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PMU-Based Applications for Improved Monitoring and

Protection of Power Systems

Anamitra Pal
Abstract

Monitoring and protection of power systems is a task thas manifold objectives. Amongst others, it
involves performing data mining, optimizing available resources, assessing system stresses, and doing
data conditioning. The role of PMUs in fulfilling sledour objectives formshe basis of this dissertation.
Classificatiorand regressiontree (CARTuilt using phasor datads been extensivelyusedin power

systens. Thesplits in CART are based on a single attribute or a combination of variables chosen by CART
itself rather than the user. But as PMU datnssts ofcomplex numbers, both the attributesshould be
considered simultaneously for making critical decisighs.algorithm is proposed here that expresses

high dimensional, multivariate data as a single attribute in ordexuccessfullperform splis h CART

In order to reapmaximum benefit from placement of PMUs in the power grid, their locations must be
selected judiciouslyA gradual PMU placement schensedeveloped here that ensures observability as
well as protects critical parts of the systein. order to circumvent the computational burden of the
optimization this schemeis combined with a topologiased system partitioning technique to make it

applicable to virtually any sized system.

A power system is a dynamic beirand its health needsotbe monitored at all times. Two metrics are
proposed here to monitor stress of a power system in tgak. Angle difference between buses
located across the network and voltage sensitivity of buses lying in the middle are found to accurately
reflect the static and dynamic stress of the systefthe results indicate that by setting appropriate

alerts/alarm limitsbased on these two metric&t more secure power system operation can be realized.

A PMUonly linear state estimator is intrinsically superior to itgredecessorswith respect to
performance and reliability. Howeveensuring quality of the datatream that leaveshis estimator is
crucial A methodology for performing synchrophasor data conditioning &atidation that fits neatly

into the existing linear state estimation formulation is developgeete. The results indicate that the
proposed methodology provides a computationally simple, elegant solution to the synchrophasor data

quality problem.
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Chapter 1: Introduction

The invention of phasor measurement units (PMUs) has revolutionized the world of power systems. Also
called synchrophasors, PMUs are devices that megsussorsthat aresynchronizedh time. They have

made ssible the measurement afoltages and currents at diverse locatianghe power gridat the

same time. This provision tifne-stampinghas enabledystem operators and planners to measure the
state of the electrical system and manage power qualithissynchronization in time is facilitated
through the use of global positioning system (GPS) satellites. As these measurements are truly
synchronized, they can be used to assess system conditions HimmealFig. 1.1 shows the block

diagram of a typical PMwhereas Fig. 1.2 shows how they are utilized in power systems.
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Fig. 1.1: Block Diagram of a phasor measurement unit (PMU)
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Fig. 1.2: PMU Utilization in a Power System

PMUs have been used for a variety of applications in power systEn€ollectively called wide area
measurement system (WAMSased applications, these can be broadly classified into three categories

(as shown in Fig. 1.2):

1 Monitoring
i Protection

1 Control
They are described in more details as follows.

Monitoring: Under the category of monitoring, PMUs have been primarily used ingwsit analysis

and state estimation. When the first commercial PMUs became available, becauseirofitih cost,

they were only used for post event monitoring. As more and more companies started manufacturing
PMUs in accordance with the standarf§-[4], the quality of the phasors produced by the PMUs
improved significantly and so did their applicability. The monitoring capabilities of PMUs proved
especially useful in parming quick and accurate postortem analysis of the 1996 U.S. West Coast
blackout and the 2003 Northeastern U.S. blackout. Accordingly, one of the recommendations from the
United Stateg/ | YI Rl ¢l a1 C2NOS 2y GKS wmn ! dz8dfitine Hnno
synchronized dat&ll5 O 2 NR S NA& ¢ [5{i Zhis larfd bthedzéchrinferidatiGn led to the creation of
the Eastern Interconnection Phasor Project (EIR®w known as North American SynchroPhasor
Initiative (NASPI). The use of PMUs for performing-pesht analysis has increased considerably since

then.



State Estimatiorof the power system from redlme measurements is one of the most important
element of modern energy management systems (EMSs). The state of the power system is defined as
the collection of voltages of all the network buses obtained simultaneously. The technology of state
estimation currently in use is primarily based on unsynchronizeghsurements obtained from the
supervisory control and data acquisition (SCADA) system. This results in a nonlinear equation that must
be solved iteratively to estimate the system state. Due to low scanning rates and relatively slow
computations, presentdchnology is incapable of providing information about the dynamic state of the
power system. Synchronized phasor measurements enable a recast of the entire state estimation
process. PMUs are capable of providing measurements as often as once per cybke mwer
frequency. These measurements can become the basis for developing a coherent picture (state) of the
network. Knowing the network state in turn makes stability and vulnerability assessments p@8kible
Thus, with the use of this technology, much of the delay inherent in the present state estimation
systems can be removed, and the utilities can move on to advanced static and dynamic contingency

analyses oftteir network in reatime.

Protection: Synchronized phaseneasurementenhance the effectiveness of power system protection

by offering solutions to anumber of complex protection problem3his involves equipment and system

protection, as well as remedli action schemes. For example, the status of certain cibweiikers and

switches, power flows in key transmission lines, voltages at critical buses, power output of key
generators, etc., measured by PMUs, could be used to formulate a strategy of respidnhese

LI N} YSGSNE akKz2dzZ R Tt f[7.4k thiK way, PNUR measLi@Nahtdzaae thal G SN

potential to limit the damage that can be caused to the power system by catastrophic ¢8gnts

In general, phasameasurements are particularly effective in improving protectionctions which have
relatively slow response times. For symiotection functions, the latency of communicating information
from remote sites is not a significant issue. A few exampfegrotection systems that could benefit
from remote phasomeasurements information include control backup-protection of distance relays;
protection functionsconcerned with angular voltage stability of netwerlsecuritydependability based
adaptive votingschemes, etc[9]-[12]. A number of other WAMSBased protection improsments can

be found in[13].

Control: The traditional controllers used in power systetile power system stabilizers (PSSs), High
Voltage DC (HVDC) links, dfiekible AC Transmission SystefRACTS) were designed to act so that the

defined control objective functions are optimized. Howevatppto the introduction ofsynchronized

3



phasor measurementghese types of controls weressentially localTherefore, bec dza S 2 F G KS
nature of the control,in its efforts to damp a local mode of oscillatiancontroller could negatively
damp an interarea mode of oscillation and vieersa[14]. The introduction ofPMUsprevents these
kinds of occurrences as thejffer the possibility ofa control based on measuremenbbtained from

remote areas (WAM®ased control)

A WAMSbased ontrol brings in the remote measurements of the system state vector to the controller,
and thus removes from the control loop, the uncertainty associated with the mathematical model. As a
result, in its implementation the controller becomes primarily feadkbased rather than moddbased.
Latency of the phasor measurements is an isdugt, as many of the processeglike interarea
oscillations)are in thelow frequencyrange the effect of latencyelated problems is less. Moreover,
since the phasor datas itimetagged the control is based on the actual state of the systeaibeit, a

short time in the pastquasireal time) Thus, these measurements can effectively integrate control
actions of different controllers present in the system. Such a coordinetadrol scheme for damping
inter-area oscillations has been developedib] and applied to a 4000+ bus Enhanced California model

of the Western Electricity Coairtating Council (WECC)|[i6], [17].

Thus, the use of PMUs has elevathd standards of power system monitoring, protection, and control.
They have facilitated innovative solutions to traditional utility problems and have offered power system

engineers a whole range of potential benefits like

1 Improved postdisturbance anaises because of precise snapshots of the system states obtained
through GPS synchronization

9 Precise estimates of the power system state obtained at frequent intervals, enabling dynamic
phenomena to be observed from a central location

1 Implementation of advaced protection schemes based upon synchronized phasor
measurements for improving overall system response to catastrophic events

91 Improving controller performance through advanced control using remote feedback

PMUbased applications for the improved monitog and protection of power systems forms the basis
of the work contained herein. In the course of this dissertation, the four objectives of performing more
accurate data mining, optimizing PMU locations to reap maximum benefits out of their placement,
as®ssing static and dynamic stress of a power system intiraal and doing conditioning and

validation of PMU data, will be met.

a f



1.1 Decision making using PMU data

PMUs, when placed at a bus, provide time synchronized measurements of the voltage pldsoe an
0N} yOK OdaNNBy G LIKIFaz2NB 2F | ff GKS O0NIyOKSa SYSNH

traditional PMU measures are:

1 Voltage magnitude and angles/real and imaginary components of voltages

1 Current magnitude and angles/real and imaginargnponents of currents

Complex voltages and/or currents being the primary entities based on which decisions are made in a
power system, the ability of PMUs to directly measure them, gives PMUs an enormous edge over other
telemetry devices. As the power sysiehas evolved, it has been observed that a combination of these
LIKF&a2NR YIF{1Sa o0Sad0-&dkingithas wmiddévidud phiddorREo0iksiaice|[$R]

voltage angles were combined with real and imaginary currents to classify the system as safe or
stressed. Similarly, a trajectory of an individual phasor measured over a period of time can be more
reliable for decisiormaking than its value at a particuleastant. Furthermore, the decisions being made

YFe y20 +fglcea(18SOGomERANRAYI (GKS adaeadasSy la aal ¥S¢
PMU data can also be used to identify events, like the type of fault that has taken place. Thus, PMU
data, in general, will be high dimensional (complex numbers/trajectory of complex numbers) and can be
used for making muktDf a4 RSOA&A2yad !y FfI2NRIGKY A& LINRBLRA

Linear Discriminant (FLD) to makelti-classspits involvinghigh-dimensionakynchrophasor data.
1.2 Optimal PMU Placement

.ST2NB o0SySTAGa OFy o06S NBILSR FTNRY (GKS LI I OSYSyi
A4St SOGA2yé¢ gAGK NBaLISOO G 2Théfabeindht siistate @8ricté&dybyithey dza G o
available communication facilities, the costs of which are often higher than that of the PMUs
themselves.To optimize cost and intended applications, it is necessary to choose PMU locations
judiciously.Therefore, the path to be ftowed is to progressively deploy PMUs at select locations within

the network to eventually observe the whole syst¢b8]-[20]. The concept of optimal PMU placement

has been a highlgesearched topic since PMUs came to be used commer{24lly{22]. Primarily, there

have been two methods followed by power engineers for addressing this[i$8lue

1 Development of a prioritized list of placement sites based essentially on observability, and

1 Placement of PMUs to correctly represent critical dynamics of the system
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However, the first approach does not taketanaccount the transient and dynamic stability of the
system, whereas the second approach does not consider complete observability as one of its priorities.
¢KS ySi 2dz2i®62YS A& GKFG T2NJ 0KS alY$S aegadsdSy RAT:
depending on the methodology followed. As it is not possible for any utility to implement all the
schemes that are proposed, either transient/dynamic stability, observability, or often both are
compromised. In this dissertation, a PMU placement scheme is megethat combines both the
YSGK2R2t 23ASad . Ayl NE Ay dS3ISNI LINEOHaEusew foyirdl the Y R &

relevant PMU placement set. The coutational burden of the optimization appeared to be a limitation

¢
f M

for applying this scheme to big systems (> 500 buses). In order to circumvent this problem, the proposed
scheme was combined with a topolobgased system partitioning technique to make it dpable to

virtually any sized system.
1.3 Phasor Measurement based Stress Assessment Metrics

Courtesy the deregulation of power systemany tielines between control areas have come to operate

near their maximum capacity, especially the ones serving heavy load centers. Such stressed operating
conditions have increased intarea oscillations between different control areas and even lech&jor
disturbances[23]-[26]. In this chapter, two metrics are propasdor assessing static and dynamic
stresses present in a power system. The base loading of the system constitutes static stress. It refers to
the normal/precontingency state of the system. Dynamic stress refers to the event/contingency that
the system issubjected to. Angle difference between buses located across the network and voltage
sensitivity of buses lying in the middle were two metrics that were found to accurately reflect the static
and dynamic stress of the systeiihe results indicate that witthe aid of PMUs and modern software

tools, it is now possible to assess metrics like these for large systems (10,000+ buseg)nrereal
1.4 Synchrophasor Data Conditioning and Validation and Possible Applications

A threephase PMubnly (linear) statsS 8 G A YIF 62 NJ K a 0SSy ONBFGSR F2NJ 52°
500kV network as part of a DOE (Department Of Energy) Demonstration Project. The estimator will
update every 1/3% of a second with tim¢agged measurements of high voltage buses as its wistp

However, the raw data obtained from these PMUs is not suitable for many of the applications for which
GKSe INB SELISOGSR (2 06S dzaSR® !'a &dzOKX GKSNB Aa |

so that correct decisions can be made usingstihmeasurements.



A technique to predict the next voltage measurement from a history of previous estimates was
developed in27]. Using this technique, a methodbB & (G2 G Of SFyé NI ¢ &&y OKNER LIF
here. This process can be used to detect bad data by using an observation residuall ago smooth

data by using subsequent measurements to obtain a better estimate (a technique for supplying missing

data). In this work,the data conditioning and validation procebas been integrated with the linear

state estimator (LSE) developed for D\2B]. However, @en if a state estimator is not desired, the
proposeddata conditioning algorithntan be used as a stafadone tool fordetecting bad data, finding

the best estimate, and increasittige observability of the networkThe use of conditioned and validated

data in @librating positive sequence instrument transformers is also touched upon.
1.5 Overview of the Dissertation
This dissertation is organized as follows:

Chapter 1 gives a brief overview of the different applications of synchrophasor measurements in the
doman of power systems. It explains the decision making process involving complex synchrophasor
data. It presents a PMU placement scheme that ensurestimal monitoring of important buses of the
network while gradually enhancing system observability. It adbows how the proposed PMU
placement scheme can be combined with a partitioning scheme to further increase its applicability to
large systems. Then, it proposes two metrics for assessing stress in a modern power system network.
Finally, it describes a miebdology to clean raw synchrophasor data in fi@@e and suggests possible
applications of the conditioned dataThe chapter concludes by outlining the contentgha following

chapters

Chapter 2 begins with an overview of classification and regressser{CART), a decision tree algorithm

that is commonly used in power system applications. Next, it outlines some of the problems faced by

the traditional CART logic with regards to synchrophasor ddaareby highlighting the potential

applications of tle proposed technique CA a KSNR& [AYSIFENI 5AA80NRYAYIYG | L
(FLDSD). The chapter concludes with simple examples to demonstrate the superiority of the proposed

approach to other techniques that have been developed previously to adthissgroblem.

Chapter 3 illustrates the application of the FLDSD technique to solve power system problems. In the first
problem, it is applied to a detailed model of the California power system, where it is used for developing
an adaptive protection schme. This example illustrates the ability of the FLDSD technique to efficiently

handle large data sets. In the second problem, it is applied to the IEERI$18/stem, where it is used

7



to classify dynamic events based on trajectories of voltage measuresnabdtained from PMUs. This

SEFYLX S KAIKEtAITKGA GKS §GSOKyA | hghdndensibnalirhukiofegs G2 Y

synchrophasodata

Chapter 4 presentea PMU placement schemealled critical bus based binary integer optimization
(CBBBIOhat provides reatime monitoring of key buses of the network. High voltage lines, substations
relevant for transient and dynamic stability of the network, and buses with high connectivity are given
maximumpriority while placing the PMUs. Binairgtegerpr2 3N YYAY 3 YR GRSLIGK 27
are combinedto find the relevant PMU placement set. The placement schistested on the IEEE 118

bus system, IEEE 300s system, a 28Bus model of the Central American Power Transmission System,

and a complex 96-bus network describing the Northern and the Eastern power grids of India. The
results indicate that theCBBBIQechnique will be useful to utilities that want to initially protect the

most important buses of their system on their way to attaining congptéservability.

Chapter 5 extends the CBBBIO technique developed in the previous chapter by combining it with a
communitybased partitioning approach for computing PMU placement schemes in very large power
system models. A bound is also developed to cotagor the maximum error from an optimal solution.

The technique developed here is applied to standard IEEE systems as well as on more realistic power
system networks. The partitioning logic appears to provide a considerable reduction in computational

burden of the optimization without significantly changing the system structure/topology.

Chapter 6 introduces two metrics for static and dynamic stress assessment in a modern power system.
The base loading of the system constitutes static stress. It refdfetaormal/pre-contingency state of

the system. Dynamic stress refers to the event/contingency that the system is subjected to. Angle
difference between buses located across the network and voltage sensitivity of buses lying in the middle
were found to acurately reflect the static and dynamic stress of the systarhi0,000+ bus model of the
WECC system is used as a test system for this andligsisesults indicate that by doing data mining on
these two parameters and setting appropriate alerts/alarm i a more secure power system

operation can be realized.

Chapter7 delves upon a methodology to perform data conditioning and validation of phasor data
obtained from a PMtbnly state estimator. A PMU only state estimator is intrinsically superior to its
SCADA analogue with respect to performance and reliability. However, ensuring the quality of the data

stream which leaves the linear estimator is crucial before establishing it as the front end of an EMS. This



can be done by prprocessing the phasor datzefore it arrives at the linear estimator and by using the
estimator itself as a means to clean the dat@ischapterpresents an algorithm for synchrophasor data
conditioning and validation that fits neatly into the existing linear state estimation formulation. The
results indicate that the proposed technique provides a computationally simple, elegant solution to the
synchrophasor data quality problemits use in the calibration of positive sequence instrument

transformers is also discussed.

Chapter 8 summarizes the dissertatiand suggests possible topics that can be explored in the future.

The references and appendicare provided in Chapter 9 and Chapter 10, respectively.



Chapter 2: Decision Trees for Complex Synchrophasor Data

Wide area measurement system (WAMS) using synchronized phasor measurement units (PMUs) have
been extensively used in powsystem networks all over the world. PMidsed measurements provide

new methods for achieving reéime control, stability enhancement, and transfer capacity improvement

of the power network. Especially, in the developed nations, these measurements haveviskdy used

for state estimation, protection, and control based on situational awareness for operational decision
making. Various data mining techniques have been employed by power engineers to make decisions

based on this informatiof29]-[33], with decision trees (DTs) being the most popular appr¢ash

Decision trees (DTs) extract information from large sets of data and intuitively represent the gained
knowledge through a series of-efse statements. And because DTs uselsé logic, they can be
programmed and implemented very easily in the field. Bieti trees have been used extensively in
power systems for performing different types of analysis. A secdgpendability based adaptive
protection scheme separately using voltage angles and current magnitudes is develgp2H in[35],

a realtime transient stability prediction scheme using voltage angles and dediges is investigated.
Voltage angles are again used in decision tree processing for respagnsd discrete event contr¢do].

A fast online voltage security mitaring scheme using PMU measurements with decision trees built
using voltage angles is developed37]. Phasor magnitude and angle have (separately) been uged f
reaktime transient instability detectio38]. In [39], power sys¢m security assessment is done using
decision trees built from voltage angles obtained from PMUs. A-aida responsdased control using
phasor measurements and decision trees based on voltage angles is developtl]. iSplitting of
decision trees on a single attribute is dong4i]-[43]. Voltage angles have again been used for power

system transient stability forecasting [#4].

Classification and regression tree (CART) is a binary decision tree that is constructed by splitting the
parent node and subsequent nodes into two child nodes repeatedly, beginning with the root node that
contains the whole learning sample. The logic iseloaon choosing the best split among all possible
splits at each parent node so that the child nodes are purest. The CART algorithm initially grows a
decision tree as large as possible and then selectively prunes it upwards. Cost complexity criterion is
used in the pruning process. The objective is to attain a minimum sized tree with minimized cost
complexity. Cost complexity criterion and number of branches vary depending on the application. More

details about the computational aspects of the CART mettmpok splitting criteria, structural
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complexity, etc. can be found [#5]. A commercial implementation of this technique (Cf&RTas also
been developed by Salfofslystemg46].

Being a norparametric decision tree learning technique, CART is especially suited to power systems
0S50l dzasS 2F GKS t |-lindaelivior4l) 348 LA typieabcladsificRion/addyfegression
treeistt AYSR o0& F fFNBS ydzyoSNI 2F OFasSa OFftfSR GKS
classified states and a list of attributes. The tree splits the data into two subsets at each node so as to
get maximum purity in the generated subsets. The tree oy dinds the optimal attribute required for
partitioning, but also computes the optimal value of that attribute. The tree will stop growing when

either of the two terminal criteria is met:

T ¢KS Oflaa 2F | GSN¥YAYyLE y2RS Aad aadzFFAOASyGfeé

9 The accuacy cannot be improved by further partitioning
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reliable and unbiased estimate, the test data set needs to be large. The CART logic explores the
underlyng mechanism based on which the data was created and uses binary recursive splitting to
partition the sample space. Classification is used to analyze categorical type data while regression is

used to analyze continuous type d4#b].

The popularity of CART is because of its apparent robustness and efficiency of use. It requires little data
for its preparation, works well even if some of the assumptions made dutaitg generation are
violated and performs very well with large data in a comparatively short {49 Moreover, the
resulting model is easy to understand andpolement. The advantages of CART over other data mining
technigues like Automatic Interaction Detection (AID),-€thiare Automatic Interaction Detection
(CHAID), and C5.0 (a commercial decittiea and rulelearning package developed by RuleQuest

Researchare briefly summarized beloj#6]:

Optimal tree creation due to superior predictive accuracy
Assessing goodness of fit of solution via chesdation

Ability to use same variable in different parts of the tree

= =_ =4 =4

Resistance to presence of outliers
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2.1 lllustration of the problem

CART data is in the form of an array with rows being the events/outcomes and columns being the
measurements. In its simplest form, CARdkpione measurement at a time for performing the splits.
While this is very effective in handling data having univariate attributes, difficulties are observed where
the predictors are multivariate. MuHlinodal classification problems involve pattern reciigm from
disjoint regions in feature space. Synchrophasor data are an example of anmodHti classification

problem in the domain of power systems.

PMU measurements are generally complex. When CART picks one column, it uses either the real or the
imagnary part of the measurement, but not both. Thus, it is not able to address the complete phasor in

a single split. This also creates problems when there is a change of ref¢s@hc®loreover, although

CART allows splitting on Linear Combinations (LCs) involving as many as 6 attributes, these are chosen as
G L) OK 2 25a).SHenceR for performing the split, CART is not particularly likely to select a linear

combination that includes both the real and the imaginary part of the same complex number.

This drawback oCART (inability tperform an optimum spliat a single node when applied on data
having many attributeslimits its applicability to solve power system problems to a great extent. In most
of the applications mentioned previously, decisions were beinglanbased on one measurement
obtained from a PMUAs such, CART was making decisions based on a single attribute. However, a PMU
placed on a bus records the complete voltage phasor (magnitude and angle) and the complete branch
current phasor (real and imagiry components) of all the branches emerging from that bus. Although
using one attribute (for instance, voltage angle) works at times, it isalvadysa good strategyAs will

be illustrated in this dissertation, on many occasions, it is more approptdatese all the data that is

made available through the placement of the PMU for making decisions, rather than just one attribute.
Moreover, since the complex number (synchrophasor data) is a single entity (voltage, current, apparent
impedance, etc.), itlould be treated as such. Splitting only on the real or only on the imaginary

component of a PMU measurement does not address the complete phasor.

Similarly, a linear combination involving the real part of one variable and the imaginary part of another
variable is not physically meaningful and is inefficient for placing PMUs. For instance, if complex currents
are considered separately then CART might choose to do a split based on the real current flowing
through one line and the imaginary current flowirtgdugh a different line, in which case at least two

PMUs would be needed for measuring the currents. However, if the complex currents are treated as a

12



single entity, then CART will decide based on the real and imaginary components of the current
simultaneasly and so even a single PMU might suffice. Thus, it can be inferred that there is a need to

examine in greater detail the splits made by decision trees that use complex synchrophasor data.
2.2 Previous Approach Rotation along a reference

The challenge that is encountered in making a split involving complex data is that two or more groups of
high-dimensional quantities have to be separated by a single entity. This means that the multi
dimensional data has to be represented in a manner thasingle dimensional variable is able to
distinguish patterns present in that data. In the domain of power syst¢nd} describes a way to make
decisions concerngn complex synchrophasor data by rotating along a reference. Their approach is

described as follows.

In [50], Garlapati and Thorp studied the problem of splittingtbe real or imaginary part of a complex
guantity for a decision tree built using refiine data. Their logic is based on the fact that complex
synchrophasor measurements have a reference angle associated with them. For instance, if a load flow
is used togenerate the data, the angle of the swing bus can be used as the reference. However, the
actual application requires a physical reference as the measured angles would have the reference angle
subtracted from them. That becomes a problem when the refereiscehanged. Typically this occurs
when the PMU on the reference bus fails or when the utility decides to install the needed PMU
elsewhere. Performing the split on the real or the imaginary part of a complex measurement would then

result in the performancef the tree to degrade significantly.

This being the motivation for their work, Garlapati and Thorp proposed rotating along a reference as a
potential solution to the problem. To illustrate their logic, let us assume a variety of load flow
simulations hae been performed for a system 6f buses For the load flow data that is generated, the
utility swing bus, say bus, is the reference. Therefore, the angle of Busvill be zero for all the cases.

Now, if the utility places a PMU at baés then its amgle will be used as the reference for all
synchrophasor measurements and no change has to be made to the load flow data. However, if the
utility decides to place the PMU at some other bus, say[b)wshere(f)N 0 and® &, then in order to

use the new busvas the reference, the angle of bdshas to be subtracted from all the other angles of

the data set. Thus, bu®will now be at an angle of zero and all the angles will be referenced to it
(instead of bug). Graphically, this can be thought of astating all the data points by the angle

difference between bus and busi The following example illustrates this concept.
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Fig.2.1 denotes a randomly generated sat40 data points Without any loss of generality, it can be
assumed that the Jéxis depicts the real voltages in p.u. whereas thaxi¢ depicts the imaginary
component of the voltages also in p.u., when referenced to the swing bus of an arbitrary system for
some simulatecexperiment. The blue circles can then correspond to the stable voltages while the red
circles will denote the unstable voltages. The dotted line shows the single column splitter obtained
when this set of complex voltage measurements is fed into CART.udoweom the figure it becomes
clear that by splitting in this waywo blue points which are supposed to be above the line are below it

resulting in a misclassification 6%
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Fig. 2.1: Best split obtained by using the swing bus as reference

Now basedn the logic developed if50], one can shift the reference from the swing bus to other buses
of this arbitrary system to get different splits. By successivelkimyathree other buses say btis bus®

and buskas the reference (where busés®anddare not the initial swing bus) one can obtain plots
such as the ones shown in Figs.-2.2. From these figures it becomes clear that the reference used in

Fig 2.3 i.e. busvis the best reference for performing the split for the said experiment.
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The approach proposed 0] is impressive because it not only provides a possible solution to the
problem of using complex measurements for decision making, but also can be used to find out the most
suitable reference bs for a given application. Out of the buses selected by the decision tree, the bus
that results in the least number of misclassifications will be the best bus to be used as a reference. The
only thing that needs to be done is to try different buses asrtference to see which bus best suits the

need.
2.3 Proposed Algorithng CA 8 KSNDRa [ AYSIE NI 5AEAO0ONRYAYIlYG | LILX ASR

The technique that is presented 0] is one way in which splits can be performed for decision making
using complex synchrophasor data. However, it is not the most optimal way of addressing this issue. The

drawbacks of the approach developed ] are identified as follows:
9 It does not necessarily produce the best possible results
T LGQa | @SNEBR aYlydzZat LINROSaa¢ |yR OFyy2d oS
problems

1 It cannot be extended to data having more than tdimensions
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9 It cannot make multclass distinctions

In order to implement the logic developed [&0] the reference las to be moved from one bus to the

other in order to find the reference that is best suited for the given application. But there is no

3dzl NI yiSS dKFd GKSNBE dagArtté 0S I NBEFSNBYyOS o0dza @K
thetransfNJ 2 F (KS NBFSNBYyOS FTNRY 2yS odza G2 GKS 23KSN
GOKSOlAy3Ié F2NJ GKS o0dza GKFG 3IA@Sa GKS fSlad ydzyo$s
decision making. Therefore it becomes very difficult tlgipthis logic directly to large and complex

power system problems. Finally, the logic developebDdi cannot be extended to data having more

than two attributes,nor can it make distinctions between multiple classes. The technique developed in
GKAA OKFLIISNI OFftf SR CAAKSNIRDA [AYSFENI S5AA0ONRYAYIl YV

aforesaid drawbacks.
2.3.1Strategy formaking twoclass classifiten of high dimensional data

Consider a set of observationafor each sample of an event with known classgsandn ; the
subscriptshandi RSy 2idAy3 (GKS aofdzSé¢ FyR aNBRé RIFEGlE &asSdia ¢
the classification problem is to then find a good predictor for the cifpas$ any sample given only an
observationsas By performing simulations and analyzing the resuit was realized that for similar
distributions (skewed or otherwise), a simple and efficient way of doing the split was by mh&ihga

distributions spherical. This isased onthe logic of linear discriminant analysisDA which is a
simplificaion2 ¥ CA & KSNRa& [ Ay g52NJIThi5 isadandJoyy huifiplyyhd theo idi[vidual
distributions with the Choleskiecompositior{53] of the inverse of its covariance matrix. This results in

the new distributions becoming spherical with an identity covariance matrix. The advantage is that the
perpendicular bisector ofhe line joining the two centroids of the new (spherical) distributions then

becomes the optimum split between the two data sets.
Let the two classes of observations have centrdiuﬁ andH,, and covariancer,. Then the optimum

split for this new dstribution is obtained by solving fap  such that,

Iﬂ‘H‘T H| HI"T H|
C

'” H?AH My 8 B ui P
Where,
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a1, cg
s BN

It is to be noted here thatg -yvdefines the hypeplane which perpendularly bisects the line joining
the two new centroids. Therefore2{l) holds true in the new cordinate system where the two
distributions are spherical with identity covariance matrices. The data points to be segregated are now
projected ontozg -y For example, lety -yybe parameterized by a linear equation ind3space as

shown in 2.3),
oo W 0a QT C®

Then, ifwl  whOMY be the'Q data point belonging to the set of observatic@sthen the shortest
distance frommito the hyperplane defined b§o & G @& Q Tis given by,

‘O 'Q D ca
Nw w w

The split can now be performed on the following basis

00 mRAA

- L d
oQ mgd 1 OA

From @.3)-(2.5) it becomes clear that, since the distance vector will be adimensional quantity

irrespective of the number of dimensions the hyplame has, this logic can be extended to address high

dimensional data with ease.

When the two distributions are very different, an optimum split can be performed by adding the
covariances of the two data sets and using it on both the data (based on awaalitFLD). Let the two
classes of observations have centrohilg+ andH,, and experimental covariancesAH and g,,. Then,

FLD defines a performance indexvhich maximizes the projected class differences relative to the sum

of the projected wihin-class variability52], [54]. Mathematically, this is stated as

.., b Wy H
- AQE Mg UA— T

b F‘H FA,DD &

Where the vectofpis the normal to the discriminant hypgidane
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On solvingZ.6), it is realized that the maximum separation occurs when,
0P Fay  Fa  MHay Ha X

If Hy, Fap Fa M andy, Fap Fa Ha, then any vector perpendicular tob and
passing through its migoint is given by

P

c H Ay, Hha,, B (1]

In (2.8) is the optimizing variabldn order to find the optimum hypeplane, we have to minimize:

p
- — . &
c My, B, B C

On solving4.9)usingweightedleastsquares (WLSjlgorithm,we get the expected value pfas

p
D ib D e — m
c My, Ha,, @

Using this value of, we obtain the splitting variabl® as:

O O PDD (D i s My, Ha, P p
From @.11), it can be inferred that the original multivariate data can be replaced in CART by the single
variableO. It is also easy to show that the hyperplgmerpendicularly bisecting the line joining the two

centroids in the new cordinate system is equivalent to a rotation of the hyperplane perpendicularly

bisecting the line joining the two centroids in the originatardinate system, thereby making it no

f 2y3ISN) LISNLISYRAOdzZE N ¢KA& A& GKS 3IS2YSGNRO AyidS
unknown distribution a direct application of FLD is sufficient for performing an optimum split. As such, a

adzA Gl o6fS yIYS ¥F2N i riscimivadtafplRdRio SJydchraphadok BatdIFEDSP)A Y S | NJ

2.3.2Strategy fomaking multiclass classification @igh dimensional data

In the previous sulsection, it was proved that the proposed approach is able to perform binary splits on
high-dimensional d&éa. However, this method could also be used to separate multiple classes, by taking

two classes at a time. In order to do so, distances of the data points from all the hyperplanes must be
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initially computed. Taking two classes at a tin®11) is used t@ompute for the distances. Férclass

distribution, we have,

66 & GOWON Qi nac&e—m—a"z' P @ C

The distances to the hyperplanes stuthen be fed into CART for selecting the optimum distance
variable for performing the split. Since all the input variables have single attributes, CART can directly
select the distance variable that will result in the best possible split. By selectinglasses at a time,

and proceeding until all the class combinations have been covered, even a tree ofidegthcan
successfully separafedata classes. The flowchart of the prajeal algorithm is shown in Fig.5, while

the pseudecode describing its ggdication to an example problem is givenAppendix AThe next sub

section demonstrates the application of this logic to typical synchrophasor data.
2.4 lllustrating application of FLDSD to synchrophasor data

Since PMU data are usually complex numbeére,doal is to express such multivariate data by a single
entity. This single entity/variable would be used for performing the split in CART. BdaimmeaPMU
measurements offer some challenges of their own. It was observed that data sets often had very
skewed distributions (as seen ifig.2.6). The reason for this was that voltage magnitudes and steady
dG+F0S OdNNByia SELNBEASR Ay AGLISN dzyAaidé 6SNB ySI
transient current values were not so. Thus, when such diveneasurements were combined together

to make decisions, the resulting cloud became ellipsoidal in shape. This issue was addressed by
transforming the ellipsoid into a sphere using the prepd algorithm as shown in Fig.7. It becomes
obvious from Fig2.7 that this technique has resulted in the two distributions becoming circular
(spherical, for higher dimensions) from their earlier elliptical (ellipsoidal, for higher dimensions) shapes.
This was further verified by computing the covariances of the deitributions, both of which were

found to be identity.

Another problem was the apparent randomness in some of the distributions when, for example, a fault
occurred in the system.if8ilar to what is seen in Fi@.8; it was observed that such distributions
followed no set pattern. The application of the proposegapebach to the example in Fig.8 is shown in
Fig.2.9. It becomes obwius from Fig2.9that using this method a perfect split between the data points
has been obtained. The nestib-sectionillustrates how a split performed using FLDSD compares with

that performed using the traditional CART algorithm
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Fnd means and compute
covariances of all the distributions
Taking two distributions at atime,

multiply them by inverse of the €—
sum of the covariances

l

Gompute the equation of the line
joining the centroids of the
resulting distributions

l

Solve for the optimal hyperplane
perpendicular to the line joining
the centroids

l

Replace data of original
distributions by distances of
individual pointsfrom this
optimally selected hyperplane

All distribution
pairs covered

Yes

Set the resulting distance
variables asinputsto CART for
training the tree

l

Given an actual event, compute
distancesto the relevant
hyperplanes and follow the tree to
the corresponding terminal node

Fig. 2.5Flowchart of Proposed Algorithm
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2.5 Comparison of FLDSD with the traditional CART algorithm

In the previous susection, the application of FLDSD to split randomly generated synchrophasor data
was demonstrated. From the results, it was clear that the proposed logic is able to perform a better split
than the one obtained using data from a singtduenn. In this suksection, a direct comparison of this
algorithm (used as a preprocessing step) is made with the traditional CART algorithm to show its ability

to solve general power system problems.

Let there be a hypothetical-Bus system as showm iFig. 2.10. The three buses (A, B, and C) are
connected to each other by three transmission lines (1, 2, and 3). Six transient stability simulations were
run on this system with the first three resulting in a stable system whereas the remaining thrédngesu

in the system losing stabilityfthe current (real and imaginary) flowing in the three lines for the six cases
is as shown in Tabl2.1 In the table, the rows denote the event (stable/unstable) while the columns

denote the corresponding measuremerfteal and imaginary currents).

Fig. 2.10: A genericlus system

Table 2.1 Original currents flowing in the lines to be fed as inputs to CART

Dats L L L
Event Ia la Iq
Stable | 3.45 | 0.46 | 1.15 | 0.05 | 265 | 0.45
Stable | 3.40 | 0.35 | 1.20 | 0.02 | 255 | 0.42
Stable | 352 | 057 | 1.11 | 0.10 | 2.80 | 0.46
Unstablel 4.00 | 0.50 | 1.10 | 0.15 | 2.85 | 0.60
Unstable] 353 | 0.30 | 1.00 | 0.05 | 2.60 | 0.47
Unstable] 3.75 | 045 | 1.05 | 0.06 | 2.75 | 0.50
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Since CART can pick only one measurement at a time for performing binary splits, it will choose either
the real or the imaginary part of the complex current measurement for performing the split. In
agreement with this logic, when the data shown in Table 2.1 was fed into CART, it generated a decision
tree as shown in Fi@.11. From the figure, it becomes clahat the real current in line 1, the imaginary
current in line 3 and the real current in line 2 are needed by the decision tree to make a successful
prediction. Correspondingly, it can be inferred that PMUs must be placed on all the three lines.
Therefore,three PMUs will be needed for making rdimhe transient stability predictions for this
system. By treating the complex number as a single entity using FLDSD, it will be shown that a better

result can be obtained both in terms of accuracy and speed afigtion.

Ix1 < 3.52

Yes No

Y

[;3 <0.47 Unstable

Yes No

2 < 1.1 Unstable

Yes No

Unstable Stable

Fig.2.11: Decision Tree created by CART when the original currents were fed as inputs

According to the proposed algorithm (FLDSD), the complex currents have to be represented by a single
entity. In order to do so, the means and covariances of the three currents were initially computed. The

mean of the current$or the stable and unstable saswere found as follows:
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It is to be noted here that in (2.13), the abscissa denotes the real part of the complex current whereas
the ordinate denotes the imaginary part. Similarly the covariances of the three currents for the stable

and unstable cases were found to be:
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Then, for the three currents, the equation of the straight line joining the means and passing through the

mid-point of the means was computed using the formula:

W

o o @ @ NQpep SRy

In (2.15), ® o hAT An hd are the means for the stable and unstable current values of @he

line, while & o were computed as shown below:

N Q- N0)

The three lines obtained as outcomes of (2.15) were rotated by the sum of the covariances of the

respective lines; the covariances having been obtained as shown in (2.14). Then,diénotes the
slope of the’Q line, then the slope of the hyperplane perpeadlar to that line (denoted by ) will be
given by,
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Therefore, the equation of the hyperplane for the current distribution of ®eline passing through

the point @ ho  andhaving a slopé will be given by,

®w ada 0w o

On computing the distances of the respective data points from their corresponding hyperplane, we get

Py

the new splitting varibles as seen in Table 2.2. The distance vari@bleorresponds to the complex

currents of the first line, thalistance variabléD for the second line, and thdistance variabléO for

the third line. When these new variables were fed as inputs to CARE&nerated a decision tree as

shown in Fig2.12.

Table 2.2: Distances to the hyperplanes obtained by applying FLDSD technique

Data
Dy D, Dj

Event

Stable 0.063 -0.049 -0.005

Stable 0.028 -0.102 -0.006

Stable 0.092 0.003 -0.012
Unstable| -0.102 0.029 0.019
Unstable| -0.039 0.079 0.003
Unstable| -0.042 0.040 0.001

By comparing Fig. 2.12 with Fig. 2.11, it can be realized that by using the proposed approach (FLDSD), a

smaller decigin tree is able to perform the split perfectly. The advantages of a smaller decision tree are

numerous. In terms of placement of PMUs, instead of monitoring real current in line 1, imaginary

current in line 3, and real current in line 2, we only need taam@e the complex currents in lines 1 and

3. Since when a PMU placed on a line automatically measures the real and imaginary currents flowing in

that line, for the given system, two PMUs (instead of three as computed previously) are sufficient for

making asuccessful decision regarding transient stability. Therefore, by using the proposed technique,

the installation and maintenance cost of one PMU device has been recovered. Furthermore, since the

decision tree shown in Fig. 2.12 is smaller than the one showFig. 2.11, in terms of retine

implementation, it is implied that the tree obtained using FLDSD will give results more quickly than the
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considered, it can be implied that the proposed approach is aniefii technique for decision making

involving complex synchrophasor data.

D, <0

No Yes

D; <0 Unstable

Yes No

Stable Unstable

Fig.2.12: Decision Tree created by CAfRe&r incorporating FLDSD
2.6 Conclusion

Ly FEIA2NRAGKY GAGE SR ACAAKSNRE [AYSEFEN 5A@eNh YAY!Il Yy
this chapter to make decisions involving complex PMU data. When only the real or the imaginary
attribute of the phasor is used for making the split, the result is not optimal as the complete phasor is

not considered. Others who have tried to sobhés problem have done so by rotating the axes along a
reference, but that approach does not provide a guarantee for a successful result in all situations. In the
proposed algorithm, by using FLD, complex numbers are represented by a single variablis widoh

used for performing the splits. The simulations performed indicate that the technique developed here is
simple, fast, and robust. Its applicability to solve problems occurring in large and complex power system

networks is studied in the next champt

28



Chapter 3: Application of FLDSD in Power Systems

With the advent ofphasormeasurementunits (PMUS) in power systems, it is now possible to monitor
behavior of the system in rediime. A variety of techniques make use of this riéale PMU data fo

operational decision making. These techniques incliidezylogic based approachesytificial neural

network (ANN) based approachesjpport vector machine (SVM) based approachib)-[58], etc.

However, in recent yearslecisiontrees (DTs) has emerged as the most popular data mining technique

in power systemgq34]. In the previous chapter, an algorithm was developed that makes decision
involving complex synchrophasor data. CARTs§ifleation and regression trgewhich is a non

parametric decision tree learning technique, was usethéndevelopment of this algorithm. The results

indicated that the proposed algorithm (FLDSD) had potential for solving-d¢aaje and complex power
5840SY LINRPoOofSYad ¢KAa GAYRAOFGAZ2YE A& SELX 2NBR Ay

CAAaKSNDa [ anyapplidditoBynshdpltiksyrDyta (FLDSD), illustrated in the previous chapter,
showed how the CART algorithm can be used to make decisions while considering measurements having
multiple attributes in a single split without needing a reference. Singeadily the inputs to CART which

were modified, and not the algorithm on which CART operates, this technique can be readily applied to
any engineering problem which involves decision making based on multivariate data. As such, the

proposed method is expeateto find use in the areas af

Adaptive Protection Schemes

Event Classification

Realtime power system transient stability/instability predictions
Development of Islanding schemes

Online voltage security monitoring

Online dynamic security assessment

Response based control using phasor measurements

=A =4 =4 4 4 4 -4 I

Optimal PMU placement, etc.

In this chapter, the proposed methodology is implemented on two systemdetailed model of the
Californiapower system where it is used for developing an adaptive protecsocheme, and the IEEE
118bus system where it is used to classify dynamic events based on trajectories of voltage
measurements obtained from PMUs. The MATLAB implementation of CART (classregtree.m) has been

used for performing both the analysis. Studies éogmg the proposed technique for transient stability
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predictions[59], [60] and islanding detection and classificatiffii] have been done. But those studies

are not included in the present scope of work.
3.1 An adaptive protection satme for the Californigpower system

N[22z 'y +Ff32NAGKY 61 a RS@OSt2LISR gKAOK dzaSR /! we |
based on data collected from PMUs. Two scenarios of the Califpomiar system,heavywinter (HW)

and heavysummer (HS)were used for the study. The main goal of that algorithm was to partition the

power system state space intelligently in order to develop decision rules to adjust security/dependability
balance of relay protection schemes. It was argtlet the likelihood of hidden failures and potential

cascading events could be significantly reduced by adjusting the security/dependability balance of
protection systems to better suit prevailing system conditiong18j, Emanuekt al. used decision trees

to classify the power system state and to predict the optimal security/dependability bias of a critical
protection scheme. Usingl2] as a case study, classifications based on measurements having two

attributes is discussed here.
3.1.1 Security/Dependability based adaptive protection scheme

The adaptive protection schenthat Emanueket al. proposed works as follows. PMUs placed at critical
f20FdA2ya Ay GKS ySig2N] LINRPGARS AyTF2NXIFdA2Yy NB3
AYTF2NYEGA2Y S GKS aeadSy Aa OfraaAraTASRdtbwardsaal FS¢
RSLWISYRIoAfAGE 6KSNBLFa | GaliNBSaaSRe aeaidpe, Aa oA
RSLISYRIOAfAGE Ad adKS REBNBESE d8aOSNIBAYyGE20RNLGSE
measure of the certainty that the relays will operate correctly for all the faults for which they are
designed to operatg63]® hy GKS 2GKSNJ KIFIyRX &aSOdz2NRiG& aNBfl GSa
NEfle &deaidSy oAttt y20 2LISNIGS AyO2NNBOGfesdd ! (cF
towards dependability, it was demonstrated [ifi2] that under stressed system conditions, a favorable

bias towards security is more beneficial.

As shown in Fig. 3.in [12], Emanuelet al. proposed an adaptive voting scheme to alter the security
RSLISYRIoAtAGEe oltlFyOS Ay | O0O2NRIYyOS gAGK GKS a&Odaz
set of three independent and redundant relays. Based on PMU measurements, if the syatensst

FT2dzy R (2

0S GalF¥Sézx GKSYy Ay GKS OFrasS 2F | FldAf 4=
line (biased towards dependability). However, if the PMU measurements indicate that the system is in a
GaiNBaaSRe 02y Rischangeysenabigd Snd theél lKeSwilldrip dnly yf @vo or more relays
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see the fault (biased towards securitgmanuelet al. also identified the critical locations where the
PMUs should be placed (nodes of the decision trees), as well as the attributethéhBMUs should
monitor (bus voltage angles and line currents). Figsa a@rftl 3.2b show the decision trees that they

obtained for theHWandHSscenariosrespectively[12], [64].

SYSTEM

Adaptive Security
- Dependability

Fig. 3.1: Security/Dependability basadhptiveprotection scheme

(Courtesy of Dr. Emanuel E. Bernabiéd)
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Fig. 3.2: Decisiortree forheavy vinter (HW)caseas obtained by manuel

(Courtesy of Dr. Emanuel E. Bernabjéd)
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Fig. 32b: Decisiortree forheavysummer(HS)aseas obtained by iBanuel

(Courtesy of Dr. Emanuel E. Bernabjéd)

3.1.2 Using FLDSD technique for classifying system state

The adaptive voting scheme developed [i2] NB |j dzA NB R

GAGNBaaSReé o0l aSR 2y YSI adoM&ary highlighedh black g8k Figh N2 Y

GKS &

eaidsSy

g2

3.2, in their analysiE&manuelet al. corsidered the comfex quantities separately. Theplitsin Fig. 3.2

A

0S

were based on either the real or the imaginary component of the complex currents. Since it was proved
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in the previous chapter that such a partitioning does not yield optimal results, thaily ecame a

suitable choice for the application of the proposed algorithm. FLDSD technique was applied on both the
heavy winter (HWas well as théneavy summer (HSgenarios. The total number of training cases in the

HWcase was 4150, whereas in tHSO &S A G0 6l a wmmoc T P-of@afk & L BEI O ¥ o ¢
660 for theHWcase and 1155 for thelScase.

The data presented to the CART implementation program in MATLAB (classregtree.m) were all the
500kV voltage angles and currents present in thetem ¢ a total of 42 voltage angle and 90 complex
current measurements. Every 500kV current was measured as a complex number and each complex
number was treated as a single entity. feld crossvalidation was done to improve the accuracy of

the predicton. In selecting the splitting nodes CART picked the substations where PMUs would be
placed. Thus, it was the CART algorithm which chose the nodes that would result in an optimum split as
seen in Figs. 3.3 and 3.4. Fig. 3.3 depicts the decision tree ebtiintheHW case. An overall accuracy

of 99.46% was obtained for this case widh brap dandcp ydenoting currents and/or voltage angles of
specific lines and buses. Fig. 3.4 depicts the decision tree fdi8uase. It had an overall accuracy of
99.38%. The results indicate that PMUs placed on lines and buses selected by the tree can classify the

aeaidsSy +a aal¥S¢é¢ o00fdzSv 2N aaliNBaaSRé O6NBRavu gA0K

x65 < 0.0393494

x83 < 0.00077778

reds 83 >=0.000777788

x18 < -4.41627

blue

Fig. 3.3: Decisiamee forheavywinter (HW)case using FLD$&chnique
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x48 < -0.139637 £:x48 >= -0.139637

x46 >=0.00235051 x29 < 1.68063 z:x29 >=1.68063

x46 < 0.00235051

reds blue reds blue

Fig. 34: Decisioriree forheavysummer(HS)ase using FLD$&chnique

In Figs. 3.8.8, real buses and lines are denoted as Bus X and Line Y respectively, where X and Y are
natural numbers. This is done in accordance with the restrictions imposed by FEREed&gil Energy
Regulatory Commissiofritical Energy Infrastructure InformatipriFig. 3.5 shows the first splitting node

(cip ) chosen by CART for theWVOI 8Sd ¢ KS of dzS OANDf Sa RSy2:(S | daa
RSy20GS | &a i NBeiaat&Rsysterd, daudipScomespbngds to the total current flowing in

line 1104. Accordingly, Fig. 3.5 shows the plot of the real vs. imaginary current components of line 1104.
The plot denoting the distance variabi&for this distribution is given iRig. 3.6. Similarly, Fig. 3.7 shows

the first splitting node dx J chosen by CART for tHdS case. In the actual system, noda
corresponds to the total current flowing in line 735, whose real and imaginary components are depicted

in Fig. 3.7. The cagsponding plot ofO is shown in Fig. 3.8. From the plots shown in Figs. 3.5 and 3.7
respectively, it becomes clear that a single line parallel to thaxiX or the Yaxis will not be able to

provide an optimum split. However, by using the proposed teghaj it is observed in Figs. 3.6 and 3.8

respectively that the new distance varialilds able to easily differentiate between the two classes.
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Table 3.1 compares the results obtained here with those obtaineddh From the table, it is realized

that by using FLDSD, a smaller tree (faster decision with lesser number of PMUSs) is able to provide
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higher classification accuracy. Table 3.2 compares the performance of the decision trees obtained using
this technique wih that obtained by rotating along a reference as was dor{&df From Tables 3.1 and

3.2, it becomes clear that the proposed methodology is more accurate innmaldcisions involving
complex synchrophasor data. There are applications where only the voltage angle, for example, is
relevant for making decisions. However, relaying in particular deals with complex quantities and the
technigue developed here is necesgdor making an optimal split. Simulation cases developegd2h

were used here because it provided a real system that was big enough to test the robustness of th
technigue. In this analysis, FLDSD was used to perform splits cdifighsional, tweclass data. In the

next example, application of this technique to hidimensional, multclass data is illustrated.

Table 3.1: Comparing size of decision treest(fining purposes)

Using algorithm developed [12] Using Proposed Algorithm
Scenario Misclassification Misclassification
Number of Nodes Number of Nodes
Rate (%) Rate (%)
Heavy Winter 6 1.00 3 0.14
Heavy Summer 6 1.00 3 0.20

Table 3.2Comparing overall (training and testing) performance of decision trees

Number | Using a Reference for Rotati{0] Using Proposed Algorithm
Scenario
of Cases Number of Errorg  Accuracy (%) | Number of Error§ Accuracy (%)
Heavy Winter | 4810 48 99.00 26 99.46
Heavy Summer 12522 172 98.63 78 99.38

3.2 Dynamigower systemstate estimation usingsynchrophasomeasurements

One of the conclusions of the report on the 1965 Northeast blackout was that, at that point, power
system operators had insufficient information about the system they were controlling. State estimation
and the modern EMS were created to deal with thesebtems. The state of the power system is the

collection of all of the complex bus voltages. The calculation of the state in conventional estimators

involved iteratively solving large numbers of nonlinear equations. The computational complexity
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combined withthe data scan across the system made the process slow and new estimates could only be
obtained every few minuteg65], [66]. The result was that the picture that was provided to the
operators about the state of their system was delayed both in time as well as in space. Faster computers
and improved communicationdve reduced minutes to seconds over the decades but even with a 4 sec.

interval the static assumption is still a poor approximation.

From the beginning of synchronized phasor measurements it was clear that PMU measurements would
be an important addition tostate estimation. Today, many commercial state estimators have PMU
AyLldziad | 26SOSNE aAyO0S (GKS&S YAESR SaiAnehrareiNE &G A
iterative [67]. A three phase PMU only estimatbas already been developgdr Dominion Virginia

t 26 SNRA 05+t Q& Bhis finear btate egtishatan@aids every 1/30 of a second. Only
complex voltageare measured and time tagged (IEEE @38),and so the calculationis the solution of

a set of overdefined (more measurements than states) linear equatidviereover, ro iterationsare
involved. Assuming the system topology renwminnchanged, the column of tirtagged datais
multiplied by a precomputed matrix to compute the estimate of the states. A topology processor
developed as part of the estimator accosrfor system changes. Time tagged breaker statuses and
measured voltages sense changes in network topology and thecqmputed matix is altered
accordinglyj28].

ThslinearSa GA Yl 12NJ 6SAy3 o6dzAf {0 isHKN %2 WX RpEage®PiIWbdEin (K NGBS
state estimator. Since the events captured by this estimator will have never been seen previously
(relaying action, remote backup, transient swings, etc.), there is an imminent need to understand its
outputs. Similato a conventional estimator, the PMbhly state estimator not only detects bad/missing

data, but also identifies the exogenous events that it has captured. Detection of discrepancies in the

data is done through an AutBegressive (AR) modgl7] that is described in subection 3.2.1, while the
identification of dynamic events is done using the FLDSD technique which is illustratedsieciah

3.2.2.

3.2.1 Dynami state predictionbased on an Aut&kegressive (AR)odel

The idea of a three phase linear state estimator using only synchrophasor data that is being
A Y LI SYSy i S00kVhefvork wais @iginally proposed [28]. However, this model of the state
estimator was not aracking state estimator as it considered each new frame as a separate problem.

Therefore, it was impossible to detect/identify bad data using that model. The idea of tracking the state
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of the power system is not new. Even before the introduction of phasor meamnts, a Kalman filter

like process for tracking the system state was suggest¢@8j The difficulty then and now is that the
number of measurements is inadegeao produce a successful estimate. Dominion has approximately
4,000 buses but only about 3BHV (500kVbuses. As such, the Kalman filter based technique would
need to solve a state equation based on all the states of the 4000 bus network which woulé aot
practical approach. Since it is believed that in the foreseeable future PMUs will only be placed at the
high voltage and extrhigh voltage buses of the network, there is a need to develop a mechanism to
predict the next measurement for this smallcien of buses using their previous measuremerss.

method to do savas developed if27] and is briefly summarized below.

Auto-Regressive (AR) modelif@f] is a timeseries analysis widely applied to forecasting areas, such as
signal processing, state estimation, control, pattern recognition, etc. A general AR modeloofiéne

is denoted byd Y& and is defined in 3.1.

e

®w | O | ® E | o 1 h o & pfBFE oP

In (3.1),w o I8 hw are the timeseries datag is the order & the AR model, h B h are the
corresponding coefficients of the AR model, andis white noise. When the load is increased linearly at

constant power factor, the behavior of the power system can be illustrated as shown ingrig. 3.

! V2 = x+]jy
|

S

<
Il
—
o
c

Sp =1+ jp)r

Fig. 39: Oneline diagram of a model power system

In Fig. 3, @ is the transmission line reactance, anH:{T is the load increased linearly with timé at

constant power factor. Nowj| _ is also giveiby,

Ir T & g

FromFig. 3.8nd(3.2), we have,
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Equating real and imaginary components of (3.3), we get (3.4) and (3.5),
W O WO W 0T o8
W WO od

In (3.4) and (3.5)pandf are constant ral numbers. The solution of (3.4) is,

TOO0 Tl O
d)p p : ! oP

On witing a Taylor seriesxpansiorfor (3.6) it is realized thaor the linear load increasehe voltages
follow an approximately quadratic trajectory as shown in (3shered fto it are complex numbersf
more precision is needed the order of the polynomial can be further aszd.

0O W wWo wo o

Equation (3.7) is a polynomial of degr@e p as seen in (38, and which can be farpolated[70] and

expressed in the form shown in (3.8b

WO w o W o W o 8 wWo o8
v ('f)p NP P P 8 P T 9
1 WG 4 P G C 8 ¢ an® 3
i @ A ap é é E é o € o/
160 & pn 1Ip QA p QA p 8 Io o KA |"|
uwd Uy 4 a 8 a wo U

In (3.8) and (3.8h & IO FB oy are constant coefficients. Equation§B) can be rewritten as

In (3.9),0is thewell-known Vandermonde matrifz1]. Now, ifda @ & 8 @ ® denotes
the first row ofw , then on premultiplying both sides oo ¢ cwith &3 we get (3.18) in whichc Tt

equalsw , inaccordance with (38.

owp wwe¢ E o 0d p owd O op 1
Finally (3.10a) can be rearranged and written as (3.10b).
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t a0k f Q@E2]is aNtvadighéhsidbal triangular array representing the coefficients of the binomial
expansion, @ & where ¢ varies fromzeroto positiveA Y FAYA G & ® t | & OIFig.BA0 G NR | y 3
actually indicates the magnitudes of the coefficients of the AR model that is obtained from the inversion

of the Vandermonde matrix.

CAIdd oodmnyY tlFaldlkfQa ¢NRFy3IES

Since for a linear increase in load, the voltages follow a quadratic trajectormespondingo the third
NEg 2F (KS t Fhasie fqeadratici AR hoda foSpredicting the next set of voltage
measurements will be based on three prior estimates as shown in (3.11), vehéréw &

phoé ¢ hdé o arecomplex bus voltages

wE oweE p OWE ¢ WE O op p
Now, when this logic is integrated with the fact that the measurements will be made at a very high
speed (for example, 30 times a seddnthe limitation of the applicability of (3.11) on only quadratic
trajectories can be removed. The reasim this isthat the data takenat such high speeds will satisfy
the locally quadratic behaviors even without the assumption that the load is chgdgjiearly.This is

because in the extremely small time increment, the load is seen as linear because the system loads do

not change that quicklyequation (3.11) can be expressed in the Kalman filter notation as,
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In 3.12, w(read asy-hat) denotes the estimated value tfe statecy while the symbosia @ KS a3IA GBSy
operator. Thusw ‘BQ reads asy-hat of Qgiventand is the expected value ¢§ ‘Q given thatw Qis

known Thediscovery2 ¥ G KA & aljdzZ RN} GAO¢ RSLISYRSyOS 2F (KS
estimates of the three previous states givane the ability todetect data inconsistenciesyRising he

three prior estimates of a particular measurement, its future measurement can be predicted. Next, by
comparing this estimate with the actual measurement, an observation residual can be computed.
Finally, by comparing the observation residual with a-geéned threshold, discrepancies in the

incoming data can be detected. More details about this prediction model can be foyiad]in
3.2.2 Classification of dynaoevents based on voltage measurements obtained from PMUs

In the previous sulsection, a quadratic model was developed to predict the next measurement and
thereby detect anomalies in the data. However, the quadratic model is not able to identify the event
that has caused the anomaly. The FLDSD technique developed in the previous chapter appears to
alleviate this concern. By treating trajectories of complex voltages as a single entity, classification of
dynamic events is illustrated as follows. Since FERG:regulations makes it difficult to do thesis work

and publish results on real systems, fiiEE 11-8ussystem is used here as the test system. This system
was chosen amongst others because it was similar in structure to the DVP system. The IEEE 118 bu
system[73] is shown in Fig. 31 with its 345kV network highlighted in red. The system has 118 buses,
186 branches, and 11 345kV buskesorder to make thenalysis more realistic, it is assumtbadt PMUs

are installed on the eleven 345kV buses, and voltage magnitude and angle measuranseoitgained

at 30 times a second. By doing so, a direct comparison of the results obtained from the two systems

(IEEE 18:-bus system and DVP system) can be made.

The typical output of the PMU only state estimator for isEE 11-8ussystem for a dynamic event (a
three-phase fault on line 280 followed by an unsuccessful high speed reclose) is shown in Fg. 3.1
The figue shows the trajectories of the eleven complex voltages (positive sequence), for one second.
The display has been split into four windows for clarity. From Fi@.iBchan be realized that unless a
label is provided to the plots that the estimator gentrs, it will be very difficult to identify, just by
looking at the plots, the event that has occurred. TREDSalgorithm provides a solution to this
problem by treating the trajectory of complex numbers as a single attribute which is then used for

classlying different dynamic events.
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Fig. 311: IEEE 11Bus ystem with345 kV lines highlighted in red

44



mi)

Im(V)

Fig. 3.12: Typical 345 kV bus voltage trajectories of IEEBUEIS/stem after a fault

The primary difference between the simulations done in thiseia in comparison to the one analyzed
previously (adaptive protection scheme) with respect to the application of the FLDSD technique, lies in

the dimension of the data that is being handled as well as the number of classes in which the
partitioning is baig done. For the California power system, although the system was fairly large and
O2YLX SEX (GKS lylfteara o+a NBfFGIAOStEe aAYLE So ¢KS
GaiNBaasSReé0 o0e FyltelAy3a @2t ederdSsteméaditdns. HengeRit O2 Y LI
was a twaeclass classification (safe or stressed) of thd@aensional data (one dimension for the voltage

angle, one for the real component of current, and one for the imaginary component of current).
However, in this eample, where classification of dynamic events is done on the basis of voltage
trajectories, the dimension of the data and the number of class partitions depend on the topology of the
network. Hence, for this case, although the system is relatively siniBEE( 11-8us system), the

analysis is fairly complex and therefore, should be explored in greater detalil.
3.2.2.1 Topology dependent dimension of the data

Depending on the topology of the network, for a one second complex voltage trajectory at a datd rate
30 samples per second, the dimension of the data can be computed as shown in Fig. 3.13. Fig. 3.13 is

partitioned into four segments. In all four segments,
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1 The highvoltage buseqwhere PMUs are assumed to have been placed) are filled in blue,
whereas the lowvoltage/other buses are left unfilled

1 The lines joining two higlioltage buses are solid, whereas the line joining a-figlage bus to

a lowvoltage bus are dashed

In segmen (a), bus 1 is at the terminal end of a radial line. Since theumderfocus (12) is only
connected to bus 3 on bus 2 side, and as all three buses arevbigiye buses, buses 1, 2 and 3 are the
buses to be considered for event classification. Naw,af data rate of 30 samples per second, a-one
second trajectory would have 30 complex voltage measurements. Then, since every complex voltage
measurement consists of two components, the dimension of the data for an individuas Bas 2

60. Thus, forsegment (a), the dimension of the data will be 6@ 180.

O —y @& ---@—@—®@

(a) 180 Dimensional Data (b) 180 Dimensional Data

5 B
Gree- @ S
o o

(c) 240 Dimensional Data (d) 300 Dimensional Data

Fig. 3.13: Topology dependent dimension of the data

In segment (b), bus 1 is connected to a‘esltage bus (bus 4), whereas bus 2 is connected to a high
voltage bus (bus 3). In this caalso, since there are only three higbltage buses in the vicinity of the
line-underfocus (12), the dimension of the data will be 603 180. The reason why bus 4 was not
considered for analysis is that although it is connected to a-hajtage buskfus 1), no PMUs are placed

on bus 4 and so, complex voltage measurements at 30 times a second from bus 4 would not be

available. Segment (c) is similar to segment (b), except that bus 2 is connected to twoltagle buses
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(bus 3 and bus 4) whereas bugsXonnected to one lowoltage bus (bus 5). In this case, since there are
four highvoltage buses in the vicinity of the linanderfocus (22), the dimension of the data will be

60 4 240. In segment (d), both bus 1 and bus 2 are connected tevuligige buses (via bus 5, and
bus 3 and bus 4, respectively) and so the dimension of the data will be560300. On the basis of this
analysis, the formula to be used for computing the dimension of the data for any network topology is
givenin (3.13).

0QQ¢ i WO WO CE op 0

In (3.13)0 denotes the number of higlioltage buses that are one bus away from the termimades
of the lineunderfocus, anck is the data rate which is equal to 30. It should be noted here that (3.13)
implies that if the data rate is changed from 30 samples per second to (say,) 60 samples per second,

then the only difference that will occwrill be that the dimension of the data will be doubled.
3.2.2.2 Topology dependent classification of the data

The dynamic events used for classification wangleline-to-ground (SLG) faulthree phaseto-ground

(TPG) fault and Zone Il operation. Thasgible classes under lite-ground faults and three phade-
ground faultsare no-reclose (NR)successfuligh speed reclose (SHSRand unsuccessfuhigh speed
reclose (USHSR). Zone Il operation with an-oe&ch of up to 150%s assumed to occur begse of a
stuck breaker following a&ngle sine-to-ground fault or athree phaseto-ground fault. As such, the
possible classes under Zone |l operatina single line-to-ground-Zone [I(SLGZ2) anthree phaseto-
ground-Zone I(TPGZ2)YOn the basis of thelynamic events that are selected for classification and using
the topology of the network, the number of classes in which the data is to be partitioned is analyzed

next.

Similar to Fig. 3.13 which depicted the topology dependent dimensions of the dat&. Fgshows the
topology dependent classifications of the data. In segment (a), since thedider-focus (12) is only
connected to bus 3 on bus 2 side, a Zone |l operation for this topology is hot meaningful. The reason for
this being that the system i separate the instant a Zone Il operation occurs and the voltages would
drop down to zero. Therefore, for the topology shown in segment (a), there caimdpe kkne-to-ground

with no-reclose(SLGNR)jrgle line-to-ground with successfuhigh speedredose (SLGSHSRingleline-
to-ground with unsuccessfuhigh speed reclose (SLGUSHSRhreée phaseto-ground with no-reclose
(TPGNR),hree phaseto-ground with successfulhigh speed reclose (TPGSHSR), anldré¢e phaseto-
groundwith unsuccessfuhigh speedreclose(TPGUSHSR) resulting in@dss classification.
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(c) 8 Class Classification (d) 10 Class Classification

Fig. 3.14: Topology dependent classification of the data

In segment (b), contrary to segment (a), when a Zone Il operation takes place, the system does not
separate. However, since bus 1 @nnected to a low voltage bus (bus 4), Zone Il operation on 50% of
line 1-4 is not detectable. Hence, Zone Il operation is only possible on the bus 2 side (which is connected
to a high voltage bug bus 3). Therefore, for this topology, along with the thrgpes of ggleline-to-

ground and tree phaseto-ground faults, two types of Zone Il operations are also possildangle line
to-ground-Zone Il at bus 2 end (SLGZ2_2) améd phaseto-ground-Zone Il at bus 2 end (TPGZ2_2)
resulting in an &lass clasification. Similar to segment (b), in segment (c) also, Zone Il operation is only
detectable on bus 2 side and so, for the topology described in segment (cilassSlassification of the

data will take place.

For the topology shown in segment (djng Il operation is detectable on both bus 1 as well as bus 2
side. Hence for this segment the number of classifications of the data willrgge Bne-to-ground with
no-reclose(SLGNR),gle line-to-ground with successfulhigh speed reclose(SLGSHSRyngle line-to-
ground with unsuccessfulhigh speed reclose (SLGUSHSRhreée phaseto-ground with no-reclose
(TPGNR) hree phaseto-ground with successfuhigh speed reclose(TPGSHSR)ree phaseto-ground

with unsuccessfuhigh speedreclose(TPGUSHSR), single {ioeground-Zone |l at bus 1 end (SLGZ2_1),
three phaseto-ground-zone Il at bus 1 end (TPGZ2_ 1), single-tbaground-Zone Il at bus 2 end
(SLGZ2_2), andhree phaseto-ground-Zone Il at bus 2 end (TPGZ2_2). Thus, for segmenth@), t

number of classifications in which the data can be pamied is 10.
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3.2.2.3 Simulation saip and Results

DSA Toofé[74] was usedor generating the data torain the trees. Since there were ten 345kV lines
presentin the IEEE 11Bus systemten parallel decision trees were created (one tree for each line),
with the time-tagged breaker statuses used to identify the relevant tree in the case of an &oeitine-
to-ground faults ad three-phaseto-ground faults,270 cases werereated for all the ten linesThe

number of cases for Zone |l operation varied from line to line (depending on how thandextest

was connected to the rest of the system). A tothb674 cases were created. Taking 345kV line between
buses 38 and 65 as an example, the complex voltages (real and imaginary) of the two buses were
obtained for different classes. Since both buses 38 and 65 were connected to other 345kV buses, Zone I
operation could be detected on either end. A total of 722 cases were identified for this line which fell
under 10 classeg three classes for lin®-ground fault, three classes for three phaseground fault,

two classes for Zone Il operation on bus 38 ard] two classes for Zone |l operation on bus 65 end. A
aS02yRQa ¢2NIK 2F RFGF &dFNIAy3a FNRY GKS GAYS 27
resulted in a 1@lass classification of 3@mensional data for each of the 722 cases. The dinoansf

the data is based upon 30 complex (real and imaginary) voltages for five 345k 88565, 30 (which

is connected to 38), 64 and 68 (which are connected to 65).

The proposed algorithm was applied to this data to calculate the distances toBhe 44—

possible hyperplanes. These distances were fed into the CART implementation program in MATLAB
(classregtree.m) for selecting the optimal distance variables for performing the splitdol@iecross

validation was done to improve the accuracytiog prediction.The resulting decision tree is shown in

Fig. 3152 g KGNB ®RSy20S5a GKS RAallryOS 2F (KS AYRAGARdzZ
classeg@and QFrom the figure, it is observed that for line-88, CART chose the distan@s ¢HDp

o, yhbdé Qo p mas the optimal variables for performing the splits. Given an actual event, the
distances from each data point to the five hygeanes need tde computed and the tree followed to

the respective terminal node to identify the event that has been captuféig. 3.16 shows the
percentage accuracy plot as a function of the cost vs. tree size for 1166.38om this figure it becomes

clear that withten terminal nodes 100% accuracy (0% Cost) was realized for this line.
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=3 >=0.0219627

d1-9 <-0.0141345-Ld1-9 = -0.0141345

SLGSHSR

d2-8 >=0.00252945

d2-8 <0.00189013.£4d2-8 >=0.00189013 SLGUSHSR

d9-10 < 0.217724 £d9-10 >= 0.217724

d2-8 <-0.00247209.£x¢2-8 >=-0.00247209 TPe¥HsSR

d1-3 <-0.0135571 &d1-3 >=-0.0135571

d1-3 <-0.0285174 £:d1-3 >=-0.0285174 TPG22_38

d1-2 <-0.268763 sxd1-2 >= -0.268763

sLGZ2_38

1Pcl2_65 sLGZ2_65

Fig. 3.5: Decision tree generated for a fault on line@8 using FLDSD

Cost

Tree size (number of terminal nodes)

Fig. 3.16: Plot of cost vs. tree size for faults on lin€38

Similar decision trees were obtained for the other nine lines. The decision trees for the otheadines
well as the corresponding cost vs. tree size plots shown in Figs. 3743.34. The percentage accuracy
obtained for classifying the data intoclases (where& is the number of classes into which data of that

line is partitioned) by a tree af terminal nodes for all the lines of the IEEE -bl8 system is given in
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Table 3.3From the plots and the table, it can be inferred that by using this tegleevents captured
by the dynamic state estimator can be identified quickly and accurately.

1-2 >=-0.22094

SLGSHSR

1-2 >= 0.44386

1-2 >=0.422884 SLENR

d1-3 <-0.386293 A~@d1-3 >=-0.386293

d1-2 »>= 0.392021

TPG72_08 sLGZ2_os

0.9

3.7: Decision tree generated for a fault on lin®8sing FLDSD

Cost

Tree size (number of terminal nodes)

Fig. 3.8: Plot of cost vs. tree size for faults on |88 using FLDSD

51



TPGUSHSR

Cost

0.9

0.8

07

0.6

d1-2 <-0.466525 /x

d1-10 <0.00181659

d1-2 <4.42354e-017 £.d1-2 >=4.42354e-017

d1-2 <-0.0238144 Ag1-2 >=-0.0238144

d1-2 <-0.0535493 £

{d1-2 >=-0.0535493

£42-3 >=0.06712

11-2 >=-0.118447

£41-10 >=0.00181659

d1-4 <0.190

2014 >=0.1905

d1-5 <0.389578 4¢@1-5 »= 0.389578 sLGZ2_08

d1-2 >=-0.466525 Pe2_o8

SLGSHSR

TPGZ2_30 sLGZ2_30
Fig. 3.9: Decision tree generated for a fault on lin88using FLDSD
1 ? | ! f 1 ! |

Tree size (number of terminal nodes)

Fig. 320: Plot of cost vs. tree size for faults on l8&0using FLDSD
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Cost

d1-2 < -0.0764648 £1d1-2 >= -0.0764648

TPGSHSR

d1-2 < -0.029581 1-2 »>=-0.0295819

d1-4 <-0.0476817 4xd1-4 >= -0.0476817

d1-2 < -0.00659717 #.d1-2 >= -0.00659717

d1-2 < 3.92048e-016 2.d1-2 >= 3.92048e-016

SLGSHSR

Fig. 321: Decision tree generated for a fault on li@d.0using FLDSD

09

35 4

45
Tree size (number of terminal nodes)

Fig. 322: Plot of cost vs. tree sifer faults on line 910 using FLDSD
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0.9

Cost

d1-2 < 0.026035

d1-3 <0.041486 1-3 >=0.0414864

TPGUSHSR
d1-5 < 0.0024726! -5 >=0.00247269

-8 »=-0.0148561

d1-5 < 0.0006376 1-5 >= 0.000637657

d2-8 < 0.0100301 2-8>=0.0100301

d1-2 <-0.0737829 /5d1-2 >=-0.0737829

PGZ2_30 sLGZ2_30

Fig. 323: Decision tree generated for a fault on |i28-30using FLDSD

Tree size (number of terminal nodes)

Fig. 324: Plot of cost vs. tree size for faults on line2®using FLDSD
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Cost

d2-10 <-0.0228694 £.d2-10 >= -0.0228694

sLcEsR d4-5 <-0.0131133=04-6 >=-0.0131133
SLENR d4-5 <-0.0115304=4d4-5 >=-0.0115304
SLGUSHSR d4-9 <0.0243465=.d4-9 >= 0.0243465
dd-7 <-0.0115894 £dd-7 >=-0.0115894 TPGUSHSR
d1-2 <0.0997701 £5dT-2 >=0.0997701 d2-3 <-0.0235734 4.42-3 >=-0.0235744
PAENR TPe2_30 d1-6 <0.00867601.241-6 >= 0.00867601 TPCRHSR

d1-4 <-0.335372 &@d1-4 >=-0.335372 sLe?2 30

PG 2_3§|1-5 <-0.1113056 z.d1-6 >=-0.111305

TPel2_30  sLcZ2 3s

Fig. 325: Decision tree generated for a fault on li&@-38 using FLDSD

|
5
Tree size (number of terminal nodes)

Fig. 326: Plot of cost vs. tree size for faults on line3using FLDSD
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0.9

Cost

d1-3 <0.021401 1-3 >=0.0214013

d2-3 < 0.0068626 -3 >= 0.00686263

TPGUSHSR
d2-3 < -0.00016344 -3 »=-0.000163448

d3-4 < -0.0090028 -4 >=-0.00900285

d3-7 < 0.0009801 3-7 >=0.000980117

d1-2 < 0.0209936

d1-3 < -0.30835 4d1-3 >= -0.30835

TPcI2_64 sLGZ2_64

Fig. 327: Decision tree generated for a fault on li6G8-64 using FLDSD

Tree size (number of terminal nodes)

Fig. 328: Plot of cost vs. tree size for faults on line®8using FLDSD
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d1-3 <-0.00984 »=-0.00984526

d1-5 <0.0664608=.d1-5 >= 0.0664608

SLGSHSR

d1-5 <1.39212e-016.£5d1-5 >= 1.39212e-016

TPGUSHSR

d1-10 < 11277924110 >=1.12779

d3-8 <0.013293.24d3-8 >=0.013293

d1-2 <0.0296629 x:,d1-2 >= 0.0296629

d1-3 <0.0746315 4d1-3 >=0.0746315

d1-2 <-0.0244099 £d1-2 >=-0.0244099

SLGZ2_64

1PG22_65 TPGZ2_64

Fig. 329: Decision tree generated for a fault on li6é-65using FLDSD

0.9 T T ‘ T T T T T
i ! S R SRR R S broesoneennaennod Froereenneeees -
0.7 pearenaneeseaed ! S R SRR R S broesoneennaennod Froereenneeees -
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03 . ] S b e o I b S _
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Tree size (number of terminal nodes)

Fig. 330: Plot of cost vs. tree size for faults on line@8lusing FLDSD
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d1-7 <-0.0932624-4¢1-7 >=-0.0932624

TPGUSHSR d2-5 <1.64799e-018="d2-5 >= 1.64799e-016

d4-5 <-0.00338209.4d4-5 >= -0.00338209

SLGNR

SLGSHSR
d4-5 <-0.00189568=~.d4-5 >=-0.00189568
SLGUSHSR d6-7 <-9.01715e-0T3==d6.7 »>=-9.01715e-013
d1-4 <-0.0824183 &gdT-4 >=-0.0824183 d1-2 <0.1566866 z.d1-2 >=0.156856
PSR d1-2 <-0.0123722Ad1-2 >=-0.012372 TPENR

TPGZ2_68
TPG22_65 d1-5 <0.00899984 2.d1-5 >=0.00899984

d1-2 <0.0836264 /Ad1-2 >= 0.08362@'_’3 5 65

sLG22_68  TPGZ2_68

Fig. 331 Decision tree generated for a fault on li6G8-68 using FLDSD

Cost

ree size (number of terminal nodes)

Fig. 332 Plot of cost vs. tresize for faults on line 668 using FLDSD
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Cost

1-2 >= -0.100026

TPGUSHSR d3-6 <-1.00357e-01 3-6 >= -1.00357e-011

d3-6 < 0.0026067 -6 »>= 0.00260676

-3 >=0.0298498

d1-2 <-0.00142511 -2 >=-0.00142511

SLG5HSR
d1-2 <0.015009 0.0160097

d1-2 < 0.0526786 z.d1-2 >= 0.0526786

SLGZ2_68

TPGL2_68

Fig. 333: Decision tree generated for a fault on li6G8-81 using FLDSD

6 7
Tree size (number of terminal nodes)

ool

Fig. 334:Plot of cost vs. tree size for faults on line&Busing FLDSD
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Table 3.3: Performance of the FLDSD algorithm for +olaléis classification of dynamic eveimtghe

IEEE 11-8us system

Number Number of | Number of classeg Accuracy of a| Number of terminal
Line dimensions | in which data is to tree of¢ nodes needed for
of Cases
in the data | be partitioned € | terminal nodes| 100% accuracy
89 632 240 8 100% 8
8-30 722 300 10 100% 10
9-10 540 180 6 100% 6
26-30 630 240 8 100% 8
30-38 722 300 10 99.58% 11
38-65 722 300 10 100% 10
63-64 630 180 8 100% 8
64-65 722 300 10 100% 10
65-68 722 300 10 98.48% 11
68-81 632 180 8 100% 8

3.3 Conclusion

PMU data have been used for making critical decisions for quite some time now, but the true potential
of these devices has not yet been realized. When placed at a bus, they providieneeateasurements

of voltages and currents connecting that bus witle ttest of the system. But, being complex quantities,
these measurements have not been addressed completely uhél development of the FLDSD

technigue. In this chapter, using the FLDSD technique complex numbers/trajectory of complex humbers

is representedy a single variable which is then used to perform optimal splits in CART.

Two power system applications have been considered in this chapter. The first application is directed
towards two scenarios of the California power system where it is used ta dlak €

ol a8SR

GaliNBaasSRe

approach, a smaller sized decision tree is able to do the classification more accurately. The second
application is directed towardslassification of events captured by a dynamic state estimator. The
traditional static state estimator is able to detect and identify bad data and topology changes, and it is

imperative that the dynamic state estimator is able to do that as well. A quadpaidiction model

2y YSI adaNBYSyia
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based on three prior estimates is shown to be able to detect discrepancies in the data, while the
proposed FLDSD technique is shown to be able to successfully identify the captured events. From these
two studies it is realizethat the proposed methodology of using the distance variable for separating
high-dimensional, multiclass data is a logical approach that yields good soluti®ysitilizing both the

real and the imaginary components of the phasor data, a new understanding of Ptdlisdzbtained.

This approach will not only be useful for solving synchrophasor based problems, but it will also be useful

in other engineering applications that involve decision making based on multivariate data.
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Chapter 4: An Integrated PMU Placement Scheme

Phasor measurement units (PMUs) provide synchronized measurements efimealoltage and
current phasors. The synchronization is done through simultaneous sampling of voltage and current
waveforms using timing signals obtained fragiobal positioning system (GPS) satellites. PMUs are
capable of providing measurements as often as once per cycle of the power frequency. These
measurements become the basis for developing a coherent picture (state) of the network. Knowing the
network stde in turn makes stability and vulnerability assessments possible. The use of PMUs has thus
elevated the standards of power system protection, monitoring and cofjoiHowever, the criterion

of site selectiowith respect to PMU placement needs to be addressed before its benefits can be reaped
[75]. The placement sites are restricted by the available communication facilities, the costs of which are
often higher than the PMUs themselves. To optimize cost and intended applications, it is necessary to
choose PMU locatins judiciously. Therefore, the path to be followed is to progressively deploy PMUs at

select locations within the network to eventually observe the whole sygtS8f[20].

The concept of optimal PMU placement has been a higddgarched topic ever since PMUs came to be
used commercially21], [22]. Primarily, there have been two methods followed by power engineers for

addressing this issyas8]:

1 Development of a prioritized list of placement sites based essentially on observability,

1 Placement of PMUs to correctly represent critical dynamics o$jistem

Referenceqd76]-[83] have used the former method whered#2], [37], [84], [85] have followed the

latter approach. Referencd$6]-[79] used Intger Linear Programming (ILP) technigues based on binary
search algorithms for finding the optimal locations for placement of PMUs to ensure complete network
observability. Referenci80] proposed a two indices approach involving the bus observability index and
the system observability redundancy index. Refererjéd$ [82] used Integer Quadratic Programming

and Genetic Algorithms, respectively, to achieve the twin objectives of minimizing the required number
of PMUs and maximizing thmeasurement redundancy. Referen@3] developed a unified approach of
preserving system observability, and lowest system metering economy. The second method has been
extensively used for adaptive protection scheni&g], voltage security assessme[87], [84], and

voltagestability analysi$85].
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Inspite of all the analysis that has been done with regards to PMU placement, the implementation of
these ideas has been far from satidfay. The 2012 blackout in India is the latest in a long list of power
system failures that could have been averted, or its effects minimized, had proper measures been taken
in time. The primary reason behind this inadequacy in implementation is attriltotélie differences in

the two methods described above. The first method does not take into account the transient and
dynamic stability of the system, whereas the second approach does not consider complete observability
as one of its priorities. ThenetduO2YS A& GKFG F2NJ GKS alry$S aeaasSy
sets are created depending on the methodology followed. As it is not possible for any utility to
implement all the schemes that are proposed, either transient/dynamic stability, obsdtyabil often

both are compromised.

This chapter addresses the topic of PMU placement for generic systems by combining both the
aforementioned methodologies; ensuring observability as well as protecting critical parts of the
system. As such, the proposattjorithm is expected to be useful to utilities that want to initially protect

the most important buses of their system on their way to attaining complete observability. In order to
integrate the two methodologies, a modified version of the concept oftdepf unobservability
originally introduced in86] is combined with the binary integer programming technique, along with
some more constraints. The next sectiogsdribes the depth of unobservability idea that has been used

in this work as well as the incidence matrix based binary integer programming method that was
developed iq13].

4.1 Theoretical Background

The traditional depth of unobservability concept was a systematic-sjegtep approach that was
proposed in[86] and later expanded in[19] for attaining complete observability through improved
monitoring of the network at each stage of implementation. Unobservability level endspét dewhich
represents complete observabilith depth of one unobservabilitplacementrefers to the process of
placing PMUs thastrivesto create depth of one unobservable bus in the syst&imilarly, adepth of

two unobservabilitycondition existsvhen two observeduses boundwo adjoining unobserved buses,

and so on. Figs. 4.1 and 4.2 show how the traditional definition of depth of unobservability of a system
varies with the placement of PMUs. The arrows indicate power injections. ComparinglRigithdFig.

4.2, it is realized that for the same system, by moving the PMUs from bus 2 to bus 1, the depth of

unobservability of the system changed from 1 to 2.
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Observed

Observed Observed Observed

Directly Directly
Observed Observed
PMU-1 Unobserved PMU -2
Bus

Fig. 4.1: Example illustrating traditional depth of unobservability equal to 1

Directly

Observed

~< Observed Observed

PMU-1

Directly
Observed

Unobserved PMU -2
Buses

Observed

Fig. 4.2Example illustrating traditional concept of depth of unobservability equal to 2

4.1.1 Modified depth of unobservability concept

The concept of depth of unobservability can be interpreted in a number of ways. The traditional
definition of depth of unobsendality was developed for computing incomplete observability using
spanning trees. It worked well for radial systems but its use for handling more complex;onteected
networks was limited due to the complexity of its definition. This was highlightf&i7inIn[87], Altman
proposed an alternate definition for the deptbf unobservability. Halefinedit as the addition of the

minimum distances of any two differently observable busesnf the furthest unobserved bus. This
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meant computing the shortest pathoing through each unobserved bus that is boundediey
PMUs for eery bus, and then choosing the longest of these shortest paths as the depth of

unobservability of the system. Mathematically, this is defined as,
ouY i ETO0I i ETOI p P
oY i AgouUyY 8

In (4.1) and (4.2)Q0Y s the depth of unobservability of the bus, & is the set of observable
buses,’Cand "Qare different observable buse$, is the set of all buses present in the system, and

ouY isthedepth & dzy20aSNIWI 6AfAGE 2F GKS ¢gK2fS aegadsSvyo
reveals that for developing a simple yet robust definition for the concept of depth of unobservability,
GKSNBE A& y2 ySSR G2 O02YLMziS (G(KS asifaey twe &ifferedt G K £ Sy
observable buses. A simpler definition would be to express depth of unobservabibtyyas K S & LI { K

f SYy3dKé NIYGKSNI 0KFy GKS dqadzy 2F LI GK fSyaaikKaédo ¢K
that has been used in thisork is thatit is the highest distance that an unobserved bus has fmom

observed bus when all unobserved buses are considdiatiematically, this means,
oY i A@ I ETO0I P &

In (4.3),0 is the set of all buses present in the systeénis a bus belonging to the s8t, &is the set of

directly observable busesQis a bus belonging to the s& and OUY is the depth of
unobservability of the whole systemlhe path length is an attractive definition for depth of
unobservability because by this definition, the depth of unobservability would never exceed the
GYFEAYdzY ydzZYoSNI 2F dzy| y 2 ioyidstraie 2hdlprdposéti dehiStign, theS (i ¢ @ L
system depicted in Figs. 4.1 and 4.2 is shown again in Figs. 4.3 and 4.4. In Fig. 4.3, the PMU is placed
only at bus 1. In such a scenario, buses 5 and 6 are at a distance of three p&# @nd 67-3-2,

respectively) from the observed bus (bus 2) and so for a PMU placed at bus 1, the depth of

dzy 2 0 SNl 6 At AGE 2F GKS aeéaidusSy ¢g2dZd R 0S GKNBSo ¢
F2NJ SIOK aSié¢ gKAOK Ydzad 0S a1 yt®assgiscvaltages atb KA a Ol
4, 3 and 6, 7, 3, respectively) so as to make the system completely obselvabig. 4.4, the PMU

is moved to bus 3. In such a scenario, buses 1, 5 and 6 are at a distance of one2)&H ¢nd 6

7, respectively) from the observed buses (bus 2, bus 4, bus 7) and so for a PMU placed at bus 3, the
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depth of unobservability of theystem wouldbeonet KA & A& | 3 Ay Sldzrf (G2 0K
2F dzyly2eya F2NI SIOK aSié¢ oKAOK Ydzad 0SS qlyz2sy¢e
voltages at 1, 5 and 6, respectively) so as to make the system completely observable. laswuld

be noted here that the proposed concept of depth of unobservability gives the same results when
applied to the PMU placement configurations shown in Figs. 4.1 and 4.2. However, the proposed

definition is easier to implement as will be shown in the trexb-section.

Fig. 4.3Example illustrating proposed concept of depth of unobservability equal to 3

Fig. 4.4Example illustrating proposed concept of depth of unobservability equal to 1
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4.1.2 Incidence matrix based binary integer programming

As wasin the case with the traditional definition of depth of unobservability, for the proposed
definition also, the objective is to reduce the depth of unobservability to zero. A further constraint
which must be imposed on this minimization is the fact that®m PMU is placed at a bus at a
higher depth of unobservability, in subsequent depths, that PMU cannot be removed from that bus.

Thus, the two objectives of the optimization are:

1 Minimize depth of unobservabilitwith every step

1 PMUs once placedt a buscannot be removed in subsequent steps
A simple way to perform this optimization is described in this-setion.

In [19], [86], the authors had used simulated annealing for computing the (traditional) different depths

of unobservability. Enumerating trees for a large system can become a computationaHylosiening
problem. In his work, Altman had proposed an alternate definition for the depth of unobservability
concept [87]. In the course of the work done here, it was realized thateven simpler approach
OGAAYLI SN GKIFyYy 1fdYFryQau O2dZ R 60S RS@Sft2LISR o0& R
2y 0(KS aLI GK fSy3aiakaé FyR y20 aadzy 2F LI GK fSy3
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concept can be implemeatl using incidence matrix based binary integer programming as dddg]in

A brief overview of that methodology is presented below.

The problem of computing the mimum number of PMUs required for complete observability (depth

zero) of a networks stated as an integer programming probl§88] of the form,

I;E | B 18

3 AE OHHL 1T

In (4.4) and (4.5%=isthe 0 0 incidence matrix of & bus systems=isa( p matrix composed of

ones and zeroes with ones depicting the buses where PMUs must be placed for complete observability,

andlis a0 p matrix of onesIn orderto compute higher depths of unobservability, the matshas

to be replaced by sign of thedher powers of=. This is in accordance with the following Theo&8i:

Theorem The'Q&dtry in thet  power of the incidence matrix for agyaph or diagaph is exactlyequal

to the number of different paths of lengéh beginningat vertex'@nd ending at verteX2
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This theorem implies that, for instance, if the incidence matrix is raised to the power two and its sign
taken, then every bus of thisew network (whose incidence matrix is sign=o0) will be directly
connected to one bus away of the original network, and so on. In order to illustrate this with an
example, let us again consider thebds system given in Figs. 4.4 which is redrawnfor convenience

in Fig. 4.5. The incidence matrix of this system is,

pp TN T
P P p TN,
it p p p TP,
= M T P P p T Tn ®
M T M P p op T
Mt nmmp p p"
wtmp mmnp pV

The sjn of the square of the incidence matrix given in (4.6) is,

p P p T O,
P PP P T T P,
P PP PP P P
= i QQEsad M p p p p p pn ¥
M T p popop P
Tt T p p p p p"
ut o p p p p pVv

The system whose incidence miatis given by (4.7) is shown in Fig. 4.6 with the dotted lines indicating
the new branches formed. On comparing Figs. 4.5 and 4.6, it becomes clear that the new branches that
were created in Fig. 4.6 corresponded to the joining of buses that were psdyionebusaway from

each other. This, then, fits in directly with our definition for the concept of depth of unobservability
because the power to which the incidence matrix is raised in order to chang@#wry from 0 to 1
corresponds to the numbe2 ¥ a LJF G K f S yEhd®Taus, tooc8niputéSféryhe  depth of

unobservability, the integer problem formulation beconi&s§],

i EP s g7
3O0AODAABCT=HI £ 8
B & £ = T
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Fig. 4.6: The-Bus system whose incidence matrixdsas given in (4.7)

The signum function used i4.9) is defined as follows: L¢|t be a ral matrix of orderd ) where the
element in the'Q row and’Q column is denoted by @Q Then| OE CT|0Is a real matrix of

orderd@ nwhose element in th&Q row and’Q column denoted by-|| "HQ, is
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The PMU placement algorithm described in this section only improves the observability of the network.
It is not concerned with the other benefits (improving transient/dynamic stability and better control)
that placing a PMU on specific buses will delivealso does not provide redundancy to any of the
measurements. An algorithm is developed in the next section, based on the modified concept of depth
of unobservability described and binary integer programming that has been described in this section, to
ensure protection of relevant portions of the system while moving towards complete observability

without exorbitantly increasing the total number of PMUs required.
4.2 A PMU placement scheme ensuring réiahe monitoring of critical buses of the network

Oneway to ensure that the critical dynamics of the system is addressed is by adding more importance to

0KS NBf SOyl o0dzaSad ¢KAa OFy 0SS R2yS o0& RSaAIYyLFGA
GONRGAOITE ¢ o06dzaSa OF y gy6&thOrMevéarsS as wallasiod Re bagfs ofir&nSienti 2 LI2 €
and dynamic stability studies that have been performed on the sys#emalternate way to select
GONRGAOFE y2RSaé¢ oFaSR 2yfeé& 2y [dDNJowedek, 8 vhich model 6 A £ A {
O2YLINBKSYyaAdS YSiK2R2E{mRDESis deeNpeted. (Tebisksyidentifieddash G A O f
critical form thestarting set. The concept of depth of unobsability described in Section 4.1.1 is then

used to determine the final PMU placement set. The nextsetiion defines the term critical as is used

in this context, and describes the process for selecting such buses.
4.2.1 The concept of Criticality

PMUswhen placed at a bus provide time synchronized measurements of the voltage phasor and the
branch current phasors of all the branches emerging from that bus. This information can be used for
making a variety of decisions. Power engineers all over the vianeé used PMUs for dynamic security
assessment, transient stability/instability predictions, adaptive protection schemes, etc. Under such
circumstances, defining an optimal PMU placement scheme for a general network becomes subject to
the required needs ah the available facilities. One important factor which contributes towards PMU
placement but is very different from its other applications is the concept of observability. A power
system is called completely observable when all of its states can be upidetrmined[91], [92]. This

is also an essential criterion for performing accurate state estimation. Therefore, along with catering to
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the relevant system dynamics, an optimal PMU placement scheme must alsy shéisbbservability

constraint. In such a scenario, traditional methods based only on transient/dynamic stability study or
G212t 23A0Ff 20aSNBIoAfAGET I NB y20 adzZFFae@iorSy i o ¢ |
helps in coming up with aNFU placement set that integrates both the requirements. In the proposed
A0KSYSs 0dzaSa FNB RSTAYSR (G2 0S GONRGAOLFE ¢ AF (KS

High voltage buses
High connectivity buses

Buses relevant to transient/dynamic stétyi

=A =4 =4 =4

Potential small signal control buses

From the utility point of view, the high voltage network is the backbone of the system. For
measurement and protection purposes it is necessary to monitor this network continuously. Therefore,

it is practical to hae the high voltage buses in the list of critical buses. Buses with high connectivity not
only allow monitoring of a large number of lines from one location, but they are also the substations
which have good communication facilities and are typically katatin areas where
expansions/installations can be easily carried out. Since the associated costs for placing a PMU at a
substation may exceed the cost of the PMU itself, it is logical to place them at substations where these
costs can be kept to a minimurhlowever, the criteria for selecting high connectivity is very subjective
and system specific. The buses relevant to the transient/dynamic stability of the system are selected
based on their significance in preventing voltamdapsesminimizing impact®f faults and/or for their
participation towards damping inter area oscillations. Potential small signal control buses are the buses
where controllers are placed. They include locations of Flexible AC Transmission Systems (FACTS)
devices, energy storageedices (ESDs), HVDC terminals, etc. The definition of criticality can also be
extended to include pricing and utility preferences. However, care must be taken to ensure that too

many buses are not selected as critical as doing so will dilute the verjdéfln2 y 2F G ONR GA OF £ A

Another issue which needs to be addressed when computing for the optimal placement of PMUs in a
network is the question of redundancy. The norm in the industry is to have ap contingency
criterion in the system. A p contingercy means that even if one PMU or transmission line goes
down, the system remains observable. Different techniques have been employed by researchers to
provide redundancy in measurement under the p contingency criterion.Some of the most popular

ones lke Primary and Baeckp Method [79], Integer Linear Programmirdgased method[80], Local
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Redundancy Metho@B3] have been cited in the literature. But from the studies performed, it has been
realized that for a system to have complete Bidased observability and redundancy of all the buses
present under thel  p contingency criterion, a very large number of PMUs will be required. In the
absence of conventional measurements, the number of PMUs required could well be higher than half
the total number of buses present. It is obvious that no utility will place that many PMUs in their system.
However, by using the concept of criticality developed here, it can be argued that in practice, it is
sufficient to provide redundancy in measurementdoly the critical buses of the network. If the critical
buses are selected carefully, then by providing redundancy to their measurements alone, the system can
be made sufficiently secure with much less PMUs. The algorithm developed for doing this isedieiscrib

the next subsection.
4.2.2 Proposed Algorithm Critical Bus Based Binary Integer Optimization (CBBBIO)

¢tKS GSOKYyAIljdzS RS@OSt2LISR Ay (GKA&a aSOlAz2y dzasSa GKS
section with the depth of unobservabilitfechnique to determine the optimal scheme for PMU
placementusing binary integer programmindgdowever, neither the traditional concept of depth of

dzy 20 ASNIDIF oAt AdleT y2NJ 0KS Y2RAFTASR @GSNRAZ2Y GKI G KI
the redundancy in measurement of specific buses. This has to be done by modifying the constraints of

the optimization. The number of PMUs needed for observing as well as providing redundancy in
measurements of the critical buses, constitutes #tarting set. That is, the number of PMUs in the

starting set constitutes the highest depth of unobservability. To illustidthe number of PMUs in the

starting set i€, then the proposed algorithm finds the depth of the bus that is farthest fronetheses

where PMUs have been placed and assigns that depth to be the highest depth of unobservability. In
subsequent steps, more PMUs are added to attain lower depths of unobservability until complete

observability is eventually achieved.

The methodology mposed for determining the optimal PMU set is based on the extension of the binary
integer optimization technique developed [20]. For a system represented bysi 0 incidence
matrix=, the Icnorm of al  p length binary integer matri¥= must be minimized, where the nonzero
elements of= denote the PMU locations. Twid p matrices are also defined: the initialization matrix

L having only zero andnity as its elements of which the unity elements correspond to those buses
where PMUs must be placed even at the highest depth of unobservability (that istatimg set), and

a matrixfjall of whose elements are unity.
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Thestarting set is created byollowing these steps:

1. lIdentify the critical buses of the network based on the logic developed in Section 4.2.1 and set
the corresponding elements  of to one

2. Check if the first critical bus is connected to at least one other critical bus

3. If the citical bus is not connected to at least one other critical bus, then place a PMU at an
adjoining bus and set the corresponding elemendof to one

4. Repeat Steps 2 and 3 until all critical buses are connected to at least one other bus that has a
PMUon it, thereby making the other bus critical as well

5. If all critical buses are connected to at least one other bus with a PMU on it, then the number of

buses thus selected constitutes the starting set; terminate the process
Next, a matriff] is definedsuch that,

i B oo 9 C

In (4.12), the scalar weighit has the function of guaranteeing prity in placement of PMUs on the
critical buses. Any integer valuefgreater than one will ensure priority to the critical buses. That is, as
long a®) p, the final solution will not be sensitive to the numerical value selected) fofrhe

minimizationcriterion is now specified as:
i EW 8 o

Equation (4.13) utilizes the scalar productansure that all the critical bus locations are preserved in
the final solution as they have higher contribution towards the minimization. The constraints further

imposed on (4.13) are:

4L ¢ T
1 a & UL
In (4.14) and (4.15)
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+ N ® 0
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Equation 4.14) implies ttat each bus is observed by atleast one P[)Jwhile @.15 ensures that each
critical bus will be assigned a PMU. Equatiohd3-(4.16 are used to find the nuber of PMUs
required for complete observability. In order to compute the number of PMUs required for higher
depths of unobservability4(13-(4.16) is used again, but with the following modifications,

I GECIDI

I 9 X

A 1

In (4.17)£ s the optimal allocation matrix found forth& p  depth of tnobservability Finally,

the total number of PMUs required for an unobservability of depth given by,
. O1 AlAm- 5/08 ADOEJ 8 Y

The numerical value of the elementssn  denotes the number of trajectories that link pairs of buses.
However, for the placement of PMUSs, this multiplicity is irrele\jJa8]. As stated previouslyhe signum
function eliminates path multiplicites and generates an equivalent incidence matrix valid for
subsequent depths of unobservabilif9]. This reduction in path multiplicity greatly reduces the
inherent computational complexity of the optimization. Also,4m(),! and® are updated so that
the equality constrainwvarrants no additional PMUs than those determined from previous depths of
unobservability. Fig4.7 shows the flowchart of the proposed algorithmhile the pseudecode for
performing the optimization is explained with an exampleAppendix B PMU allocatin using this
technigue is found to provide redilme monitoring of the critical buses of the network with redundancy,
as well as ensure complete system observability with reduced computational compligiitse this
methodology integrates the idea of ddal buses with the binary integer programming logic, a suitable

name for this technique was found to be Critical Bus Based Binary Integer Optimization (CBBBIO).
4.3 Simulations Performed

For testing the performance of the CBBBIO technique proposed snctimpter, a variety of power
system networks were selected for analysis. The first set of simulations was performed on standard IEEE
systems like the IEEE 8s system and the IEEE 3@ system. A 288us model of the Central
American Power Transmissi System was analyzed next. The final simulation was performed on a 1196
bus network describing the Northern and the Eastern power grids of India. The results obtained on

applying the proposed approach on these systems form the basis of thisestibn.

74



Identification of
critical buses

\ 4
Perform

connectivity <
check

Isolated
buses?

No

v

Perform weight
addition

) 4
Perform binary

Modify constraints for
subsequent depths

integer
minimization

Y

Display
number of
PMUs

Complete
observability?

Yes—p

Add PMUsfor
redundancy

Fig.4.7: Flowchart for theCBBBIO Technique
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4.3.1 Standard IEEE Systems

The proposed algorithm was applied to the IEEE-Hi8and the IEEE 3®Qis systems. For the first
illustration, only the highest voltage buses were sidiered critical. By expressing the voltages in kV
rather than in p.u., the highest voltage buses were identified directly from the system data. As these
buses were connected to one another, redundancy under the p contingency criterion was
automaticallyensured. In both systems, 345kV is found to be the highest voltage level present. The IEEE
118bus system has eleven 345kV buses (8, 9, 10, 26, 30, 38, 63, 64, 65, 68, and 81), while the IEEE 300
bus system has fourteen 345kV buses (4, 16, 28, 33, 3684069, 173, 174, 198, 210, 216, and 242).
Therefore, the minimum number of PMUs required for complete observability of the two systems was

11 and 14 respectively. This became the starting set for the proposed PMU placement technique.

Table 4.1 gives aomparison of the number of PMUs required at different depths of unobservability

without and with the consideration of critical buses. In Table 4.1, the traditional method used for
computing the number of buses on which PMUs must be placed for differgathgef unobservability

is based on the algorithm developed[i8]® ¢ KS O2 YLJzil GA2ya 6 SNB LISNF2NY
Processor having a speed of 2.40 GiHd an installed memory (RAM) of 5.86 GB. The advantage of

using the signum function in the proposed algorithm was also realized during this simulatioms |

observed that when the signum function was removed fragh6), the time required for computinthe

sixteen depths of unobservabilifgr the IEEE 11Bus system(given in Tablet.1) was 23.29 seconds

instead of the 0.73 seconds that the same machine took when the signum function was inTplaseit

was confirmed that by removing the path multgities using the signum function, the inherent

computational complexity of the optimization is greatly reduced.

For the second illustration, along with the highest voltage buses, the buses having high connectivity
were also considered critical. As statedSection 4.2.1, the criteria for selecting high connectivity buses

is subjective and system specific. It can include buses which are connected to many other buses,
substations where communication related expansions can be easily carried out, as wedeasttmt

cater to utility preferences. For these two systems, it was assumed that the cost for developing
communication facilities was equal for all the buses and that there were no utility specific preferences.
Therefore, the high connectivity buses weselected purely on the basis of the number of connections

that the buses had.
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Table 4.1Comparison oproposedalgorithm with thetraditionalmethodwhen only high voltage buses

are considered critical

IEEE 11-8us System IEEEB00-Bus System
Depths of Not Considering Considering | Not Considering any Considering highes
Unobservability| any bus as Critica| highest voltage bus as Critical voltage buses as
[13] buses as critical [13] critical

0 32 39 87 96
1 16 23 47 55
2 8 17 34 41
3 7 13 19 29
4 4 13 14 24
5 3 12 9 20
6 2 11 8 18
7 2 7 16
8 2 5 15
9 2 3 15
10 1 3 15
11 3 14
12 2

13 2

14 2

15 2

16 1

CPU Time
0.73 0.40 4.04 4.42
(in seconds)

From a study of the incidence matrix for the IEEEdUS8 system, it was observed that ten buses had six
or more connections; whereas, only four buses had seven or more connections. Therefore, it was logical
to define the number of buses having seven orrenoonnections as the critical high connectivity buses.

Thus, 1249, 80 and 100 wer&entified as high connectivity buses resulting in total number of
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critical buses for this systetmecomingl5. In order to provide redundancy in measurements to these

high connectivity buses, PMUs were added to buses6 and92. Althoughother buseswould have

sufficed, thesehree were chosenbecausehey had high connectivity (like bus 11), they were connected

to two different critical buses (like bus 66), theydhgenerators on them (which was important from

control perspectives), or a combination of the above (like bus B2y to be noted here that the
ONAGSNA2Y 2F ao0Saidé FR22AyAy3a o6dza G2 LXFOS | ta!
awide variety of practical constraints. Thus, the minimum number of PMUs for the starting set for the
IEEE 11-8us system was 18.

On doing a similar analysis for the IEEE-I309 system, nine buses were found to have seven or more
connections; whereas, oylfour buses had eight or more connections. Thus, the four buses which had
eight or more connections (31, 109, 190 and 268) were considered critical high connectivity buses with
15, 147, 177 and 272 acting as the buses providing redundancy to those mmasise Thus, the
minimum number of PMUs for the starting set for the IEEEB80system became 22. Table 4.2 shows
the number of PMUs required at different depths of unobservability for the two systems in accordance

with the proposed scheme.

Table 4.2: Nmber of PMUs at different depths of unobservability when high voltage and high

connectivity buses are considered critical

Depths of Unobservability IEEE 118us System IEEE 30Bus System
0 41 97
1 26 59
2 22 43
3 18 34
4 30
5 25
6 24
7 22
CPU Time (in seconds) 0.29 2.36
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From Tables 4.1 and 4.2, it can be inferred that an increase in the number of PMUs required for
complete observability corresponding to an increase in the number of critical buses, is an almost linear
relationship. That is, a small increase in the numiesribical busesloes notresult in a large increase in

the number of PMUs required for complete observability. This is a very important observation because it
ensures that even if the number of critical buses is increased, the minimum number of PMUgdequi

would not increase exponentially.

Table 4.3 compares the total number of PMUs required for complete observability of the IEBES118
system in absence of conventional measurements using the proposed methodology and other similar
algorithms. For the amparison done in Table 4.3, Zero Injection (ZI) buses were considered for PMU
placement. ZI buses are those buses that are present in the system, but from which no power is injected
into the system. In the proposed approach, unless the ZI bus was aldbitis, it was removed from the

system and the incidence matrix was updated accordingly. The ZI buses for the |HEE $ji€em are:

5,9, 30, 37, 38, 63, 64, 68, 71, and 81. Out of these ten buses, as buses 5, 37 and 71 do not fall in the list
of critical buses identified previously, in the proposed approach, these three buses were removed from

the system.

Table 4.3: Minimum number of PMUs for complete observability uderp criterion, in absence of

conventional measurements for IEEE 4 system

Primary and Baclp Integer Linear Local Rdundancy _
_ CBBBIO Technique
Method [79] Programmindg80] Method [83]
Number
65 64 61 39
of PMUs

In the proposed approach, redundancy is provided to the measuremeninslpthe critical buses (high
voltage and high connectivity buses). This is the reason for the significant difference in the total number
of PMUs required. Thus, from Table 4.3 it becomes clear that by using the proposed approach, an
intelligent choice of crital buses can provide an optimal cte&nefit ratio with respect to PMU
placement. In the next sections, more diverse methods for selecting the critical buses are explored. Two
reaklife models¢ a reduced order model of the Central American power traission system and a

1196bus model of the North and East Indian power transmission network are used for the analysis.
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4.3.2 Central American Power Transmission Network

The Central American region has an iatennected transmission system that links theattizal power

systems of six countries, namely, Guatemala, El Salvador, Honduras, Nicaragua, Costa Rica and Panama.
This transmission corridor is presently operating at a voltage level of 230kV. Recently, a transmission line
at 400 kV has beeestablishedbetween Guatemala and Mexico, and another high voltage line between
Panama and Colombia is under sty8g]. Fig. 4.8 shows the 230kV transmission system whittheis
backbone of the Central American Power System (CJQRE)This network consists of 1,588 nodes, and
handles around 6,400 MW in a deregulated regional energyket, coordinated by the Regional
Operating Entity (EOR). The geography of the Central American isthmus forces the regional transmission
grid to have an inherently radial topology, comprising approximately 1,900 km in a single transmission
line trajectoryfrom the North to the Soutfi20].

This system had several outages in the past decade mainly diwsgmf generation blogkand from
tripping of critical tielines The loss of a 200W generator block in Honduras on June 2310 resulted

in a multinational blackou{95]. The loss of two 230 kV lines due to a lightrstigke on September 9,

2010 caused a severe power outage in Honduras, Nicaragua and El Speadourrently the CAPS has

no PMUs installed at any of its buses. This lack of synchronized measurements makes it very difficult for
the system to cope with such contingencies. The implementation of PMUssalaa many of the
problems that the CAPS currently suffers from. Small signal,-anéer oscillations can be better
damped by reuning the PSSs using remote measurements. Voltage collapses imeatered radial
substations can be prevented by intelligdnad shedding schemes. Accurate transmission line models
using synchronized measurements of strategic buses can give rise to correct state estimations.
Bottlenecks can be monitored to ensure optimal use of the transmission capabilities, and the dettings
protection and control systems can be precisely determined based on realistic system niddelole

that PMUs can play in solving and/or mitigating different exigencies of the CAPS is described below.

1 Erroneous Tripping: It is expected that in theeat of a sudden loss of a block of generation or
load in a particular country, the tiknes that connect the affected system to the neighboring
systems will become stressed. This will result in an increase in power flow through some of the
lines which wll cause them to be overharged for certain periods of time. If this owglrarge is
below the threshold limit of the lines, it should be endured under the existing contingency

conditions to prevent cascade tripping and subsequent outage of larger poxiotie system.

80



In such a situation, PMU measurements can be used to develop an adaptive protection scheme
aimed at reducing the likelihood of manifestation of hidden failures and potential cascading
events by adjusting the security/dependability balan¢@mtection systemg$12].

1 Voltage Collapse: Although the tie to Mexico has helped in stabilizing the system, under critical
conditions like the ones described [@5], [96], it has been observed that the increased power
flow coming fom Mexico, while crossing a country to supply the load unbalance of another
country, has caused an increased consumption of reactive power in the country that is being
crossed over. This causes a dramatic voltage drop of the country in the transfer path wh
forces that country to trip the tidines, in order to avoid its own voltage collapse. These
circumstances can be prevented by applying intelligent load shedding schemes based on
synchronized measurements obtained from PMUs.

1 Transient Instability: I€entral America an important amount of generation comes from bunker
plants. These machines usually possess low inertia constants, making them prone-ite loss
synchronism under sudden losse$ generation blocks. This ocof-step condition can be
detectedpromptly by PMUs, which can then be used for generating appropriate actions so as to
isolate the loaegeneration imbalances. Once stabilized, PMUs can help in bringing the isolated
sections back to the system.

1 Small Signal Oscillations: The radial topolo§yhe CAPS is prone to inadequate damping or
negative damping of small signal, iri@rea oscillations. In the past these kinds of oscillations
have occurred between hydroelectric machines in Panama, Honduras and Guatemala, forcing
the installation of PSs in the participating generators. After the int@mnection with Mexico,
new interarea oscillations have emerged in the system. For handling such cases, PMUs can
provide remote measurements which can be used fetuging the PSSs so as to improve thei
effectiveness. In future, WAMS can also be used for developing a coordinated type of control

using PSSs, SVCs etc. to damp all low frequency oscillations as deve[aggfiLif, [97].

From the above description, it becomes clghat the computation of an optimal PMU placement
scheme for CAPS is a mubjective optimization function. This can be accomplished using the CBBBIO
technigue very effectively as shown below. In this system, the two highest voltage levels are 230kV and
138kV. The transmission network also comprises of few 69kV elements, culminating in a total of 283
buses and 365 links. The determination of critical buses for this system can be done based on the criteria

outlined in Setion 4.2.1.
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The critical buses of the Central American Power System (CAPS) are:

1 High connectivity buses: Eight buses were labeled as critical buses for having the highest
connectivity (comprising of 6 or more kg to other buses). These buses were also found to have
good communication facilities and high energy concentrations.

1 Buses relevant for transient stability: From a transient analysis point of view, those buses which
were electrically closest to generatiamits and which lost synchronism when a three phase
fault lasting for less than six cycles took place in any element of the network were considered
critical. Three phase faults were simulated as they were the most severe of all transient events.
A criticd time of 100ms (six cycles) was assumed to be the typical time period needed to isolate
the fault. Based on the list of contingencies provided[98], it was found that only one
contingency had a critical time of less than 6 cycles, which resulted in two generators being
selected.

1 Buses relevant for small signal stability: After performing small signal analysis on this network,
ten generators were found to havedh participation factors and low damping ratios for the
inter area modes of oscillation present in this system. The corresponding transmission buses
were identified to be critical to facilitate PMhased control applications.

1 Buses relevant for preventingoltage collapse: Four transmission buses having operational
voltages below 0.95 p.u. were identified as critical buses for their facility to monitor potential

voltage instability in radial areas.

The total number of critical buses identified for the GahtAmerican system was 24. By initially placing
PMUs on these 24 buses, it was observed that 19 critical buses already had redundancy in their
measurements. PMUs were placed on five other buses to provide redundancy to the remaining critical
buses resulfig in a total of 29 critical or redundancy exclusive buses. Applying the algorithm developed
in Section 4.1.2, and taking into consideration those 29 critical buses, 101 PMUs were found to be
required for complete network observability with p redundancyof the critical buses. Table 4.4
illustrates the number of PMUs required at different depths of unobservability for this netviredn

Table 4.4, it becomes clear that although 87 PMUs provide complete observability to the Central
American Transmission 8gm, they do not guarantee an optimal PMU placement as far as dynamics
and practical constraints are concerned. However, by following the proposed approach and adding

PMUs in select locations, one can make the Central American system much more robust.
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Talle 4.4: Nomber of PMUs required at different depths of unobservability when redundancy of critical

buses is consideredr the Central American Power Transmission Network

Depths of Central American Power System (283 buses)
Unobservability) Not Consideringiny buses as Criticag Considering critical buses with redundan
0 87 101
1 61 67
2 37 47
3 24 37
4 13 33
5 11 32
6 9 30
7 8 30
8 6 29
9 5
10 5
11 5
12 5
13 4
14 1
CPU Time
(seconds) 3.07 2.27

4.3.3 North and East Indian PowEransmission Network

The map of the complete power transmission system of India is shown in F[§9}1.8 is composed of

five regional gridg, the Northern redpon (NR) grid, the Eastern region (ER) grid, the NBds$tern region

(NE) grid, the Western region (WR) grid, and the Southern region (SR) grid. In this study, PMU placement
was analyzed for the power system networks of the Northern and the Eastern rggasn(henceforth,

called North and East Indian power system network). This system comprises of the power system

networks located in the North and East of India and contains 1196 buses.
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Information about this system was made available in the form of PSS/E n(da@éls As is typical of

system information obtained from commercial packages, theydmiRIS & @A NI dzl f Kk RdzYYe& 0 dz
not physically exist and/or are not practical locations to install metering dey1€¥¥. Typical examples

of such buses are t@ed line buses, series capacitor nodes, disconnected buses, etc. Before performing

any PMU placement study, such virtual/dummy buses must be removed from the available system
models. The methodology followed for eliminating virtual buses from the mod#ieoNorth and East

Indian power transmission system is based on the logic developgtDR]. It is briefly described as

follows¢

1 Tapped lines: Tapped lines crea#e bus in the middle of a branch where there are no
measurement facilities to monitor the signals. For a virtual bus at a tapped line, the bus created
by the tapped line and the branches connecting the tap to rest of the system are removed and
equivalent hjections are added on the adjoining buses.

9 Virtual generators: These are equivalent generators connected to the system by a virtual (non
existing) bus. Such virtual buses connecting equivalent generators to the rest of the system are
removed and replacely equivalent injections.

1 Shunt elements: For convenience of analysis, shunt circuits are often modeled as virtual buses.
But since physically they are present on the actual blug, virtual bus connects to a shunt
element the virtual bus and the shunteament areremoved andhe combination iseplaced by
a corresponding injectioan the actual bus

9 Series capacitorSeries capacitors are modeled with virtual egswvhich physically do not exist.
Hence, fi a virtual bus connects to a series capacitegérdless of the capacitdine location)
the bus and the two connecting branches are removed #redcombination iseplaced by an
equivalent branch.

9 Distinction between bus and substation: During medased analysis of a system, transformers
separatingdifferent voltage levels are treated as separate buses. However, when placing PMUs,
it is assumed that a PMU placed at a substation will monitor all the transformers at that
substation. Therefore,taa given substation it ipresumel that multiplevoltagelevelglines are
monitored by a single PMThis assumption is not a good assumption for practical installations
and needs to be analyzed in greater depth. However, the study that needs to be dbett¢o

this assumption is beyond the scope of this work
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1 Three winding transformersThree winding transformers argypically modeled as three 2
winding transformers with onside in common. In per unit, the three buses represent the same
voltage andsocould be monitored by a single PMtThus, fi a virtual lus is the middle point cd
three winding transformerthen the corresponding three winding transformer is replaced by a
single bus. This bus tsen connected to the buses originally connecting the middle and high
voltage windings.

9 Disconnected buses: Some buses in the model are not connected to any other bus of the

system. Such staralone buses are removed without making any other change in the network.

On applying the abovementioned virtual/dummy bus elimination logic to the Nlorand East Indian
Power Transmission Network, the total number of buses was reduced from 1196 to 996. The critical
buses of this network were then found out based on the criteria outlined in Section 4.2.1 with the

details highlighted as shown belayw

9 Highest voltage buses: As 765kV was the highest voltage present in this network; all active buses
having this voltage were selected as the relevant high voltage buses of the system. The total
number of these buses was 19.

9 High connectivity buses: Buses havitem or more connections were identified as high
connectivity buses. The total number of these buses was 16.

1 Buses relevant for small signal stability: Buses having high participation towards the control of
the low frequency inter area modes of oscillatiavere considered critical for small signal
stability analysis. The total number of these buses was 12.

1 Low voltage load buses: Load buses having voltages of less than 0.90 p.u. were identified as
critical buses. The total number of these buses was 10.

9 Buss connected to DC lines: AC Buses connected to either ends of the DC lines were identified
as important from control perspectives and were therefore considered to be critical buses for

this analysis. The total number of these buses was 8.

Once the critichbuses of the system were identified, the size of the system was reduced further by
eliminating the ZI buses present in the system. Similar to what was done for the IEB&ESIy&tem in

Table 4.3, unless the ZI bus of the North and East Indian system astical bus, it was removed from

the system. The number of critical ZI buses was 27, while the number of ZI buses eliminated from the

system was 246. Consequently, the system was reduced from-B@9énodel to a 758us model with

87



a total of 65 busesecognized as critical buses. 56 of these 65 critical buses were observed to be
connected to atleast one other critical bus. PMUs were then placed on nine more buses to provide
redundancy to the remaining critical buses resulting in a total of 74 criigsés. A total of 208 PMUs
were found to be needed for this system to ensure complete observability with redundancy in
measurement of the critical buses. Table 4.5 summarizes the placement of PMUs at different depths of

unobservability for this system.

Table 4.5: Nmber ofPMUs required at different depths of unobservability when redundancy of critical

buses is considereor the North and East Indian Power System

Depths of North and East Indian Transmission System (750 buses)
Unobservability] Not Considering any buses as Critif Considering critical buses with redundan
0 161 208
1 80 131
2 41 92
3 20 77
4 9 74
5 7
6 3
7 3
8 2
9 1
CPU Time
(seconds) 3674.98 3675.58

From Table 4.5 it can be realized that for the North and East Indian system, by adding 47 PMUs more
than the ones needed for basic observability, one can ensure an optimum balance between cost and
intended PMU applications. Moreover, from the resultssitalso implied that by placing PMUs at 208
locations of this system, one can effectively monitor and control the reducedBuSOsystem and
through it, the entire 99@us network. Thus, by placing PMUs on less thantling of the buses for

the reduced sgtem and approximately onfifth of the buses of the full system, an excellent knowledge
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of the state of the complete network can be obtained. The results obtained in this section indicate that
irrespective of the way in which the critical buses are chpgbry can be incorporated into the
proposed methodology to find an optimal PMU placement scheme that will ensuréimeaimonitoring

of the key regions of any system.
4.4 The 2012 Blackout in India

In one of the worst blackouts in power system histowyptseparate events on 30 and 31 July, 2012
resulted in over 620 million people of India losing power. The outages were spread across 22 states in
Northern, Eastern, and NorBastern regions with an estimated 48 GW of load being affected in its
wake. The Mrthern Region (NR) grid was affected by the blackout on 30 July; whereas the Northern
Region (NR) grid, Eastern Region (ER) grid, and the-Bastern Region (NER) grid were affected by the
blackout that occurred on 31 July. A map of the affected reg®psovided in Fig. 4.1003].

The initiating event on both occasions was the tripping of the 400kV-@ivalior line on zone 3
protection of distance relays.h€& corresponding rerouting of power resulted in cascade tripping of the
tie-lines along the interfaces of the different regions. The eventual collapse of the grids in the individual
regions due to multiple tripping was attributed to internal power swingsder frequency and
overvoltage at different placdd.03]. Thus, the factors leading to the grid disturbance on both occasions

can be grouped under:

1 Loss of balarebetween security and dependabilii§2]
9 Absence of realime system visibility

1 Inadequate contingency analysis

A brief sequence of events following the initiagievent for both the days is provided as follo63].

On 3d" July, 2012, after the NR got separated from the WR due to tripping of the 400k\GRialzor
line, the NR loads were met through VABRNR route, which caused power swing in the system. Since
the center of swing was in the NER interface, the corresponding Hiees tripped, isolating the NR
system from the rest of the NEW grid system. The NR grid sysiapsed due to undefrequency and

further power swing within the region.

On 3f' July, 2012, after NR got separated from the WR due to tripping of 400k\GBiakor line, the
NR loads were met through WEERNR route, which caused power swing in tlystem. On this day the

center of swing was in the ER, near\BR interface, and, hence, after tripping of lines in the ER itself, a
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small part of ER (Ranchi and Rourkela), along with WR, got isolated from the rest of the NEW grid. This
caused power swingnithe NRER interface and resulted in further separation of the NR from thRER
system. Subsequently, all the three grids (NR, ER, and NER) collapsed due to multiple tripping attributed

to the internal power swings, unddrequency and ovevoltage at dfferent places.

REGION

' TR RY
0 A0k
LI )
¥ 500 kV HVDC

Fig. 4.10: Map indicating the inteegional links

A PMUbased wide areas measurement system (WAMS) will play a key role in making the Indian grid
smarter. It will improve visibility and provide real time monitoring, protection, and control of the system

[104]. Intelligent load shedding schemes, modern dynamic security assessment techniques, and
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security/dependability based adaptive protection schemes are some of the ways in which PMUs can
improve the reliability othe Indian grid. Some of the PMbased applications that could have saved the

system from the July 2012 collapse are summarized below:

1 Measures to avoid misoperation/maloperation of protective relays: The blackouts followed
immediately after a zone 3 operation on the BiGavalior line. The implementation of a PMU
based security/dependability adaptive protection schefti2] would have prevented that from
occurring.

1 Faster dynamic security assessment: The lack of proper frequency control processes was
responsible for both the blackouts. An efficientployment of PMUs could track frequency
accurately across the network and generate alarms when the system starts becoming unstable.
A variety of Remedial Action Schemes (RAS) based on PMU measurements can also be
implemented.

1 Intelligent load shedding schees: The implementation of frequency arff’¥X2 chased load
shedding schemes can be easily done using WANE.

1 Accurate state estimation: Imprecise state esdtion played a central role in the blackouts. This
can be greatly improved through the proposed PMU placement scheme using which
measurements obtained from optimally located PMUs can be combined with traditional state
estimators[67].

9 Faster Island detection: The cascade tripping following outage of the@iradior line resulted
in the different regional grids separating from each other. Faster island detecti@mashusing
PMUs[106] would allow for prompt island identification, stabilization of the islands formed and

a more efficient system restoration.

As[103] states, an appropriate deployment of PMUs is highly recommended to prevent events similar to
the July 2012 India blackouts. This chapter provides guidelines for creatiaffeative and efficient

PMU deployment strategy. By placing PMUs on generators which are more vulnerable to frequency
swings and selecting locations which will quickly pick up on growing instabilities (when they occur), a set
of critical buses can be iddfied. With these critical buses forming the starting set, the proposed
methodology can be used to find an optimized PMU placement set that will prevent/minimize the

effects of such events.
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4.5 Conclusion

A PMU placement scheme has been developed in trapter which takes into account the monitoring

and protection of important buses of the system while moving towards complete observability of the
network. When applying analytical or graphical methods to determine the optimal number of PMUs for
complete olservability of a system, it is realized that not all buses possess the same degree of
preference from the techn@conomic perspective. In this sense, priority should be given to high voltage
buses, high connectivity buses, buses with good communicatidtitiézc etc. Similarly, buses more
relevant to the transient and dynamic stability of the system have higher priority than those with less
relevance. This chapter uses this logic to create a set of critical buses where PMUs must be installed first
before g@ing for complete observability. The proposed scheme also provides redundancy in

measurement of these selected buses under the p criterion.

The proposed algorithm has been applied to two standard test systems as well as two real power system
networks.The ways in which the proposed methodology might have avoided/ minimized the impact of a
reaklife blackout is also described@he buses identified as critical to the system are observed even at
the highest depth of unobservability. The increased number PiUs required for complete
observability is more than compensated by the added benefit of providing redundancy in measurement
to the critical buses of the system. The technique is simple, efficient and easily applicable to large power
system problems. Thmethodology developed here is expected to provide flexibility to utilities in the
implementation of their PMU placement scheme. The locations where PMUs have already been placed
in the system based on previous studies and utility needs can be integratethian proposed scheme
under the definition of critical buses. Finally, the utilities are provided with the option that if they wish
to remain at a certain depth of unobservability and not go for complete observability or delay their plans
for it due to prctical constraints; they are atleast assured that the vital segments of their system are

protected.
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Chapter 5: A Community-Based Partitioning Approach for PMU Placement in
Large Systems

In the previous chapter, a PMU placement methodology was deeéeldgr generic systems. It involved
O2Y0AYAYy3 GKS GONRUGAOFEE¢ o0dzda O2yOSLI 6AGK GRSLIIK
to compute for an optimal PMU placement scheme. The results indicated that using the CBBBIO
technique a utility wouldbe able to deploy PMUs at select locations within the network over some
period of time so as to eventually observe the whole system. However, in the course of that analysis, it
was also observed that the computational complexity of the optimization lithésapplicability of such

technigues to large power system networks.

In this chapter, a PMU placement scheme is presented that ensures complete observability of large
systems while reducing the computational burden of the optimization. The proposed natwpdalso
provides redundancy in measurement of the critical buses of the network that are identified based on
system studies/topologies. The communligsed islanding approach used here initially partitions the
system into smaller islands. Placement MW in these islands is then computed using binary integer
programming. A bound is also developed to compute for the maximum error from an optimal solution.
The proposed technique has been applied to standard IEEE systems as well as on more realistic power
system network models. The results show that the commubitged partitioning approach enables the

CBBBIO technique to be applied to any sized system.
5.1 PMU placement in large systems

Now that a synchrophaseanly state estimator is becoming a realj8], it is clear that more and more
PMUs will be installed in the power grid. It is believed that PMUs/dual purpose line relays in the order of
thousands will be introduced in the US power systanthe next few year$l07]. China plans to have
PMUs installed on all of its high voltage substations. The six countries in Central America are also
installing PMUs in their interconnected networkg20]. India plans to add many more PMUs to its
national grids in the near future. With this ovabundance of PMUs in the nebrk, it is essential to

develop a technique that can efficiently compute PMU placements in large systems.

As stated previously, a variety of mathematical tools have been proposed by researchers to perform the

optimizations for computing an optimal PMU péscent scheme for generic systerv$]-[86]. However,
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the two primary poblems which have led to the downfall of most of these techniques as far as

implementation in large systems is concerned are:

1. The diversity of applications, and

2. The computational burden of the optimization

Reference[18] states that on the basis of applications there are two methods followed by power

engineers for placing PMUs in a system:

a) Development of a prioritized list of placement sitessed on obsenyality, and

b) Measurements are placed to correctly represent critical dynamics of the system

However, as stated in the previous chaptdre tfirst methodis concerned with state estimation and so

does not take into account transient and dynamic stabilitythaf system while the second approach

does not consider complete observability as one of its priorifiée CBBBIO technique developed in the
previous chaptereconciled these two approaches by initially placing PMUs on the critical buses of the
network identified on the basis of system studies/topologies and then computing for the optimal
number of PMUs required for complete system observability. However, the problem of heavy
computational burden was still found to persist. This is particularly relevantaige power system
ySGi62Nla o pnn o0dzaSavr 06SOldzAaS Ay adideoticoyiphté ¢ 2 NJ a
for an optimal PMU placement scheme using traditional methods. Moreover, if the locations are not
chosen judiciously, then the largamounts of data that will be collected will cause network congestion

in downstream applicationgl08].

Thischaptertries to address the issue of PMU placement in large systems by introducing a community

based islanding approadi09] that partitions the system into smaller isB&d @ ¢ KS 02y OSLII 21
0dza S&a¢ LIMBpddiauS éhapteiy then used to find the optimal PMU placement scheme in the

resulting islands. A bound is also developed to compute the maximum error from an optimal solution.

The proposed technique isitially applied to standard IEEE systems and then tested on larger and more
realistic power system networks, such as a-B83 model of the Central American system, a 1b6d

model of the Dominion Virginia Power (DVP) system, a -bl@3model of the Inidn system, and a

1443bus model of the Brazilian Power System. The results indicate that the methodology developed

here is a logical approach that yields good solutions for large systems.
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5.2 Communitybased islanding

An interesting analysis was done [(t09] for finding and evaluating community structure in general
yStig2NLad ¢KS RAOUGAZ2YINE RSTAYAGAZY 2F | ae®d2YYdzy A
and having a common interegt10]. In the world of graphs, this translates to a group of nodes inside a

network within which the network connections are hjghut between which, they are low. Examples of

this in the power system will be different utilities operating under an independent system operator (ISO)

or, regional grids belonging to distant geographic regions that are connected-liyetie Fig. 5.1 giws

communities that can be present in a graph. In Fig. 5.1, the thicker black lines denote edges that connect
different communities. The goal is to identify these intemmunity edges so that by eliminating them,

the network can be partitioned into islas. In this chapter it is shown how the methodology developed

in [109] can be used to address the PMU placement problem.

~
Il T L

Fig. 5.1: Communities in a graph

Developng an optimal PMU placement scheme in a large power system network is a computationally
intensive task. Fig. 5.2 shows an example of how the computational burden can increase as the size of

the system increases. In Fig. 5.2a%s denotes the number ofuses present while the-&xis depicts the

time required (in seconds) for computing the optimization using the Integer Programming algorithm
developed in1]. The cr LJdz(i F A2y a HSNB LISNF2NX¥SR 2y |y LyaSt o
of 2.40 GHz and an installed memory (RAM) of 5.86 GB. Power system networks ranging from 14 buses
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to more than 1400 buses were analyzed to create the plot. It is believed thatugjthother techniques
used for computing optimal PMU placement will give different values, the general trend with respect to

system size will remain the same for all of them.

16

A fmmeem s R et

S s E B e e e e e, -

-
(-]
T
J
J

Time (in seconds)
[--]
T

0 500 1000 1500
Number of Buses

Fig. 5.2: Indication of the computational burden of the optimization

The reasorfor the time vs. number of buses plot being an exponential one (as seen in Fig. 5.2) is that
the algorithms tend to solve the problem by searching through all possible solutions for a given system
model in order to find the optimal solution. Foréabus system such a brute force approach would
require a worstcase time ofi ¢ . The reason being that for every new node that is added, there will

be two possibilitiesvhether it will have a PMU on it, or whether it will not. Moreover, since for both the
possibilities, the rest of the nodes also need to be analyzed, the total wveaist time will
becomel ¢ . Therefore, as the size of the system increases, the required computational effort
increases exponentially. A pprocessing method for effective PMiJacement studies was developed

in [111]. However, that approach resulted in the system losing its initial structure/topology to such an
extent that it became almost impossible to accurately retrace the results back to the oriyistaim

[13]. The technique developed in this chapter shows how PMU placement can be done in large systems
GAGK2dzG aAIYATFAOlIyif e lue/d®dogyAy I GKS aeadsSyQa ol aa

The idea of partitioning a system into smaller |ylstems provides an elegant solution to the PMU
placement problem. The locations where PMUs must be placed are usually computed in the planning

stages. But, for large systems, it is not picadly feasible to directly compute for an optimal PMU
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placement scheme. In order to circumvent this problem, engineers create reebrded models of their
networks (by making various assumptions), and then perform the optimization. However, by pargtion

a large system into islands, PMUs can be placed at the desired locations without any pre/post
processing or making any assumptions. Apart from facilitating placement of PMUs, another use of the
communitybased islanding approach could be in the placetna phasor data concentrators (PDCs).

Since PDCs compile signals from several PMUs, by using the partitioning logic, a cluster of PMUs can be

identified such that oveall latency and/or other communications issues are minimized.

The community based patibning logic is illustrated as follows. Let us have a network nbdes. We
now break this network intoQsub-networks having at mostt nodes each by removing a certain
number of edges. Once we do that, we ha@islands each having m nodes or l@sgshem. Then, the
optimization problem for the individual islands will have a wamase time ofi ¢ . Similarly, the
worst-case time for computing the optimization for all the islands wouldib&® ¢ . Now, asx can
be made a lot smaller thaé (by increasing the number of partitior§), the worstcase time can be
reduced by a significant amount. An example of this is provided in Fig. 5.3. In Fig. 58FQand so

the worstcase time for computing for the optimal PMU placement in the creatiashds will be,

Original System
2000 - | —— Two Equal Islands
— Three Equal Islands
Four Equal Islands
Five Equal Islands

1500

1000

Worst Case Time

500 -

2 4 6 8 10 12 14 16 18 20
Number of Nodes

Fig. 5.3: Variation of worstase time with number of nodes for different vakiof Q
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In accordance with (5.1), Fig. 5.3 shows that while the original system takes more than 1000 seconds for
a 10node system, the same system when partitioned into five equal islands takes less than 100 seconds.
Thus, by partitioning the system inislands © p), the computation times can be greatly reduced.
Another inference that is drawn from this analysis is that by partitioning the system into smaller islands,
the increase in computational burden with increase in number of nodes is almost l{aed not
exponential). This is realized from a study of the slopesforp (blue line) andQ v (magenta line).

Thus, by partitioning the system into independent islands, computational advantage is attained without

significant alteration of the structerof the original system.
5.3 Computation of bound

The communityd 8 SR A aflyRAY3 | LILINRIFOK LINRPGPARSaA | dakKz2N
| 26 SOSNE (GKS O2ail 2F dzaaAy3a GKAA &aK2NIOdzi A&a GKS
When a systemsi partitioned into islands, it is done so by removing edges from the network. Removing

'y SR3IS NBadA da Ay t2aa 2F aQrAairoAfAdGesd 2F (GKS y?2
more edges are removed to form islands, it is likely thatesodrhich might have been optimal locations

for placing PMUs in the original network would no longer be optimal locations in the created islands.
Therefore, it is possible that the total number of PMUs required for complete observability of the
individual slands is more than the number of PMUs required for complete observability of the original
a230GSYP ¢KAA AYONBFraS Ay (GKS ydzYoSNI 2F ta'!a NBI d
solution. Under such circumstances, it becomes necessary to comp@tdNJ | a0 2dzy R¢é 2y (K
GRAAGIFYOSE FTNBY +y 2LWGAYFE az2tdziaAz2y GKFd gAatt oS

as follows.

In order to find the reason behind the need for more PMUs in the created islands, the optimal PMU
placement bcations of the original system needs to be analyzed. In order to do that, let us start with a
network of £ nodes that needs the removal of an edge between n&@md node™o form islands.
Then,based on theoptimal PMU placement scheme of the oridisgstem, the following four situations

mayariseq

1 Neither nodeor nodetave PMUs on them
1 Both node’Gnd nodethave PMUs on them
1 One of the nodes (say nod@has a PMU on it, but that PMU is not the only way in which the

other node (nodeéQis observed
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1 One of the nodes (say nod®has a PMU on it, and that PMU is the only way in which the other

node (node®can be observed

For the firstsituation, since neither nod&nor node™has PMUs on them, it can be inferred that both

the nodes & observed by PMUs placed on neighboring nodes. In such a scenario, the edge between
nodes’Cand s a redundant one (as far as observability is concerned) and can be removed to create
islands without increasing the total number of PMUs required. Rergecondsituation, since both the

nodes already have PMUs on them, even if the edge between them is removed, the observability of the
system will not be affected in any way. Therefore, for this scenario also, the edge betweern@ode®

can be remoed without causing any increment in the total number of PMUs required. For the third
situation, since one node has a PMU on it but it is not needed for observing the other node, it can be
inferred that the other node is observed by a neighboring PMU.nSihjs scenario also, no extra PMUs

will be required when the edge between nod€and’(s eliminated.Figs. 5.4.6 depict the first three
scenarios for a-bus radial network ¢ 1). In each of the figureshe nodes where PMUs have been
placed for omplete observability of the system are markedrhyin all three figures, the line between
buses 2 and 3 is considered to be the edge that must be removed to partition the system into two
islands (comprising of buses 1 and 2 and buses 3 and 4, respgctve can be seen from the figures,

the numbers of PMUs remain the same before and after partitioning. Moreover, there is no need to

even rearrange the locations of the PMUs in the created islands in comparison to the original system.

1 2 3 4
(@)

1 2 3 4
(b)

Fig. 54: Fournode network depicting the first scenario
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)
1 2 3 4

(b)

Fig. 5.5Fournode network depicting the second scenario

1 2 3 4
(@)

1 2 3 4
(b)

Fig. 5.6Fournode network depicting the third scenario

In the fourthsituation, since the only way to observe nod@s by the PMU placed on nod@when the
edge between node%¥and (s removed, a rearrangement of the placed PMUs needs to be done in order
G2 20aSNIBS GKS y2 @DIncudy®stenditjierdghtde an ii@ea<e in the total
number of PMUs requiredlrhus, he fourth situation needs to be analyzed in more details and this is

done so in the form of two illustrative examples as shown below

In Fig.5.7a,¢ X and the nodes where PMUs have been pladed complete observability of the

system (nodeg, v andy) are marked byj. Next, the edge between nodesand 5 is removed to create
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two islands as shown in Fig.7b. Since in the original system, the only way in which nbdeuld have

been observeds by the PMU on node this scenario is an example of the foudituation. Now that the

edge between nodes and 5 is absent, node can no longer be observed by the PMU at node 5.
Therefore a rearrangement of the placed PMUs needs to be done in theedrestands. On doing that,

the new locations for PMUs are found to be nodes and ¢ as seen in Figh.7c. Thus, in this case,
although a rearrangement of the PMUs was done to observe all the nodes, the total number of PMUs

required remained the same.

1 2 3 4 5 6 7
(@)

1 2 3 4 5 6 7
(b)

1 2 3 4 5 6 7
(©)

Fig.5.7: Sevennode networkdepicting the fourth scenario

In Fig.5.8a, another example is considered in which and the nodes on which PMUs have been
placed for complete observability of the original system @re and (. Similar tathe previous example,

the edge between nodes and 5 is removed to create two islands having four nodes each as shown in
Fig.5.8b. Since the removal of the edge results in nadeecoming unobservable, a rearrangement of
the placed PMUs is done to make it observable again. On dairigis realized that one more PMU is
needed for complete observability of the individual islands as shown irbBig.Thus, in this case, the

removal of the edge has caused an increment by one in the total number of PMUs required.
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Fig. 58: Eightnode networkdepicting the fourth scenario

Based on this analysis done here, a relationship can be defined between the number of etigesd
to create the sulmetworks and the number of extra PMUs required for complete observability of the

created subnetworks. The relatioan be expressed in the form of a Lemma as shown below

Lemma:lf one edge is removed to create two sudtworks,then, irrespective of the structure/topology
of the original network or the created suietworks, at most only one more PMU will be needed for

complete observability of the two suietworks.

In the aboveY SY A2y SR fSYYI I a2y S Y2 NBtcasescedarioytifeltofah G K I {
number of PMUs required for the complete observability of the two-satworks will be one more than

the optimal number of PMUs required for the complete observability of the original netWidrmzefore,

if branches are remved to createQislands, then thdargest factorby which the number of PMUs

required for complete observability of the created islands will exceed the optimal number of PMUs
needed is limited bya From the above analysis it can also be inferred thagual likelihood for all the
scenariods assumegthen one extra PNU will be needed for every fideranches that are removed. The

reason for this is that only in one of thetuations listed above is there a possibility of an extra PMU

being needed. Ths) as long as the number of branches removed to create the islands is kept to a
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minimum, the proposed approach is guaranteed to give rm#imal results. In accordance with this
realization, an algorithm is developed in the next section that createsdsldny eliminating least

number of branches
5.4 Branch Elimination and PMU Placement (BEPP) scheme

In the previous section, a bound was developed on the maximum error from an optimal PMU placement
solution. However, in order for this bound to be effectiag, algorithm is needed which can identify the
minimum number of branches that must be removed for creating the desired number of islands. Based
on the logic given in109], an algorithm is developed here that not only creates islands by removing
minimum number of branches but also computes for the optimal placement of PMUs in the created

islands under different system constraints.

The proposed Branch Elimination aR#MU Placement (BEPP) scheme comprises of three stages. The
first stage involves assigning weights to the different edges of the network. The logic followed for doing
so is that branches that have the highest probability of connecting nodes from two editfer
communities should have the highest weights. Although a variety of ways are possible for assigning
weights to the edges the one used|[itD9] was used here bewrise of its ability to create evengjzed
partitions while removing minimal number of edges. Once the branch with the highest weight is
identified and removed, a clustering algorithm is used to check for presence of islands. The clustering
algorithm idenifies nodes that belong to the same community and groups them together. If all the
nodes can be clustered under the same group, then it means that no island has been formed by the
removal of the highest weight branch and theighting scheme needs to be peated to identify the

next branch with the highest weight. Once the desired number of islands has been formed, the third
stage involves using binary integer programming to compute for an optimal PMU placement in the
created islands. Constraints like rediamcy in measurement of the critical buses of the network are
imposed at this stage. A flowchart of the BEPP scheme is provided §9Ridhile the pseudecode for
performing the optimization is illustrated with an exampleAippendix CThe three stageare described

in more details in the following sufections.
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Fig.5.9: Flowchart of the BEPP Scheme
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5.4.1Weightingscheme

The first stage of the proposed BEPP scheme involves identifying and eliminating least number of
branches to create desired number of partitions. Since the partitioning of a network into islands requires
the removal of the inteicommunity edges, for theisuccessful identification and elimination, these
edges must have the highest weights. One way to ensure that is by defining a measure for the number
of times an edge is traversed when going by the shortest path from if@deode Cor all ‘Gand 'QOn

doing so, the following two cases arise:

f Nodes@ndCare in the same community

1 Nodes@nd Gre in different communities

In the first case, for most networks, the inteommunity edges will not be traversed. The reason being
that inside a communityt is more likely that the shortest path between two nodes will be through
edges that lie in the community itself. However, for the second case, itraust that the inter
community edges are traversed. Now, as this process is repeated for all the inatiesnetwork it can

be surmised thathe inter-community edges will be travelled more number of times than the intra
community edges. The reason for this is that whenever nodes from two different communities would
need to be connected, they would be dorso by travelling through the intarommunity edges.
Therefore, by definition, the measure that is developed based on the number of times an edge is

traversed will be highest for the intarommunity edges.

The abovementioned concept is implemented in a three step process. In the first step, a symmetric
YFEGNRE OF f t SR diKSeatédSvBdskideerr @URGWYER (0 Sa (KS afRAadlryo
from node'@® ¢ KA & & R Andinintuyf du@iser ofbsancliek tBat have to be traversed to reach

node "Cstarting from nodeQIf nodeCcannot be reached from nod@then O "@Q is equal to zero.

Similarly, the distance of nod€rom itself is also zerdAfter the computation of the Depth matrix, ¢h

YSEG aiGSLI A& (2 RSTAydwhise aemé bl Hendiedztid Subilier of | (i NA E
shortestpaths that have to be traversed to reach no@om nodeQThe Vertex Number matrix is also

a symmetric matrix and can be computédm the Depthmatrix. The third step is the creation of the

62 SA3IKGEGE YFGNRED® ¢KAA A& GKS Y2ad ONHzOALFE &aiGSLI 068
to another. With the aid of Depth and Vertex Number matrices, the Weight matrix is created using the
scriptgiven in Fig5.10. In Fig.5.10, 0 denotes the¢-dimensional adjacency matrix of the network

denotes the source nodé@lenotes the destination node, antddenotes a node which lies in betweé®
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and’Q The ratiow "B "@Q is the index thatmeasures the number of times an edge has been
traversed. The variablé ¢ 0 & én$lies that the weight of the node furthest froifis the least and it
increases progressively as we move closer tow&d&e gradual increase is quantified by tlensof all

the weights of the downstream edges plus one to account for the decreasing depth, whole multiplied by
the ratio of the vertex numbersOnce the Weight matrix is computed, the edge having the highest
weight is removed from the network and the rd8nog adjacency matrix is set as an input to the

clustering algorithm described next.

¢ 1 HEEN T

"Hi "Hi "H
"Hi "Hi "H
AT OT ORAIOOT @A O
"Hi "Hi H
"Hi "HHL 7
Fig.5.10: Scriptfor computing the Weight matrix

5.4.2Clusteringalgorithm

The second stage of the BEPP scheme is the clustering algorithm. Its function is to detect and identify
created islands. It starts with the first element of the adjacency matrix and identifies thezaron
elements present in the first row (or column). Amzero entry in the "6Q position of the adjacency
matrix implies that there is a direct path froifdo "Gand so both'Cand (belong to the same island. Once

it comes across a narero entry, it travels along the corresponding column (or row) to search for other
non-zero entries. In this way, if all the nodes can be reached from the first node, it means that no islands
have beenformed by the removal of the branch identified in the previous -sabtion and that the

weightingscheme has to be repeated to identify the next branch to be eliminated.
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However, if there are nodes that cannot be reached from the first node by follotviagabove

mentioned process, then it means that an island is present. Then, in order to identify the nodes present

in the island, the smallest numbered node which could not be reached by the first node is set as the first
node of the new island and the &liering approach is repeated to identify other nodes which can be

NEIF OKSR TNRY (GKAa ySé aFANRGE Yy2RSO® ¢KAA LINRPOSaa
the number of islands formed is less than the number of islands desired, theneightingscheme is

run again to identify more edges that have to be removed. However, if the desired number of islands

has been formed, then the created islands along with the nodes present in each of them are set as

inputs to the binary integer optimizain technique described next.
5.4.3Binaryintegerprogramming

A methodology was developed fine previous chaptethat ensured observability of the most important
buses of the network undei pO2y i Ay ISy O& ONRUIGSNRA2Yy P® ¢ KASRA IR Bad OK
G2 GKS y2RSa GKIG ¢SNBE GONRGAOFEéod |1 A3IK @2taF3S
OGN} yaASydkReylFrYAO atGlroAfAGer FYRk2N LRGSYGALFIE avYl
y2RSa T2N (KA @eightifigdzRSaYds £{ ARYSCGiSBANG63E Baesinyt affect the relative

importance of the nodes of the system, tf@BBBIQechnique can be smoothly integratedlith the

proposed scheme. This is done by following a-$itep process as shown below:
Step 1:dentify criical nodes of theoriginalsystem.

Step 2:For the'Q island, identify the critical nodes present in it. Define a null vegtor having the

same length as the number of nodes in ti§e island. Set the locations of the critical buses as on
in L
in=

Step 3:Define a vectofHsuch that,
H "H xA Lg

In (6.2), "His a vector of ones having the same lengtikas and 0 is a scalar having any value greater

than one. The scalar weightensures priority in placement of PMUs on the critical nodes.
Step 4:The optimization criteria is defined as,
iﬁE TH& o)
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The constraints imposed 0b.Q) are

Ar H
5 5 4 U8

n

In 6.4), = is the incidence matrix of th& island anck & & is the number of nofzero elemens in
vector«. The incidence matrix is the same as the adjacency matrix except that its diagonal elements are

unity instead of zeres.

Step 5:If a critical node is not connected to any other node that has PMU on it, then define the node

immediately nexto that critical node as a critical node and repeat Steps 2 to 4.

By following these five steps for each of the created islands, an optimal PMU placement scheme can be
realized that guarantees redundancy in measurement of all the critical buses of therkelt is to be

noted here that the BEPP scheme developed in this chapter focuses only on complete observability
(depth zero) whereas the CBBBIO technique described in the previous chapter also computed higher
depths of unobservability. If need be, tligher depths of unobservability can be computed by using
(4.17) on the individual islands.

Since the communitpased partitioning technique has a woisdse time ofd ¢ for sparse graphs
[109], the maximum worstase time for partitioning a system inf@islandsish ¢ "Q ¢~ , which

is considerably less than ¢ forallé p TandQ ¢. Thus, by combining binary integer opiiration

with the communitybased islanding approach, a simple PMU allocation technique is developed that
provides reatime monitoring of critical buses of the network as well as ensures complete system
observability with reduced computational burden. Aiesy of power system networks were analyzed to
assesghe utility of this scheme. Its application to the IEEEbL4 system is described in great details in
the next section, while theresults obtainedon applying the BEPP scheme to larger and more

complicated power systemare summarized ifection5.6.
5.5 lllustration of BEPP scheme

In this section, the application of the BEPP scheme is demonstrated on the IHEHE dystem. It
consists of 14 buses and 20 lines as shown in the equivalent graph flEigrhe objective here is to
create two islands in this network based on the proposed scheme. The adjacency matrix of the original

network is shown in Fig. B2. The elements of the adjacency matrix indicate which buses are adjacent
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to one another. Fomistance, since bus 1 is only connected to buses 2 and 5, only (1, 2), (2, 1), (1, 5), and
(5, 1) elements of the first row and first column of the adjacency matrix are unity (rest of the entries in
the first row and first column are zeroes). A similar ¢ogi followed for obtaining the entries of the

remaining rows and columns.

%
4/% 123456 78 91011121314
6%
1 o[1]o]o]1]o]o]o]o]o]o]o]0]0
2 1]/ol1]1]1]o]o]o]o]o]o]0]0]0
3 o[1]o]1]o]olololo]o]o]o]0]0
4 o[1]1]ol1]ol1]o]1]0]0o]0]0]0
5 1[1]o]1]o]1]oo]o]o]o]0]0]0
6 o[oflofo[1]o]o]o]ofo]1]1]1]0
7 o[olol1]ololol1]1]0]0]0]0]0
8 o[ololololol1]o]o]o]o]o]0]0
9 o[olof[1]o]ol1]o]o]1]0olo]0]1
10 |o]ofo]ofo]o]o]o[1]0]1]0]0]0
11 [o]oJo]o]o[1]o]o]o]1]0]0]0]0
12 |o]olololol1]o]o]o]o]o]0]1]0
13 |ololololol1]o]o]o]o]o]1]0]1
14 |o]oJololofo]o]o]1]0]0]0]1]0

Fig. 512: Original Adjacency matrix of the IEEEbL4 system
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When this matrix is fed into theveighting scheme, the Depth, the Vertex Number and the Weight
matrices obtained as outputs are shown in Figs3%.15. The elements of the Depth matrix indicate

the minimum number of branches that must be traversed to reach one bus from another. For instance,
bus2 is directly connected to bus 1 and so the elements (1, 2) and (2, 1) of the Depth matrix are equal to
one, while bus 3 is connected to bus 1 via bus 2 and so the elements (1, 3) and (3, 1) of the Depth matrix
are equal to two. It is to be noted here th#éhe Depth matrix gives an indication of the depth of
unobservability of a network as defined in Chapter 4, Section 4.1.1. This is based on the fact that the
largest entry in a particular row (or column) of the Depth matrix indicates the depth of unaiskty

of the system if a PMU is placed on that row (or column) number. That is, if a PMU is placed at bus 2 (or
4, or 5, or 9) in the original network of the IEEEbi4 system, the depth of unobservability of the

system will be three.

A
/V% 12345678 91011121314
é%
1 o[1]2]2]1]2]3[4]3]4]3][3]3]4
2 1lofa[1]1]2]2]3]2]3]3]3]3]3
3 2[1]o1]2]3]2]3]2]3]4]4]4][3
4 2[1[1]ol1]2]1]2]1]2]3]3]3]2
5 1[1]2]1]of1]2]3]2]3]2]2]2]3
6 2[2]3]2]1]o[3]4a[3]2]1]1]1]2
7 3[2]2]1]2]3]ol1]1]2]3]4]3]2
8 4]3]3]2]34a]1]0]2]3]4]|5]4]3
9 sl2]2]1]2]3]1]2]o]1]2]3]2]1
10 [4]3]3]2]3]2]2][3]1]0]1]3]3]2
11 [3]3]4]3]2]1]3]4]2]1]0]2]2]3
12 [3]3]4]3]2]1]4]5]3]3]2]0]1]2
13 [3]|3]a]3]2]1]3]4a]2]3]2]1]0]1
14 [4]|3]3]2][3]2]2][3]1]2]3]2]1]0

Fig. 5.8: Original Depth matrix of the IEEE-fhds system
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Fig. 5.2 Original Vertex Number matrix of the IEEEbL4 system
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Fig. 5.5: Original Weight matrix of the IEEEl4s system
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The elements of the Vertex Number matrix denote the number of shortest frathmust be traversed

to reach one bus from another. For instance, there is only one shortest path between buses 1 and 3 (3
2-1) and so the elements (1, 3) and (3, 1) of the Vertex Number matrix are equal to one, while there are
two shortest paths betweebuses 1 and 4 (2-1 and 45-1) and so the elements (1, 4) and (4, 1) of the
Vertex Number matrix are equal to two. Next, the Weight matrix is created by following the logic
outlined in Fig. 5.7. The elements of the Weight matrix are a measure of theeiney that a particular

path has been traversed when travelling from one node to another node for all the nodes present in the
system. From the Weight matrix obtained (Fig.5, 1t is realized that branch-6 has the highest weight
(highlighted in red)and that it should be the first branch that must be removed. After removing this
branch from the adjacency matrix, the modified adjacency matrix is fed into the clustering algorithm. On
checking for islands, it is realized that no islands have been folloyethe removal of branch-6.
Therefore, the modified adjacency matrix is fed back into wWeighting scheme for identifying new

branches that must be eliminated in order to create the desired number of islands (in this case, two).

On repeating this pross two more times, branches3and 79 are identified as the branches with
successively highest weights as shown in Fig® &l 5.7 (highlighted in red, along with the zero
weights of the eliminated lines), and are subsequently removed. The new adjaceatrix obtained is
shown in Fig. 58 (with the changes from the original adjacency matrix highlighted in red). When this
adjacency matrix is fed into the clustering algorithm, it identifies two islands. The first island consists of
buses 1, 2, 3, 4,5, and 8 while the second island consists of buses 6, 9, 10, 11, 12, 13, and 14. From
this result it is realized that by using the commurigsed islanding approach, the IEEEb4 system

has been successfully partitioned into two egsi@ed partitiors. Next, the two adjacency matrices are

set as inputs to the binary integer programming section of the BEPP scheme (which is based on the
CBBBIO technique described in the previous chapter). When none of the buses are considered critical,
the numbers anddcations obtained for placement of PMUs are shown in Table 5.1 (first row). Next,
when bus 4 is considered to be a critical bus (with bus 2 identified to be the bus providing redundancy to
the measurement of the critical bus), the new numbers and locatamesagain found out (as seen in

second row of Table 5.1).
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Fig. 5.8: Weight matrix of the IEEE -bdis system after line-6 is removed
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Fig. 5.: Weight matrix of the IEEE -bis system after line-6 and line 49 are removed
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4/4,0) 123456 7 8 91011121314
6@,&
1 111]0|/0(1({0[0|0|0]0O|0O|0O[0O]O
2 1{1{1(1/1]0|0|0[0[0[0|0]0O]|O
3 0[1({1{1{0]0|]0|0[0[0[0|0]0]O0O
4 0j1]1{1|1{0[1|/0]0|0O|O[0O[O]|O
5 111]0|1(1{0[0|0|0]0|0O|[0O[0O]|O
6 0/]0]0{0|0Of1|/0|0]O|O|1[1[1]|O0O
7 0/0({0[21]0]0]1|1|/0{0[0|0]0]O0O
8 0/]0j0|0O|0Of0O|1]1]0|0|0O[0O[O]|O
9 0/0[{0[0]0|0]0|0|1(1[0]|0]|0]1
10 0j]0j0|0O|OfO|O|O]1]1|1[0[O0O]|O
11 0/0({0[0]|0]1]0|0[(0f1][21]0]|0]O0
12 0/]0|0{0|0Of1|/0|0]O|O|O[1[1]|O
13 0/0[{0[0]0|1]0|0|0Of0Of0O]2]1]1
14 0/0j0|0O|Of[Of[O[O]1]0jJO|0O[1]1

Fig. 5.8: Adjacencynatrix of the IEEE 14us system after removal of branche$54-9, and 79

Table 5.1: lllustration of BEPP Scheme for computing PMU placements by partitioning-HeEE 14

system into two islands

Using CBBBIO Technique

Using BEPP Scheme

Number of PMUs

Location of PMUs

Number of PMUs

Location of PMUs

When no bus is

considered critical

4

2,6,7,9

2,7,10, 13

When bus 4 is

considered critical

2,4,7,10, 13

2,4,7,10, 13

In Table 5.1, the results obtained using the proposed scheme is compared with the optimal results

obtained through a direct application of the CBBBIO technique. The comparison indicates that when no

buses are identified to be critical, the numbers of PMidguired remain the same for the two

approaches, but the locations differ slightly. This is because in this case when the BEPP scheme is used
to create the two islands, the fourth situation has occurred (as outlined in Section 5.3). Therefore, a
rearrangenent of the PMUs is needed for complete observability of the individual islands. However,

from the table it is observed that even though a rearrangement of the PMUs had to be done and three
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branches eliminated to create the two islands, no extra PMUs wegaired. In the second case, when

bus 4 is identified to be a critical bus, it was observed that the numbers and locations of PMUs required
remain the same for both the approaches. Thus, this illustration indicates that the proposed BEPP
scheme is a goodhoice for reaching a neaptimal (if notthe optimal) solution for PMU placement in
LR2gSN) a2aiasSy ySteg2N)laz SalLlSOAlLtte gKSYy dzaSR Ay 02
GAYRAOFGAZ2YE Aa (0SadSR 2y Il ggdtomh SGe 2F f+FNBS ySios

5.6 Simulation Results

This section summarizes the results obtained when the BEPP scheme is applied to a variety of power
system networks. The range of the systems tested varied from 14 buses to more than 1400 buses. For
the study done here, zerinjection (ZI) buses had not been removed from the test systems. Thus, the

PMU placements computed could be directly applied on the actual systems.

In the first set of simulations, the effect of the proposed partitioning scheme on the ratio of the
branthes removed to the total branches present is analyzed. The systems selected for this study are the
IEEE 14us system, the IEEE-BQs system, the IEEE-bds system, the IEEE 18s system, a 12Bus

model of the WECC system, a 288 model of the Cental American system, the IEEE 305 system,

a 750bus model of the Indian system, a 106ds model of the DominioKirginia Power (DVRystem,

a 1133bus model of the Indian system, and a 1418 model of the Brazilian system. No buses were
defined to ke critical for this analysis. The results obtained are shown irbHig. From the plots it can

be realized that as the size of the networks increase there is a decrease in the fraction of branches
removed to create the islands. This indicates that thé®BEcheme will become more and more
effective as the systems get bigger and bigger. Thebt&0and the 113®us were found to have
slightly higher ratios than expected because they were more meshed than usual power system

networks.
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Fig.5.19: Ratio of Banches eliminated to Branches present as number of islands is increased

In the next set of simulations, the effect of partitioning on the number of extra PMUs needed is
analyzed. Since thishapterfocuses more on large systems, the systems having mame 1900 buses

were selected for this study. In this simulation also, no buses were identified to be critical. The results
obtained are shown in Fich.20. From the figure it becomes clear that the number of extra PMUs
needed, as more and more partitions ameade, is much less. The reason for this observation is that of
the four possibilities identified in Sectiob.3, only one has the potential of adding more PMUs.
Therefore, although a large number of branches may have been removed to create the iskamads, it

effect on the total number of PMUs required for observability is very small.
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In the third set of simulations, the computation times required for performing the optimization using

the BEPP scheme is compared with the integer programming technique develofHd Tine power

systems used for this study are tHeEE 14us system, the IEEE-BQs system, the IEEE-Bids system,

the IEEE 11Bus systemthe 127-bus WECC systetthe 283-bus CentraAmerican system, the IEEE 300

bus systemthe 750-bus Indian systenthe 1133bus Indian system, arttie 1443bus Brazilian system.

None of the buses were considered critical for this analysis. For the BEPP scheme, the test systems were
partitioned into minimum number of islands greater than or equaltwm, such that the size of the
AYRAGARdzZ &t AatlyRa gl a tSaa dGKIFIYy pnn 06dzaSad ¢KS
Processor having a speed of 2.40 GHz and an installed memory (RAM) of 5.86 GB. The results are
provided in Table 5.2. Froifable 5.2, it becomes clear that for systems with more than 500 buses, the
computation times using the BEPP scheme is significantly less in comparison to the computation times
using the integer programming technique developedlh Of special emphasis are the computation

times for the 113%us Indian system and the 1448is Brazilian system, for which optimal PMU
placements could not be computed using the integasgrzamming technique by the original computer
SPSYy FTFOSNI t SGGAY3T AG NHzy F2N) mpnInnn aSO2yRao®

Processor having a speed of 3.40 GHz and an installed memory (RAM) of 64 GB) was used to compute
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for the optimalnumber of PMUs for those two systems. However, using the BEPP scheme, the original

computer was able to come up with a negptimal solution at a fraction of the time.

Table 5.2: Comparison of the proposed BEPP Scheme with the traditional Iptegeamming based

PMU placement algorithm

Using Integer
Using BEPP Scheme
Programmingd1]
System
Number of Time Island Details Number Time
PMUs (in seconds)| Number Size of PMUs| (in seconds)
IEEE 14us
4 0.13 2 7+7 4 0.02
system
IEEE 3®us
10 0.04 2 7+23 10 0.03
system
IEEE 5Dus
17 0.18 2 27+30 18 0.08
system
IEEE 11-8us
32 0.73 2 38+80 32 0.12
system
127-bus WECC
39 0.90 2 52+75 41 0.13
system
283-bus Central
_ 87 3.07 2 119+164 87 0.36
American system
IEEE 300us
87 4.04 2 87+213 88 0.79
system
750-bus Indian
161 3674.98 3 161+222+367 164 92.10
system
1133bus Indian
305 >150,000 3 310+363+46( 305 146.61
system
1443bus 66+243+2894
N 443 >150,000 5 444 150.51
Brazilian system 409+436

In the last set of simulations, the critical buses are identified and redundancy under the proposed

scheme is provided to them. The test systems used for this study an&EE# 18 bus system, the 283

118



bus system, theEEE300-bus system, the 750us system, and the 1138us system. The critical buses
were chosen based on their voltage levels and connectivity, as well as on the basis of the transient and
dynamic stability studies that were performed ohet systems. The number of partitions made was
based on system topology afmt computational ease. ThEEEE 118usand the [IEEE300-bus systems

were split into three islands. Since the 2B83s system represented the Central American Power
Transmission Netark comprising of six countries (Guatemala, Nicaragua, Honduras, El Salvador, Costa
Rica, and Panama), it was split into six islands. The 750 and thebt438/stems represented the
Northern-and-Eastern Power Grids of India and were partitioned such daah of the islands formed

had less than 500 buses. The results obtained for the test systems are shown irb.Bablem Table

5.3 it becomes clear that a neaptimal solution can be obtained using the BEPP scheme even after

considering critical busesabed on the CBBBIO technique.

Table 5.3: Number of PMUs required for different systems after considering critical buses

Optimal number of | Number of PMUs
Number of Number of
System PMUs using CBBBI{ using BEPP
islands created | critical buses )
Technique schene
118bus system 3 18 41 43
283bus system 6 29 101 103
300-bus system 3 22 97 98
750-bus system 3 68 202 203
1133bus system 3 74 344 344

Another observation that can be made from Table 5.3 is that the BEPP scheme provides a different
approach towards PMU placement in real systems. The CBBBIO technique described in the previous
chapter ensured that the depth of unobservability of the comelsystem decreased with every stage of

PMU addition. The BEPP scheme ensures that selective regions of the original system can become

completely observable independent of the observability of the whole system. This is especially
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important for systems likéhe Central American system which is composed of the electrical transmission
systems of different countries. In practice, it might be possible that one of the six countries in Central
America (courtesy of some help from the World Bank, etc.), would likelsdoe PMUs for complete
observability of their own transmission system, while still being connected with the rest of the network.
Under such circumstances, the BEPP scheme can be used to ensure that PMUs are placed optimally for
the individual country (aér islanding it from the rest of the system) while simultaneously keeping track

of the observability of the complete Central American network in mind. Thus, based on the simulations
performed in this section, it isealized thatusing the technique propesl here a flexible PMU
placement scheme can be developed that optimizes the benefits of having PMUs at strategic locations

of a large power system network without the assaethcomputational burdens.
5.7 Conclusion

This chapter introduces a partitionihggic that will create small networks from an initial large network,
with the smaller networks retaining the original structure/topology and which can be studied
individually, so as to get a coherent picture of the large network. Its use in dividingegolanger system
network into small islands for facilitating PMU placement is illustrated here. The partitioning scheme
identifies communities in the system by analyzing the connections between nodes/buses. After splitting
the network into islands, a crititdous based PMU allocation technique (CBBBIO technique) is used to
compute for the optimal locations in the individual islands. The main advantage of the proposed
approach is that PMU locations can be computed for large networks without performing anytype
topology modification/reduction. Thus, the results produced would be more accurate even with models
having low voltage inteconnections. To summarize, the proposed method is found to provide
genuinely good results for computing PMU placements in laaggems at reduced computational

effort.
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Chapter 6: Phasor Measurement Based Stress Assessment Metrics

In order to successfully monitor the health of a power system, it is necessary to constantly evaluate the
stresses that develop withinitdue to @S NBy & 2 LISNI GAy3 O2yRAGAZ2YaD [/ 2NJ
LINPEAYAGE G2 +y AyaSOdNB 2LISNIGrazy OFy 32 + f2y3
materializinginto reality. In this chapter, two synchrophasor based metricangle differene and

voltage sensitivity are proposetbr measurement and redlme monitoring of system stresses
interconnected power grids. The simulatiossow that by monitoring these metrics in rei@he, the
aeadsSyQa FoAtAGe (2 ¢ Aed €ad lelfofir out witd gréahabeliragywtyfin O2 y (i A y
which these metrics can be monitored throughalytic and visualizatioplatforms ¢ such asRealTime

Dynamics Monitoring Systém(RTDM$ a synchrophasor based software applicatifil?] is also

shown The proposed metrics ar®und to bevery effective for reatime static and dynamic stress

monitoring as well as for operator training.
6.1 Stresses in a powelystem

Modern power system has evolved from a local control area to a regional market. This evolution has
brought new problems related to wide area grid stresses that have to be dealt with idimeal
Similarly, the decentralized mode of operation of pveystems as well as the exponential increase in
regional power transfers has resulted in the system facing levels of stress over large areas that it has
never experienced before. Under such circumstances for a reliable operation it is important that stat
and dynamic stresses of the system over a wide area be monitored HimealThe base loading of the
system constitutes static stress. It refers to the normalfpomtingency state of the system. Dynamic
stress refers to the event/contingency that tleystem is subjected to. With the aid of PM[8%$, it is

now possible to assess phenomena like these inties.

PMUs placed at strategic locations in the powgstem provide magnitude and angle measurements of

voltages and currents. By using these measurements, different metrics can be developed for evaluating

the state of the systemaswell @2 NJ S&aGA Yl GAy3 AG& G LINREA XHaleg ¢ G2 |
it will be shown how angle differences and voltage sensitivities can be used as effective indicators of
system stress. The full model of WECC is used as the test system for this analysis. Two types of stressed

conditions are simulated. In the firsase, a large amount of generation is dropped in the South and the

! Built upon GRIBP® platform. US Patent 7,233,843, US Patent 8,060,259, and US Patent 8,401,710. ©2013
Electric Powr Group. All rights reserved.
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resulting effect on the angle differences between two buses located across the network is examined.
The second case is composed of two parts: in the first part, a small amount of loatk&settin the
South for different base loading conditions and its effect analyzed through a study of the voltage
sensitivity. In the second part, a significant portion of the load is dropped in the North for different base
loading conditions and its effeon the resulting oscillations is investigatétis to be noted here that in

the simulations performed, South and North refer to the Southern and Northern halves of the WECC.
6.2 Two metrics for assessing system stress

In order to analyze stresses inygical power system, two metrics are proposed here. The first metric

angle difference between two buses, is relevant for buses that lie on opposite ends of the network. For

this metric, the large generators and load buses are potential candidates. @benrdeing that since

GK2aS o0dzaSa OG0 Fad Gaz2dzNOSada¢ YR aaiylaedzr NBALISC
measure of the stress lying in the systémrbetween. The second metrigvoltage sensitivityof a bus is

relevant for buses that lién the middle. This metric is especially useful for buses that have been
(historically) found to be prone to voltage collapse. More details about these two metrics are provided

along with simple illustrations in the following sgbctions
6.2.1 Angle diffrence as a measure of system stress

Sysem operators use poweclrrents as indicators of system stress. A variety of alert/alarm limits
establishedfrom baselining studies are based on the power flowing in the lines. Similarly, relay trip
settings are usally set based on current values. However, study of recent power system outages has
shown that monitoring the power/current alone is not a reliable measure of system stability. For
instance, in the September 8, 2011 San Diego Blackout, the situation nveorsaver 6 phases (11
minutes) because the breaker across the 500kV line between Hassyampa and North Gila could not be
reclosed[113]. The reason why the breake2azf R y 23 0SS Of 2aSR ¢l & RdzS {2

present across it.

Using voltage angles obtained from PMUs for decision making has already been suggested in literature
[35][44]. In this chapter the importance of monitoring angle difference between certain buses of the
network in reaitime will be demonstrated. Fig$.1 and 6.2 depict two scenarios of a twas power
system model. Bus 1 is a generator bus while Bus 2 is a load busmiplicity, it is assumed that the
system is lossless. As such, the generator bus generates 2400 MW of power which is transfdwed vi

identical transmission lines (1200 MW each) and is consumed by the 2400 MW load. Let us also assume
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that the individual lines have a rating of 2500 MW, so that even when only one of the two lines is in

service, it is possible to successfully trangifier full power to the load.

Vi=1p.u. Vo, =1p.u.
1200 MW
>
2400 MW 2400 MW
Bus 1 Bus 2
>
1200 MW
61 = 60° 6, = 30°

Fig. 6.1Two-bus system with both transmission lines in service

Vi=1p.u V,=1p.u
2400 MW
>
2400 MW 2400 MW
Bus1 Bus 2
>
o<
6, =80° 6, = —10°

Fig. 6.2Two-bus system with only one transmission line in service

In the first scenario (Fi@.1), both lines are iservice and for a given value of lireactance, the voltage
angles of the two buses are 60° and 30°, respectively. Therefore, the angle difference between the two
buses of the system under normal conditions is 3@the second scenario (Fig. B.the second linés

tripped due to an unforeeen event. Now, since the first line is capable of transferring the full power, a

study ofonlythe power flow wouldndicate that the system im a relatively stable condition. However,
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the instant the second line goes out, in order to transfer the same amount of power to the load, the
angles of the two busewill changefrom 60° and 30° to 80° and0°, respectivelyFig. 6.2)Hence an

angle difference of 90Rill now existacross thewo buses. Since usual relayS G G A y3a R2y Qi | f €
of a line when the angle differences are in excess of 60°, it cautmeisedi K+ & G KS aaSO02yRé¢
not come back into service unless the loading is reduced. But since monitoring the powemadald

not indicate this stressed condition, it is possible that the loading would not be reduced in time to allow

the line reclosire to take place and that further damage will occliihus, fom this example it can be

concluded that reatime monitoring d angle differences is a better indicator of the actual stress on the

system in comparison tustthe power flows.
6.2.2 Voltage sensitivity as a measure of system stress

Voltage sensitivity is defined as the ratio of the change in voltage magnitude of a bus with respect to the
change in power flowing in a lif@14]. Usually meased in"Q¢p mir w, it can give early warnings
about deteriorating voltage conditions. For the tdos system shown in Fi§.1, the voltage sensitivity

of bus 1 with respect to the power flowing between buses 1 and 2 will be,

, 3W

w o 0P

Thus, by definition, the voltage sensitivity is the slope of thec®Ve (nose curve). Similar single
differences across two buses in a network, voltage sensitivity of key buses can also indicate (in real
time), the proximity of a system to an unstable operation (voltage collapse). However, unlike angle
differences which are most relevant when theawuses lie on different ends of a network, voltage

sensitivity of buses lying in the middle are most significant.

Fics. 6.3 and 6.4use the example of a beafralance to explain this concept. A general power system
network can be thought of as a combiraii of different bearrbalance systems with sufficient supports
provided at either ends of the beam. In electrical terms, the support refers to the injectedhxgiere
Reactives (VARS) at the sending and receiving end$.Bghows the state of the beamnder normal
conditions. A dynamic event (such as a contingency or an outage) can be represented by a downward
arrow on the beam such as that shown in Fgl. Since the deformation of the beam will be most
severe at the point of impact, it can be reatizhat the most vulnerable region with respect to voltage
collapse will be the mighortion of the system. Thus, voltage sensitivity of buses which lie in the middle

of the network should be monitored in retime.
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A

Fig. 6.3Normal operating condition

4

Fig.6.4: Stressed operating condition
A recommended safe interval for voltage sensitivity of a 500kV bus under normal conditions is
TQ@ Mt ® 8T UQBp 1T it o

If the value goes belowrT, it is an indication that the voltage is nearing the tip of the nose curve,
whereas, if it becomes more tharm@t v it indicates that the voltage is overyompensated. An over
compensated voltage is not good because it means that the voltage profile would be flat even when the
power flow is increasedanakingthe system vulnerable to sudden voltage collapse. Thus, monitoring
voltage sensitivity with change in power flow in reimhe will also aid in efficient deployment of VAR
supports. The next section summarizes the simulations that were performed to illustrate the use of

these two metrics for analyzing different system events.
6.3 Simulations performed using the WECC system

WECC is the regional entity responsible for coordinating and managing bulk electric system reliability in
the Western Interconnection. itovers a region extendinjom Canada to Mexigancluding provinces

of Alberta and British Columbia, northern portion of Baja California, Mexico, and all or portions of the
fourteen stateslocated West of the Rockies. Due to the wide area covered and diverse characteristics of
the region, it faces unique challenges in @ioating the dayto-day interconnected system operations

and the long range planning needed to provide reliable electric service across nearly 1.8 million square

miles[115]. A 10,000+ busnodelof the WECC systemasused forthe analysigione here

In this chapter, two types of stressed conditiorsse investigated to assess the performance of angle

difference and voltage sensitivity as measures of stress onsjtaem. In the first set of simulations,
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corresponding to different levels of static stress, dynamic stress in the form of outage of generating
unit/s is explored. In the second set of simulations, the Calife@regon Intertie (COI) is stressed by
increasing generation in the north and loads in the south. Then, two load changes are simulated (one in
the South and the other in the North) for different levels of COI stress and its effects are analyzed using

angle difference and voltage sensitivity plotaeTesults obtained are summarized below.
6.3.1 Generation drop in the South

In this simulation, three scenarios were created for the WECC system corresponding to three different

levels of static stress. The three levels were:

9 Lightly loaded system
1 Mediumloaded system

1 Heavily loaded system

The angle difference between Grand Coulee in the North and Devers in the South was used for
guantifying system stress. If the WECC system was aspasg system with the large loads/generators
being the masses and theansmission lines being the springs, then the center of mass for the northern
half would be located around Grand Coulee whereas the center of mass for the southern half would be
located around Devers. It is because of this reason that the angle diffetetaeen these two buses

would give an accurate estimate of the wide area system stress. As such critical node pairs can be
identified in different power system networks; the measure developed based on this concept will be

applicable to other networks asedl.

For a lightly loaded system, the peentingency angle difference threshold between Grand Coulee and
Devers was set at 65°. For a medium loaded system, the angle difference threshold was between 65°
and 90°; while an angle difference of above 90° w@ssidered a heavily loaded system. The dynamic
stress was quantified by the outage of Palo Verde (PV) generator units. There are three units at PV with
each unit generating approximately 1370 MW. The methodology followas to trip one or more of

the units for each of the three scenarios one minute after the start of the simulaaiath to observe the
resulting behavior of the systerfor the next eleven minutes or until the system collapséd all the
simulations, the angle difference between Grand Cowad Devers was monitored for assessment of

system stress. The results obtained are shown in Bi§$6.13
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Angle Difference between Grand Coulee and Devers

Angle Difference between Grand Coulee and Devers
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Fig.6.5: Outage of on®V unit for a lightly loaded system
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Fig.6.13: Outage of thre®V units for a heavily loaded system

Figs. 6.5.7 depict the outage of one, two and three units respectivelyd lightly loaded condition;
Figs. 6.8.10 depict the outage of one, two and three units respectively for a medium loaded condition;
while Figs. 6.1:6.13 depict the outage of one, two and three units respectively for a heavily loaded
condition. FromFigs. 6.5-6.7 it is realized that a lightly loadeystem(having an initial angle difference

of 62°)is able to successfully withstd outage of three PV units. Frofigs.6.8-6.10 it is realized that a
medium loaded systenthaving arinitial angle difference of 88J is able to withstand outage of two PV
units but collapses when three units go ofrom Figs.6.11-6.13 it is realized that a heavily loaded
system (having amitial angle difference of 105%% able to withstand the outage of only one PV unit.

From the plots given in Figs.5-6.13 the following observations can be made:

1 The model of the WEC@stemthat had been used for the studyg stable up to amnitial angle
difference of 135between Grand Coulee and Devers

1 Theinitial angle differencébetween 135° ad 150° is the transition phase (vulnerable stage
a clear demarcation between stability/instability cannot be made

1 The model of the WECGstem used for the studyis likely to collapse if thénitial angle

differencebetween Grand Couleand Deverexceeds 150°
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In these observations, initial angle difference refers to the highest angle difference between Grand
Coulee and Devers right after the dynamic evdfibm this analysis, it can be concluded that a high

static stress limitsasysteda | 0 Af A& (2 KIyRfS KAadystenkidoperatidgO & i NB
at a static stress ah wherewis the precontingency angle difference betwedwo critical node pairs

then it can successfully bear a dynamic stress afherewis angle by which the dynamic event affect

their angle difference, such thab « @, wherea is the angle difference limibetween the critical

node pairsthat the system can bear. Therefore, for a gigerigher the value ofvlesser will be the

valueof w3 and viceversa.Thus,by monitoring angle difference between different critical node pairs in

reati A YSZ 2yS OFly OF LIWGidNB | 48adGSYQa LINRBEAYAGE G2 o
6.3.2 Sequential increase in loadingGa#liforniaOregon Intettie (COI)

The COI comprises of three 500kV transmission e lines between Malin and Rourddountain,

and one line between Captain Jack and Olifidee rated power flowing in these three lines is 4800 MW.
For this set of simulation, thflow was increasd from 4&0 MW to 580 MW and then to 630 MW in

two steps. Thighange in the loading was brought about by increasing generation in the North and loads
in the South.Although for simulation purposes, this stress was atrtificially created, in realityyya ve
severe contingencgandrive the COI flows to such high levdisich of the loading & (i NFBcandit®isé
lasted 5 min. resulting in a total simulation length of 15 min. Two different dynamic events were also
applied to the system one min. after the stand their effects analyzed for the three loading conditions.

The results obtained are as follows.
6.3.2.1 Load increase in the South

In this simulation, the loading of one bus in the South was increased by 100 MW independently for each
of the three loadhg conditions. Theesultingangle difference between Grand Coulee and Devers is
shown in Fig6.14. From the figure it becomes clear that: (a) the damping of the oscillations decreased
considerably as the loading on the system increased (red ovals)bamndhen the system is stressed,
small changes in system conditions have much bigger impacts (black ovalslalirh®@00kVbusvoltage

was next monitored to test for its sensitivity with respect to change in COI flows. The results are shown
in Fig.6.15 The outer loops denote the transient swing following the changes in the COI loading
whereas the solid red line depicts the best quadratic fit. The slope oftitid red line denotes the
voltage sensitivity of Malin 500kV bus. From the figure it becomessr ¢that the slope would increase

(become more negative) as the system moves closer to the-pose. Therefore, by monitoring the
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voltage sensitivity in redime and setting alert/alarm thresholds based on its values, protective

measures can be develogé¢hat will indicate system stress and possible collapse in advance.
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Fig. 6.140scillations in angle difference between Grand Coulee and Devers for 100 MW dogakein
the South

6.3.2.2 Load decrease in the North

In this simulation, 440 MW of load was dropped in the North and the resulting oscillations were
analyzed for the three COI loading conditions. Bi@6 shows the oscillations in the angle difference
between Grand Coulee and Devers while Bid.7 shows the variation in voltage magnitude of the
500kV Malin bus with respect to change in COI flow. From6Hi§.it can be seen that the oscillations
that resulted from the load drop take longer time to die out as the system becomes more and more
stressed. Theane fact is reflected in the voltage sensitivity plot of Big7 which shows that the slope

becomes increasingly negative with increase in stress. Thus, from these two simulations it can be
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inferred that different types of stresses can be accurately yae by studying the angle difference and

voltage sensitivity metrics in reéime.
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Fig. 6.15Voltage sensitivity of 500 kV Malin bus as a function of the flow in the COI for a 100 MW load

increasen the South
6.4 Integration with RTDMS

The simulatios summarized in the previous section were created using S&tware which is a power

flow simulatordeveloped by GE.16]. Theprimaryadvantage of using simulted data in comparisoto

realworld data are:

1 Extreme events do not happen often enough to provide learning opportunities and hence

simulations can be used to tesbntingency scenarios

9 By using simulations, one can control the quality of the input dgtlaere are no data drouts

or stale/repeated values in a simuian, unless inserted knowingly
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obtained from simulations was used. Moreover, simulated dd&o grovided flexibility in terms of

analysis and control (time and occurrence of event, region of study under test,Htovever, since the

ultimate goal is to test the utility of the proposed metrics with actual PMU data in real systems, an
interface was built in MATLAB to integrate the simulations donehi@ previous section with RTDMS

which isan analytic and visualization platform developed lgcEic Power Group (EPG)More details

about RTDMS and the integration process are provided in theafisigpsubsections.
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Fig.6.16:0scillations in angle difference between Grand Coulee and Devers for ddoaghseof 440
MW in the North

6.4.1 Real Time Dynamics Monitoring System (RTDMS)

Investigations into major blackouts have concluded that tilability of reatime, wide area
situational awareness is critical for reliability operations. Developed by EPG in early 2000, REDMS

synchrophasor based software applicatitivat addresses this critical need. It provides rtiale, wide
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area situgional awareness to Operators, Reliability Coordinators, Planners and Operating Engineers and
has beenextensively used for monitoring dnanalysis of the power systefi17]. RTDMS has been
designed and built specifically for working with higlsatition time synchronized data and has been
upgraded over the years with new features and functionalities based agnsixte industry feedback,

research outcomes, and real world user experiences from field testing.
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Fig.6.17:Voltage Sensitivity of 500kV Malin bus as a function of the flow in the COI for ddoaghse
of 440 MW in the North

Some of the metrics thaRTDMS has the capability to monitor and dispéag:

Voltage Magnitude and Angles

Angle diferences between different bies

Power flows (MW, MVARS)

Oscillations (Frequency, damping and energy) and their detection

Voltage and Angle sensitivities

=A =4 =4 =4 4 4

Alarms, ¢c.
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Fig. 6.18 gives a snapshot of the RTDMS building blocks and functiorjalit@sRTDMS 2012 is the

latest version of the software application and it has tbikowing features:

=A =4 =4 =4

Multi-layer map givingquick access to different data metrics providing watea realtime

visualization
Providingclustering and delustering zoom in functionality
Mouse over feature allowingperators to drill down to get more deitad information

Highspeed refresh rate trending charts

Ability to use default displays or customize to meet operator preferences or situational

circumstances

RTDMS Event Analyzer providangnapshot of critical location and information associated with

ay SOSyil @Al WwWeStfz2¢ LIRLI dzLJaQ YR RNRT f

Display builder alloimg users to create and save individual displays

Integration with Pl & EMS to exchange data and information between systems

Reporting
®Data input/output - standard C37.118 ®PMU Performance ®Event Files
format Baseline - Trends ®Replay
®Open Architecture Alarms Logs

®Event Analysis - Forensic
Disturbances
®Performance Analysis

®|ntegrate data sources, e.g. FNET
®Modular build - ability to plug in new
functionality, algorithms, monitoring
tools/techniques

Monitoring/Algorithms/
Metrics

®\oltage - Magnitude & Angles
®Angular Separation
®Frequency

®Real and Reactive Power
®Small Signal Stability

(% Damping)
Voltage/Angle Sensitivities

Real Time Alarming

@Real Time Alarming on Threshold
and Rate of Change Violation
®Engineering Thresholds or Mandatory
Standards

® Automatic Notification

@ Configurability

Data Hub
®Dashboard Display ®Data Collection 4
eTiered Visualization Architecture ®Pre-Processing LAk COMRGUERTY B S0V
®\Wide-Area Displays ®Archiving & Access ®Local Configurability on Clients
eLocal Displays e (ol Faciliies “plug-n-play”Allows for

= = Confiqurabili online m_odﬁcationslexpansion as
CORN AR ODatg Filtersty new devices as added or removed

Fig. 6.18: RTDMS building blocks and functionalities
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6.4.2 Interfacing with RTDMS

As described in the previous sshction, RTDMS has the ability to monitor angle differences and voltage
sensitivities in reatime. Accordingly, an interface was built so as to integrate the simulations performed
in section 63 with RTDMSThe role of the interface was to reorganize the data obtained from PSLF into

a format that is compatible with RTDMS (IEEEX1B).This mst-processing of the data involved:

Providing proper headers and tingtamps
ComputingQ TQ o

Converting angles from radians to degrees

=A =4 =4 =4

Saving results in a comma separated value (CSV) file

Once the interface was built, the outputs of the PSLF simulations were fed into RTDMS. Identical results
were obtained for all the test scenariobBhe RTDMS snalpots depicting the more important results are
provided in Figs. 6.18.33 with Tables 6.1 and 6.2 summarizing the effects. Figs-662Bcorrespond

to the outage of PV unit/s for different levels of static stress (Section 6.3.1), while Fig$. &22@&pict

the system state as the COlIl is progressively stressed along with a 100 MW load increase in the South
(Section 6.3.2.1). Fig. 6.33 shows how the alarm panel in RTDMS will respond as the system conditions
worsen for the scenario described in Figs. 6628. Figs. 6.19 and 6.20 show the Grand CeDleeers

angle difference and the 500kV Malin voltage, respectively, as three PV units trip in a lightly loaded
condition. As can be seen from the plots, although there is a high angle difference between Grand
Coulee and Devers and low voltage at Malin (indicating that the system is in a vulnerable state), there is

no system separation or voltage collapse.

Figs. 6.21 and 6.22 show the Grand Coidesers angle difference and the 500kV Malin voltage,
respectivdy, as two PV units trip in a medium loaded condition. As can be seen from the plots, although
there is a higher angle difference between Grand Coulee and Devers and lower voltage at Malin than the
previous two figures (indicating that the system is ineaen more vulnerable state), there is no system
separation or voltage collapse. Fig. 6.23 and 6.24 show the Grand dbeNees angle difference and

the 500kV Malin voltage, respectively, as three PV units trip in a medium loaded condition. As can be
seenfrom the plots, the 500kV Malin voltage collapses and the system separates. Moreover, it is also
realized that since the system takes more than 30 seconds after the initiating dynamic event before the
collapse occurs, if automatic load shedding schemegparén place which will operate within that time

frame (30 seconds), then the collapse can be avoided.
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Figs. 6.25 and 6.26 show the Grand Coidesers angle difference and the 500kV Malin voltage,
respectively, as two PV units trip in a heavily loadetdmn. As can be seen from the plots, the 500kV
Malin voltage collapses and the system separates. However, in this scenario, the system took more than
60 seconds after the initiating dynamic event to collapse, indicating that if an automatic load sheddin
scheme is put in place that will operate within that time frame (60 seconds), then the collapse will be
avoided. Figs. 6.27 and 6.28 show the Grand Coddesers angle difference and the 500kV Malin
voltage, respectively, as one PV unit trips in a hgdeéded condition. As can be seen from the plots,
although there is a high angle difference between Grand Coulee and Devers and low voltage at Malin

(indicating that the system is in a vulnerable state), there is no system separation or voltage collapse.

Figs. 6.29.32 show how the increase in COIl power flow affect the Grand G@éeers angle
difference, the 500kV Malin voltage, as well as the voltage sensitivity of 500kV Malin bus w.r.t. COI.

From the plots, it is observed that:

1 Asthe COI flow is ineased, the widearea angle difference increases. This implies that the grid
stress increases as the COIl loading is increased.

1 As the COI flow is increased, the 500kV voltage at Malin decreases. This implies that the system
is developing a critical stressipt at Malin.

1 Asthe COI flow is increased, the voltage sensitivity of 500kV Malin bus w.r.t. COl becomes more
YySAtGAPSd ¢KAA AYLXASa GKFG GKS AyONBIFaSR adN
LRAYyGE 2F GKS t+ OdzNBSo®

Fig. 6.33 displays tredarm panel in RTDMS that will depict the state of the system corresponding to the
events captured in Figs. 6.832. The rows of the alarm panel indicate the metric that is being
monitored, while the columns indicate some of the large utilities/sabions present in the WECC. The
color yellow denotes that a metric has exceeded its alert threshold, while the color red indicates that a
metric has exceeded its alarm threshold. The threshold values are obtained from thdirEaséudies

that have been prewusly performed on the system. As can be seen from Fig. 6.33, the base case
condition has none of the indicators activated, thereby implying that the system is in normal condition.
When the COl loading is increased to 118% (power flow increased to 5680thNollowing indicators

are activated:

1 Indicator for the angle difference metric for Pacific Northwest is in red (alarm)

91 Indicator for the angle difference metric for Southern California Edison (SCE) is in red (alarm)
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1 Indicators for MW and voltage satigity metrics for Pacific Northwest are in yellow (alert)
1 Indicators for angle difference, MW, and voltage sensitivity metrics for Pacific Gas & Electric

(PG&E) are in yellow (alert)

In the last panel, when the COI loading is increased to 133% (poweirftoeased to 6370 MW), the

following indicators are activated:

9 Indicators for angle difference, MW, MVAR, and voltage sensitivity metrics for Pacific Northwest
are in red (alarm)

91 Indicators for angle difference, MW, and voltage sensitivity metrics faififaGas & Electric
(PG&E) are in red (alarm)

9 Indicator for the angle difference metric for Southern California Edison (SCE) is in red (alarm)

9 Indicator for MW metric for Desert Southwest is in yellow (alert)

9 Indicator for MW metric for Southern CalifoanEdison (SCE) is in yellow (alert)

Based on the above observations, it is realized that the number and severity of the metric state
indicators (alerts/alarms) increase as the system stress increases (for this case, increase in loading of
COl). Thus the edt/alarm panel of RTDMS is an excellent tool to visualize the state of a system-in real
time. Table 6.1 summarizes the effect of Palo Verde unit trips on the WECC system (based on Figs. 6.19
6.28), while Table 6.2 summarizes the results depicted in &i@36.32. To conclude, the interface that

was built for integrating the PSLF simulations with RTDMS was found to produce the desired results.
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Fig. 6.19: RTDMS snapshot of Grand Cebeers Angle Difference for outage of three PV units in a
lightly loaded condition
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Fig. 6.20: RTDMS snapshot of 500kV Malin Voftagautage of three PV units in a lightly loaded

condition
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Fig. 6.21: RTDMS snapshot of Grand Cebeeers Angle Difference for outage of two PV units in a

medium loaded condition
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Fig.6.22: RTDMS snapshot of 500kV Malin Volfageutage of two PV units in a medium loaded

condition
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Fig. 6.23: RTDMS snapshot of Grand Cebkeers Angle Difference for outage of three PV units in a

medium loaded condition
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Fig. 6.24: RTDMS snapsbb500kV Malin Voltagéor outage of three PV units in a medium loaded

condition
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Fig. 6.25: RTDMS snapshot of Grand Cebieeers Angle Difference for outage of two PV units in a

heavy loaded condition
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Fig. 6.26: RTDMS snapshot of 500kV Malin Voftageutage of two PV units in a heavy loaded

condition
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Fig. 6.27: RTDMS snapshot of Grand Cebeeers Angle Difference for outage of one PV unitin a heavy

loaded condition
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Fig. 6.28: RTDMS snapshot of 500kV Malin Voftageutage of one PV unit i heavy loaded condition

143



Power Flow - COI
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Fig. 6.29: RTDMS snapshot of Power flow in COI as the COI flow is increased along with a 100 MW load

increase in the South

Fig. 6.30: RTDMS snapshot of Grand Cebieeers Angle Difference as the COI flow is increased along
with a 100 MW load increase in the South

Fig. 6.31: RTDMS snapshot of 500kV Malin Voltage as the COl flow is increased along with a 100 MW

load increase in the South
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