907 Pg54 2 0.0102495 Vm12_248
32 0.00368727 Vm21_257 0.004893 Vm11_247 0.0101135 Qlil4_15 188
33 0.00368349 Vmi5_251 0.0048721 Qlil0_11 185 0.0098759 Vm4_240
34 0.00360173 Plo21_44 0.0048458 Vm13_249 0.009797 Pli22_23 130
35 0.00332711 Vm16_252 0.0043946 Pli3_4 107 0.0096781 Qli23_59 199
36 0.00329505 Qli46_49 218 0.0042073 Vm23_259 0.0096328 Vm7_243
37 0.0032619 Plo45_60 0.0039411 Qli6_7_180 0.0091372 Qg54 18
38 0.00324971 Qli5_8 179 0.0036062 Va54_358 0.0090398 Qli22_23 197
39 0.003147 Qlo20_78 0.0035097 Plo49_64 0.0088377 Vm6_242
40 0.00312959 Pg68_16 0.0034736 Pli8 9 116 0.0088276 Va58_362
41 0.00310263 Qlo23 80 0.0033214 Vmi5_251 0.0087977 Qli6_7_180
42 0.003095 Plo27_49 0.0031985 Qlo51_101 0.008672 Qg55_19
43 0.00304184 Plo37_54 0.0031422 Plo21_44 0.0086714 Vm56_292
44 0.00302592 Pgdf 5 377 0.003126 Plo45_60 0.0086655 Vab9 363
45 0.00293528 Vm46_282 0.0031123 Qlo20_78 0.0084551 Vm13_249
46 0.00292659 Plo47_62 0.0030968 Qli38_46 217 0.0084077 Qli6_11 181
47 0.00292311 Pg54 2 0.0028655 Plo44 59 0.0080732 Vmll 247
48 0.00291107 Pgdf 2 374 0.0028629 Vm21_257 0.0080047 Vm19 255
49 0.0028829 Qlo51_101 0.00282 Plo27_49 0.0079784 Vm40_276
50 0.00287107 Pli3_4 107 0.0027908 Plo41_57 0.0079502 Vm14_250
51 0.0028534 Plo41_57 0.0027526 Plo47_62 0.0078986 Qli41_40 235
52 0.00281164 Qlo18_77 0.0027104 Qli5_6_178 0.0078443 Pg53 1
53 0.00279497 Plo33_52 0.0026762 Qlo23_80 0.0078436 Qg53 17
54 0.00278999 Plo44 59 0.0025839 Plo33_52 0.0075429 Qli2_3 172
55 0.00278968 Qlo25_82 0.0025744 Plo37_54 0.0073852 Qlil0_11 185
56 0.00278682 Qlo36_88 0.0025626 Vm16_252 0.0073257 Qli4_5 176
57 0.00278459 Qlol6_76 0.0025326 Plil4 15 121 0.0072754 Qli21_22 196
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Table A.1 (continued) : Estimations of the feature quality for each contingency.

Contingency 7 Contingency 8 Contingency 9
Ranking w Feature name W Feature name W Feature name
1 0.02518429 Pli21_22 129 0.0363171 Pli16_21 125 0.0253305 Pli21_22 129
2 0.02401638 Pli23_24 131 0.0357162 Pli21_22 129 0.0241754 Pli23_24 131
3 0.02396745 Pg58_6 0.0355273 Pli23 24 131 0.0231069 Pg58_6
4 0.02378138 Plil6 21 125 0.0332136 Pg58_6 0.0229295 Plil6 21 125
5 0.02199981 Qg58_22 0.0280618 Qg58_22 0.0209295 Qg58_22
6 0.01909615 Pg56_4 0.0256291 Plil6_24 126 0.0183279 Vm23_259
7 0.01784751 Vm23_259 0.0214081 Qlile_21 192 0.016309 Qg59_23
8 0.01608686 Plil6_24 126 0.02063 Vm58_294 0.0160137 Pli23_59 132
9 0.01601342 Qg59_23 0.0203255 Pli23_59 132 0.0160109 Pg59 7
10 0.0157823 Vm21 257 0.0203198 Pg59_7 0.0154422 Vm21 257
11 0.01561441 Plil6_19 124 0.0202976 Qg59_23 0.0154113 Plil6_24 126
12 0.01512934 Pli23 59 132 0.020119 Vm23_259 0.0137118 Pgdf 1 373
13 0.01512527 Pg59 7 0.0182749 Pg56_4 0.0133877 Qlile_21 192
14 0.01440537 Vm58_294 0.0175483 Pli16_19 124 0.0125068 Vm58_294
15 0.01399995 Vm56_292 0.0169159 Pli22_23 130 0.0124689 Vm22_258
16 0.01356864 Pgdf_1_373 0.0161867 Vm21 257 0.0122403 Vml5 251
17 0.01327973 Vm22_258 0.0157465 Qli22_23 197 0.0121662 Pg56_4
18 0.01292283 Qg56_20 0.0152956 Vm22_258 0.0109261 Vml6_252
19 0.01244175  Qlil6_21 192 0.0152839 Vm56_292 0.0107862 Pli22_23 130
20 0.01242694 Plil6_17 123 0.0140562 Qli23_24 198 0.0096987 Qg65_29
21 0.01223744 Vmi5_251 0.0137105 Qli23_59 199 0.0096505 Qli23_24 198
22 0.01164465 Pli22_23 130 0.0120313 Qg56_20 0.0095963 Vm24_260
23 0.01130217 Vm16_252 0.0116363 Pgdf 1 373 0.0095375 Qg56_20
24 0.01114267  Qli23_24 198 0.0114985 Vm19 255 0.0095179 Plil6_19 124
25 0.01077413  Qli22_23 197 0.0110652 Va58_362 0.00942 Qli22_23 197
26 0.01047403  Qli23_59 199 0.010919 Vml5_ 251 0.0093947 Qlig_9 183
27 0.01040815 Vm19_255 0.0105067 Va59_363 0.0093103 Qli23_59 199
28 0.00992752 Vab58_362 0.0101294 Vm16_252 0.0091231 Vm4l 277
29 0.00979513 Vm24_260 0.0098859 Qli21_22 196 0.0089653 Va58_362
30 0.00967931 Plil5_16 122 0.0088309 Vm24_260 0.0089219 Va59 363
31 0.00966908 Va59 363 0.0087792 Pli16_17 123 0.0085892 Plil6_17 123
32 0.00961029 Qg57_21 0.0086311 Qg57_21 0.008379 Vm56_292
33 0.0089443 Qg65_29 0.0083202 Vm59_295 0.0082098 Vm10_246
34 0.00888407 Vm4l 277 0.0082183 Qg65_29 0.0081786 Vm19_255
35 0.00846895 Va56_360 0.0079248 Vm20_256 0.0078888 Vm12_248
36 0.00801882 Vm10_246 0.0078788 Va22_326 0.0072929 Qg57_21
37 0.00770769 Va22_326 0.0073423 Vm4l_277 0.0072283 Vm5_241
38 0.00749637  Qli21_22 196 0.0073373 Va23 327 0.0071573 Vm4_240
39 0.00744146 Vm12_248 0.0071593 Pli15_16 122 0.0070059 Plil5 16 122
40 0.00743095 Vm20_256 0.006261 Va56_360 0.0067927 Va22_326
41 0.00730237 Va23_327 0.0062465 Vm10_246 0.0064755 Qli21_22 196
42 0.00715432 Va57_361 0.0057165 Vm12_248 0.0064738 Qg53_17
43 0.00675858 Plil4 15 121 0.0053664 Pg57_5 0.0064044 Va23_327
44 0.00673538 Vm4_240 0.0053636 Qlil4_15 188 0.006196 Vm20_256
45 0.0066008 Pg57 5 0.0053442 Vml7_253 0.006194 Vm40_276
46 0.00649032 Val9 323 0.0053175 Plo8_37 0.0061633 Pg53 1
47 0.00640961 Va20_324 0.0051621 Va2l 325 0.0060836 Qli41_40 235
48 0.00635789 Vm5_241 0.0051234 Vm57_293 0.0060785 Vm8_244
49 0.0063506 Plo8_37 0.0051054 Vm4_240 0.0060784 Vm17_253
50 0.00595751 Vm17_253 0.0050184 Va57_361 0.0060681 Qg55_19
51 0.00589041  QIli14_15 188 0.0048937 Qlil6_19 191 0.0059435 Va67_371
52 0.00579956 Va2l _325 0.0047826 Vmb5_241 0.0059386 Vad2_346
53 0.00570326 Vm59 295 0.0045543 Qlil6_24 193 0.0058776 Plog_37
54 0.00559737 Qlig_9 183 0.0044896 Plo4_35 0.0058712 Vm7_243
55 0.00549655 Vm14 250 0.0044863 Va20_324 0.0058251 Va56_360
56 0.00545541 Qg54_18 0.0044221 Val9 323 0.0058115 Vm59_295
57 0.00541103 Qg55_19 0.0042753 Vm18_254 0.0057847 Qg54_18
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Table A.1 (continued) : Estimations of the feature quality for each contingency.

Contingency 10 Contingency 11 Contingency 12
Ranking W Feature name W Feature name w Feature name
1 0.05124663 Pg58_6 0.0627123 Pli21_22 129 0.060396821 Pli23_24 131
2 0.03971124  Pli21_22 129 0.0623822 Plil6_21 125 0.053229037 Pli23_59 132
3 0.03848305  Plil6_21 125 0.0612383 Pli23_24 131 0.053197953 Pg59_7
4 0.03672211 Qg58_22 0.0605618 Pg58_6 0.050451234 Plil6_24 126
5 0.03193506 Vm58_294 0.0519807 Plil6_24 126 0.049372621 Pli21 22 129
6 0.03184365  Pli23_24 131 0.0484379 Qg58_22 0.049205542 Plil6_21 125
7 0.02570824  Pli22_23 130 0.0452465 Vm58_294 0.038085773 Plil6_19 124
8 0.02428656  Qlil6_21 192 0.0447816 Plil6_19 124 0.035915417 Pg56_4
9 0.02372828  Qli22_23 197 0.042875 Pg56_4 0.034491718 Qg59_23
10 0.02367195  Plil6_24 126 0.0420206 Pli23_59 132 0.031111893 Pli22_23 130
11 0.02182543 Vm23_259 0.0419988 Pg59_7 0.030943832  Qlil6_21 192
12 0.02067678 Qg59_23 0.0408258 Pli22_23 130 0.030746098 Vm56_292
13 0.02046546  Qli23_59 199 0.0383088 Vm56_292 0.027055853 Pg58 6
14 0.0202332 Vm22_258 0.0376017 Qg59_23 0.024673403 Qg58 22
15 0.02016412 Pg56_4 0.0371379 Qlile_21 192 0.024314618 Vm59_295
16 0.01944312  Pli16_19 124 0.036543 Qli22_23 197 0.021721702  Qli23_24 198
17 0.01848278  Pli23 59 132 0.0302066 Qli23_59 199 0.021107685 Vm19 255
18 0.01846764 Pg59_7 0.0278374 Qli23_24 198 0.020835996 Qg56_20
19 0.01697696 Vm21 257 0.0275218 Vm22_258 0.020230389 Vm23_259
20 0.01695484 Vm56_292 0.0274104 Vm23_259 0.017634459 Va59 363
21 0.01505993  Qli21_22 196 0.0244784 Qg56_20 0.016813201  Qli22_23 197
22 0.01426896  Qli23_24 198 0.0227978 Vm59_295 0.016633677 Vm58_294
23 0.01207123 Qg56_20 0.022585 Vm19 255 0.016256985 Qg57_21
24 0.01185141 Va58_362 0.0219973 Qli21_22 196 0.016146871  Qli23_59 199
25 0.01161428 Pgdf 1 373 0.0200968 Vm21 257 0.015901582 Vm21 257
26 0.01153082 Vm19_255 0.0165275 Qg57_21 0.015788867 Vm20_256
27 0.00991659 Vm16_252 0.0160586 Va58_362 0.014097386 Vm22_258
28 0.00990375 Vm15_ 251 0.0153709 Va59 363 0.012062771 Vm57_293
29 0.00934826 Vm59_295 0.014931 Vm20_256 0.011838114 Pg57_5
30 0.00846259 Qg65_29 0.011561 Vm16_252 0.011630512 Vm16_252
31 0.00786134 Va59 363 0.0114086 Pgdf 1 373 0.011134076 Vmi5_251
32 0.00783583 Qg57_21 0.0111598 Vm57_293 0.01068027 Qlil6_24 193
33 0.00780949 Vm24_260 0.0111507 Qlil6_19 191 0.010449442 Vm24_260
34 0.00726594 Vm20_256 0.0111313 Va56_360 0.010282078 Va56_360
35 0.00725766 Va22_326 0.0110173 Pg57_5 0.010150099  QIli21_22 196
36 0.00700421  Qlil6_19 191 0.010903 Vm15_ 251 0.010078393 Pgdf 1 373
37 0.00688457 Vmal 277 0.0104339 Va22_326 0.01002611 Qlil6_19 191
38 0.00614568  Plil6_17 123 0.009714 Vm24_260 0.009953159 Vab58_362
39 0.00594718 Vm10_246 0.0094599 Va23_327 0.008726429 Plil6_17 123
40 0.00590387 Va23 327 0.0089253 Plil6_17 123 0.008413643 Va23_327
41 0.00575188 Va56_360 0.00826 Va57_361 0.00825628 Va57_361
42 0.00517926  Plil5_16_122 0.0082294 Qlil6_24 193 0.007650279 Va22_326
43 0.0050276 Plo8_37 0.0073482 Va20_324 0.007327493 Qg65_29
44 0.00500633 Vml7_253 0.0066203 Plil5_16 122 0.007185853 Va20_324
45 0.00487415 Vm12_248 0.0066167 Val9 323 0.00684069 Qli14_15 188
46 0.0047577 Vm4_240 0.0063922 Qlil4_15 188 0.006396521 Val9 323
47 0.00464213 Plo4_35 0.0059977 Qg65_29 0.006378251 Plil5_16 122
48 0.0044329 Va2l 325 0.0059292 Va2l 325 0.005834305 Vm12_248
49 0.00429802 Qlo26_83 0.0055806 Vm10_246 0.005576746 Vm41_277
50 0.00423951 Vm8_244 0.0049931 Vm17_253 0.005387347 Vm17_253
51 0.00418289 Pg57_5 0.0045881 Vm12_248 0.005364393 Vm10_246
52 0.00415155 Vm7_243 0.0044376 Plo28_50 0.005217412 Vm18_254
53 0.00414504 Qlig_9 183 0.004306 Vm18_ 254 0.004953631 Pg60_8
54 0.00414073 Va57_361 0.0042929 Plo4_35 0.00491683 Vm4_240
55 0.00410783 Vm13_249 0.0042907 Vm4_240 0.004603238 Plo4_35
56 0.00410357 Plo29 51 0.0042692 Qlo20_78 0.00449649 Qlol_68
57 0.0040548 Vm57_293 0.0042115 Plo8_37 0.004443831 Vm5_241

121



Table A.2 : Estimations of the feature quality for most critical oscillatory mode.

SSS

Ranking W Feature name
1 0.0600778 Qli45_51 229
0.0599539 Qli35_45 223

3 0.059448 Qli50_51 231

4 0.0517651 Qli37_43 224

5 0.0510309 Qli50_52_230

6 0.0500866 Vm50_286
7
8
9

0.0456682  Vm51_287
00449973  Qli43_44 225
00416686  Vmd5_281

10 00402957  Qlid4_45_226

11 00379486  Qli52_42_233

12 00359215  Qli39_44 227

13 00342658  Pli52_42_166

14 0.0342008  QIi39_45_228

15 00338042  QIi34_36_209

16 00319136  PIi50_51_164

17 0.0301587  PIi50_52_163

18 00299656  Vm35_271

19 00296902  Pli45_51 162

20 0.028964 Vm39_275

21 00285903  Qli8_9 183

22 00283886  Qli33_34 210

23 00274829  Vm52_288

24 00274126  Pli48_40_155

25 00271413 Pli47_48 154

26 00271413  Pli47_48 153

27 00262613  Pli41_40_168

28 00259003  PIlil 47 152

29 0.0242401 Qg68_32

30 00239611  Vm44 280

31 00236768  Qli48_40_222

32 00233093  Vmd3_279

33 0.0226079  PIli35_45_156

34 00217885  QIi32_33 211

35 0.0216842 Vadl_345

36 0.0216744 Va66_370

37 00216343  Vm34_270

38 00204959  Qli41_40_235

39 0020062  Qli1_47 219

40 0.0193876 Va51_355

4 0.0191021 Vad2_346

42 0.019057 Va67_371

43 00182957  QIi47_48_220

44 00182957  Qli47_48 221

45 00182167  Pli46_49 151

46 00182012  Pli49 52 165

47 00179116  Vm40_276

48 00178933  Qli7_8_182

49 0.0172161 Vas50_354

50 0017091  PIi38_46_150

51 00161109  Qli5_8_179

52 00160485  Pli44 45 159

53 0.0158999 Va65_369

54 0.015217 Vm4s_284

55 0.0150002 Qg66_30

56 00147074  Vm33_269

57 0.0144493 Vad0_344
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APPENDIX B: Detailed results of optimization of preventive control action
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Figure B.1 : Evolution of penalty function of best solutions during optimizations:
(a)GA. (b)DE. (c)BB-BC. (d)PSO. (e)ABC. (fMVMO.
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Figure B.2 : Changes on the parameters of best solutions during optimizations
(@)GA. (b)DE. (c)BB-BC. (d)PSO. (e)ABC. (fMVMO.
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