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Preface

The preface of "Power System State Estimation" introduces the fundamental significance of state
estimation in modern power systems, emphasizing its role in ensuring reliable, secure, and
efficient grid operations. It sets the stage by discussing the challenges posed by the increasing
complexity of power systems, driven by the integration of renewable energy sources, dynamic
loads, and evolving grid infrastructure. The authors highlight the need for accurate, real-time
system monitoring to support decision-making in control centers, addressing issues like fault
detection, load forecasting, and system optimization.

The preface also touches on the mathematical foundation of state estimation, including
techniques like weighted least squares (WLS) and Kalman filtering, while acknowledging
advancements in computational methods and sensor technologies. It prepares readers for a blend
of theoretical concepts and practical applications, making the book relevant for students,
researchers, and professionals aiming to navigate the complexities of modern power systems.
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Energy Management Systems

In any dwclopcd country, more than one-third of energy consumed is in the
form of electrical energy. The modern-day power systems are responsible for
generating, transmitting, and distributing electric encrgy. To manage such
large and complex systems, computer-based monitoring and control is es-
sential. The management system for computer control of a power system is
known as a control center or energy management system.

A modern energy management system performs many functions, such
as automatic generation control, system security functions, and economic
scheduling [1-3]. The functional diagram of a modern energy system is
shown in Figure 1.1. As can be scen from this diagram, the functions of en-
ergy management system can be grouped into three categories:

1. Data acquisition and processing;
2. Energy/economy functions;

3. Security monitoring and control.

In this book we are mainly concerned with the role of state estimation
in power system security monitoring and control.

1.1 Real-Time Control of a Power System

Modern day power systems are divided into various areas. Each of these ar-
eas 1s gf:nerall}' interconnected to its neighboring arcas. The electric power
systems interconnect because the interconnected systems are more reliable.
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security may be explained as the probai}ilit}f of the system operating point
remaining within given aeceptable ranges under conditions of contingencies.
It is a function of time and of the robustness of the system with respect to
imminent disturbances. The notion of security is the basis of all real-time
monitoring and control in toclay’s power systems. The worl(ing definition of
security is in terms of the system state. The system state is a compact descrip-
tion used to summarize key information about the system; once the system
state is known, it can be used to eXpress any variables of interest.

A state in terms of power system security is classified as being one of
three or four possible conditions: emergency, restorative, or normal. A nor-
mal state is classified when all operating constraints and load constraints are
satisfied. An emergency state 1s one in which one or more of the physical oper-
ating limits are violated (e.g., line overloads, over/under voltages, over/under
frequency). A restorative state is one where one or more of the loads are not
met {partial or total blackout), but the pzrrrz':rf system is operating in a normal
state. The fourth state of the system is a condition when the power system
loses stability and results in rotal blackout. The notion of security is defined
with respect to a set of credible contingencies. A normal state is secure if all
postulated contingencies result in secure normal operations; if a disturbance
transitions the state into emergency, the state is insecure with respect to that
contingency. This definition is well aligned with the intuitive notion that a
secure power system is one that has low probability of blackout or equipment
damage. The principal role of power system control is to maintain a secure
system state (i.c., to prevent the system state from transitioning from secure
to emergency over the widest range ofoperating conditions).

As the demands for reliable electric power became greater, and as la-
bor became a more signiﬂcant part of the cost of provicling electric power,
technologies known as supervisory control and data acquisition (SCADA)
systems were developed that would allow remote monitoring and even con-
trol of key system parameters. SCADA systems began to reduce and even
eliminate the need for personnel to be on hand at substations.

Early SCADA systems provided remote indication and control of sub-
station paramcters using technology borrowed from automatic telephone
switching systems. Data rates on these early systems were slow—data was
sent in the same manner as rotary-dial telephone commands, at 10 bits per
second—so only a limited amount of information could be passed using
this technology. Presently a full-ﬂedged SCADA system is made up of sig-
nal hardware for input/output, networks, control equipment, user interface
(sometimes called the human-machine interface or HMI), communication
equipment, and the software to go with it all. The central system of SCADA



* Short medium and long term load forecasting

* System planning;

* Unit commitment and maintenance scheduling;
* Security monitoring;

* State estimation;

* Economic dispatch;

L Load frequency COH[’[O].

13 Security Analysis and Monitoring

The most important concern for any electric utiiiry is the security and sta-
bility of the power system. Power system security Is the ability of the power
system to withstand disturbances without interrupting the power supply and
compromising the qualiry. In security applications the disturbances are more
commonly called contingencies. The security assessment study is performed to
check the vulnerability of the system against postulated contingencies on a
real- or near real-time basis. A typical power system 1s never in steady state 1n
the true sense because loads and generation patterns are continuously chang-
ing. Apart from this, the power system may be subjected to major distur-
bances such as equipment outage, loss of transmission line, or sudden changc
n large load. If any contingency occurs that results in violation of the toler-
ance limit of any equipment, it is automatically switched out of the system by
protection devices. This event may be followed i}}f a series of further actions
that may switch other equipment out. Sometimes it may result in a cascading
effect and ultimately the collapse of the system, resulting in a blackout

Dy Liacco in 1967 identified that a power system may be operating in
three possible states. These states are defined as the normal state, emergency
state, and restorative state, as described earlier. In the €mergency state, it is
important to relieve the stress on the components that are working beyond
their normal limits. Here the economics ofoperation is not relevant. In the
restorative state, some portion of the system has lost power and the main
objective is to restore the power as quickly as possible and bring the system
back to the normal starte.

There are three major components of power system security assessment

[5]:

1. System monitoring;



Power Flow Equations

21 Power System Representation

Power flow problems, also known as load flow, are the heart of most power
system plamling studies. In order to study the opcrational features and elec-
trical performance, the power system is assumed to be working in a symmetri-
cal steady state. The power flow program computes the voltage magnitude
and angle at each bus in a power system, under the balanced three-phase
steady state condition. Three-phase load flows are used to analyze unbalanced
thrcc-phasc systems (distribution sy‘stcms}. However, in this chapter the pow-
er system will be assumed to be Working in a balanced stcady state condition.
Thus only the per-phase model is considered. From these values the real and
reactive power flow in the system can be calculated. Before power flow equa-
tions can be formed and their solutions obtained, itis important to derive the
mathematical models of the various components of the power system.

21.1 Transmission Lines

Transmission lines in a power system are classified according to their lcngths
as short, medium, or long lines. In gcncral the short transmission lines have
lcngths less than 80 km and are rcprcscntcd by series impcclancc only. The
rypical lcngth of medium transmission lines is from 80 to 250 km and
are represented by lumped parameters in the form of nominal & network.
Lcngths of more than 250 km are classified as long transmission lines; the line
parameters of these lines are assumed to be distributed uniformly throughout
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isy=j 4.674 %X 107° siemens per phase per km. Determine the equivalent T
model.

Solution

2=0.0165+ 70.3306=0.3310 < 87.14

z = iz\j 03310<87.10 o 1
y N4.674x1076 <90

¥ =3z =/(0.3310 < 87.1)4.674 X 10-6 < 90 = /1.547 x 10-6 <177.14
y1=4J1.547 x10-6 <177.14 x 300
=0.00931+ j0.3730 =03731< 88.57
cosh(y/)=0.9313 + ;j0.0034 =0.9313 <0.209

sinh(y/) = 0.0087 + j0.3664 = 0.3645 < 88.63
Z'=Z,sinh(yl)=266.1<-1.43x0.345 < 88.63=91.80< 87.17

/
v ta“h(y/z ) cosh(y/) 1

= = =7.095%10~4 <89.97
2 Z, (Y% sinh (/) Z,

The equjva]ent model is shown in Figure 2.1.

212 Power Transformer

In a power system, three-phase power is transmitted over transmission lines
and three-phase transformers are used to convert voltage from one level to
another. The primary and secondary windings of three-phase transformers
can be connected in either wye (Y) or delta (A) eonﬁgurations. This results in
four possible configurations: ¥-¥, Y-A, A-A, A-Y as shown in Figure 2.2. The
three-phase transformers are represented by their per-phase model. As well, in
power system quantities such as voltage, current, power, and impedance are
often represented in per-unit or percentage of specified base values. One ad-
vantage of using per-unit values is that by properly speeil:ying base quantities,
the transformer equivalent circuit can be simpliﬁed. Since the transformers
are having different values of voltages and currents at the primary and sec-
ondary sides, by using per-unit values the voltages, currents, and impedanees
do not change when referred from one side of a transformer to the other side.
This is a signiﬂeant advantage in a power system where hundreds of trans-
formers are involved. The per-unit quantities are calculated as follows:
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of a transformer is selected to be the same as the ratio of the transformer
vcultage ratings. In this way the per-unit impedance remains unchanged when
referred from one side of transformer to the other side.

For the three-phase system instead of obtaining the per-phase values,
the per a unit values can be obtained directly by using three-phase base
quantities.

Selecting three-phase MVA as base = MVA,,,, line to line base voltage
as m-‘?ﬁ?'

For a star connection the base current is

MVJAI{?H&T A
EKVFMZR“

I,,. =1000x

le’ld

Base Impedance Lpae =

The transformers in power flow problems are represented by 7 network
to make them compatible with transmission line models. Since the core losses
and magnetization current for power transformers are of the order of 1% of
maximum ratings, the shunt branch of transformer equiva]ent circuit is rep-
resented i}y only a leakage reactance and resistance representing Winding and
core losses for power flow calculations.

2.1.2.1 Fixed Tap Setting Transformer

Transformers with provision of tap changing are used to regulate the voltages
at the bus. A transformer with a fixed tap setting is represented by its imped-
ance Z; or admittance ¥ in series with ideal transformer, if the transformer
is connected at bus 7in line /7 (Figure 2.3).

If the turn ratio of ideal transformer is a:

L= j—av.)fif-'—= i (2.6)

The equivalent circuit of this transformer is shown in Figure 2.4,



Weighted Least Square Estimation

3.1 Introduction

A power system cssentia]ly consists of generation, transmission, and distri-
bution systems. A transmission system contains a largc number of substa-
tions that are interconnected by transmission lines, transformers, and other
switching devices for system control and protection. The efficient and opti-
mum economic operation and planning along with security of electric power
systems have always occupied an important position in the power industry.
In order to achieve these objectives, it is essential for power engineers to ac-
curately monitor the power system operating states. An essential tool for real
time monitoring of the power system is state estimation (SE). It determines
the best estimates of the actual power system state based on available super-
visory control and data acquisition (SCADA) measurements, power system
model and other data. The weighted least square (WLS) estimation method
is the most COH’lmOl’lly used tcchniquc in state estimation of power system.
The idea of least square estimation has been used since the early part of
the nineteenth century. The linear least square problem deals with an over-
determined system of linear equations (a system with more known equations
than unknown). In a power system, the state variables are voltage magnitudes
and relative phase angles at the system nodes. Static state estimation refers
to the procedure of obtaining voltage magnitude and phase angles at all the
nodes of a power system. The earliest application of state estimation in power
system was given by Schweppe, et al. [1, 2] in the 1970s. Simultancous mea-

surements Df data are L'qu_lil'f.'d at 3_11 thE ﬂDdE‘S, and CDllECtiOﬂ Df thiS data at

39
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can then be written in terms of these unknown parameters. This function is
called the likelihood function. The estimation of the state is selected based on
the method that maximizes this probability. The likelihood function will be
maximum when the unknown parameters are closest to their actual values.
Some of the measured quantities as obtained from various measuring devices
are assumed to have errors. Thus the measured quantity differs from its actual
value by an unknown random error.

zmms :zﬂff +?? (3'1}

If the network is in steady state and the measurements performed a

large number Df I'iITlESJ I'l"lE cIrror would average [0 ZEro ﬂl’ld Z g The

TR
measurement errors are normally assumed to have a Gaussian distribution.
The parameters for Gaussian distribution are the mean g and its variance 2.
The problcm of maximum likelihood estimation is therefore solved for these
parameters. The probai}iliry dcnsity function of number zis assumed to have
normal Gaussian distribution.

The Gaussian probability density function for the random number z is

given by

et ()2
f(z)= T P 202 (3.2)

Where o is called the standard deviation, 62 is called the variance of the
random number, and ¢ is mean or expected value of z. The f(z) describes the
behavior of the random number. If (z— u)/o =1, then the plot of f{(57) versus
g, which is known as Gaussian probability density function and is shown in
Figure 3.1. The value of 6 gives an indication of random measurement er-
ror. If 0 is large the measurement is inaccurate (poor measuring instrument),
whereas a small value of 0 indicates the good quality measuring device. The
normal distribution is commonly used for modeling measurement €rrors as
these errors are caused by many factors.

33.1 Likelihood Function

The likelihood function for a sample of m independentl}f and iclentically dis-
tributed observations can be obtained b}? ﬂnding the joint probability densit}f
function (pdf). If there are 7 independent measurements and each has the
same Gaussian pdf, and ecach measurement is assumed to be independent of
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2
Biof(e)=33(251) Zogan-3o, 9
i=1 [

2 =] i =1

The maximum likelihood estimate is obtained by finding the maxi-
mum of log f, (2), which can also be obtained by finding the minimum of

4 2

min /(z)= Z e (3.6)

=1\ O
Equation (3.6) is known as weighted least squares estimator. It is equiva-
lent to a maximum likelihood estimator if the measurement errors are repre-
sented by random numbers having a normal distribution.
The minimization problf:m can also be written in the form of measure-
ment residuals. If 7, is residual of measurement 7, then

e =y (3.7)

Where the mean tt;, which is the expected value of z; can be expressed
as h(x), a nonlinear function relating the system state vector x to the ith mea-
surement. The square of residual », weighted by W, is equal to inverse of error
variance 0%. Hence the minimization pmblem of (3.7) can also be written as

minimize Y W 5 (3.8)

i’
=1

su]}j ect to

z;=h(x)+n (3.9)

3.4 Matrix Formulation and Measurement Model

If we have a sample of m measurements given by vector z, and # states (volt-
age magnitude and angle), n< m, and e is m dimensional vector of measure-
ment errors. Here 4 is the m dimensional nonlinear function vector relating



Network Observability and
Pseudomeasurements

41 Network Graphs and Matrices

The objective of a state estimation is to obtain a computer model that ac-
curatcly represents the current conditions in a power system. It isa data pro-
cessing scheme that computes the state of a system from the following three
pieces of information:

Measurement of system variables;
Mathemartical model of the system (includes the system topolog}r};

3- Prior k[lOWlEdgC 0{: S}-’Stﬁm il’lp'l_ltS Eil’ld DlltplltS kﬂOWﬂ as pSE‘UdD-

measurements.

When set of available measurements are sufficient to calculate the state
vector of the system, it is termed as an observable system [1-4]. For real-
time monitoring of a power system, an observability test should be carried
out prior to state estimation. If the system is observable the state estimation
may be carried out straight away. However, in an unobservable system, there
may be observable islands and unobservable regions within the network. The
states in unobservable regions of the network are estimated by adding ad-
ditional measurements using pseudomeasurements. Pseudomeasurements are
not obtained from meters but are rypically calculated using historical data or

64
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umns is known as node to branch incidence matrix. The matrix ele-
ments are given by‘:

A{'I' = 1, if the jth clement is incident to but directed away from the
node 7
A.=-=1if the jth clement is incident to and directed towards node 7

q
A;=0, if the jth clement is not incident to node
* Reduced node to branch incidence matrix: Any node of the network
graph can be selected as reference node and the matrix obtained by
deleting the row corresponding to reference node is known as reduced
node to bus incidence matrix (A) for a power system network. Here

thE HOdES are termed as ]}LISE‘S and elements as branches. A lOOP-fL‘E‘E

subgmph Fof G is called a forest.

Example 4.1

A singlc diagram of a power system is shown in Figure 4.1. The graph of the
network is shown in Figure 4.2. Here, n =4 and /= 9. The incidence matrix
A is shown in Table 4.1.

Taking node zero as a reference node, the reduced node to branch inci-
dence martrix is shown in Table 4.2.

|

Figure 41 One-line diagram of a power system.
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Table 4.2
Node to Branch Incidence Matrix

Elemants  Nodes

12 3 4

1| (10 0 0

2 101 0 0

3] [0 0 1 0
g4 jpeam
5/ |1 -1 0 0

6| |1 0 -1 0

71 [0 1 1 0

8 |0 1 0 1

9] o 0o 1 -

an admittance or impedance network. The impedance form of a primitive
network is shown in Figure 4.3(a).

The performancc equation of a primitive network in impedance form
Is:

v+ e =Lty (4.1)

Wht‘l’e Vp=0;— and v le’ld arc tllf,' I'lDdE voltagf:s.

i i v

Busj
'—. Z; ®

1‘..

if
(a)

-
Lij Bus |
_...-
L

b

4

(b)

Figure 43 Primitive network: (a) impedance and (b) admittance.




Bad Data Detection

5.1 Bad Data Detection in WLS Method

State estimation algorithms apply measured data obtained from the power
system to a mathematical model to provide a reliable data base for monitor-
ing, security assessment, and control functions. If the estimates obrained are
not compatible with the standard deviations of quantities estimated, the pos-
sibiliry is that either the measured quantities are contaminated or the model
is not accurate, or both. These algorithms may encounter four types of errors:
measurement errors, wrong data, structural errors in the model, and param-
eter uncertainty in model parameters. One of the essential features of a state
estimator is to detect measurement errors and idetltify and rectify them. Mea-
surement errors may occur for many reasons. Random errors in measurement
exist due to the finite accuracy of meters and communication medium. These
errors can be filtered out by the state estimator, provided there is sufficient
redundancy in measurements. The nature of ﬁltering action depends on the
speciﬁc method of estimation. Wrong data may be available due to defects in
the meters, telecommunication failures, or noise caused by interference.

It 1s possible to identify some of the bad data easily and eliminated
before ﬂltering it by the estimartor. For elrzarn]:nle1 negative voltages, readings
that are many times more or less than normal values, or large difference in
incoming and outgoing values of currents at the nodes may be easﬂy identi-
fied as bad data and are not considered in estimation. However, not all types
of errors can be easily identified, and state estimators must be equipped with

techniques to identify all types of bad data and filter them out.
87



tive to bad data. Detection of bad data refers to the determination whether
the measurement set contains a bad data. Estimation in the presence of bad
data can be performed indirectly in one of several ways. These methods can
be classified as mathematical methods and intelligent methods. Among the
mathematical methods are the chi-squarc distribution test, the largest nor-
malized residual test, and hypothf:sis testing identification. Inteﬂigent meth-
ods either require intensive training under different conditions or methods
that do not require training but require hjgh computation. These methods
arc therefore not very useful. Before removal of bad data it is important to
detect the existence of bad data in the measurement set. Once the presence of
bad data is detected, it is identified and removed or corrected.

52.1 Chi-Squares Test

The chi-square test is a convenient technique to detect the presence of bad
data in measurement vector z The objective function in the WLS state esti-
mator is

i

min J (X)= 3 (z - (x)) /R, (5.1)

=1

T(X)Y (e;) /R (5.2)

m f‘.
=2 7= (5.3)

=1 i

where e; is the ith measurement error, R is the djagonal entry of measure-
ment error covariance matrix, and 2 is the number of measurements.
It is of the form:

N
Y =7 (5.4)

i=1

which corresponds to chi-squared 22 (N) distribution, with /V degrec of
freedom. In the power system state estimation the performance index J has
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Figure 52 Three-bus system.

ap =0.004 pu, oy =0.002pu,op =0.002 pu.

Solution
From (5.2):

f(x)—i[ . ]

=\ VR

i

where R;; is the diagonal entry of measurement error covariance matrix.

op 0.004
B o3 = 0.002
0.002

- - . i'
The measurement vector estimate is given by ¢, = (z;”"‘” -z )

The objective function is obtained as

i(zf — b (ﬂ)z

2
i=1 a;

The estimated values are given by

x= R. Wz

Here R. = covariance matrix, which is obtained as follows: First, the

Jacobian matrix is obtained:



Robust State Estimation

6.1 Basic Formulation

In a power system, estimators are used to provide a reliable estimate of un-
known states in a given mathemarical model from available redundant mea-
surements. The measurement set consists of

* Telemetered measurements, which are online telemetered bus voltage
magnitudes, active and reactive power flows, active and reactive injec-
tions (subjected to noise or error in metering, communication system,
and so forth).

* Pseudomeasurements or zero injections, which contain no error.

The state estimation programs are also built with an abiliry to clean the
etroneous data that may be contaminated due to various factors. If the mea-
surements have normally distributed errors, WLS method, which is the most
common method used in the inclustry for state estimation, provicles an opti-
mum solution to the state estimation problem. However, if some of the mea-
surements have very large errors (statistical outliers), then the WLS method
becomes highly unreliable. Since the works of Adibi and Thorne [1] and Adibi
and Stoval [2], there is a growing concern about the poor quality of measure-
ments provided by the SCADA system. The measurements in a conventional
SCADA system have two main sources of errors that degrade the quality of
data. The first one of these is error due to calibration of instruments, as these

106
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was formulated by Donoho and Huber [5]. It has been called the exact fit
point to indicate that the majority of measurements are free of errors, and lie
exactly on a hyperplane when linear regression models are considered. In sta-
tistics, linear regression is an approach to model the relationship between two
variables by ﬂtting a linear equation to observed data. One of these variables
Is a dependent variable and the other is an explanatory variable. If there is
onl}r one e:xplanatory variable it is called simple regression. If more than one
explanatory variable is present it is known as multip]e regression.

In multiple linear regression, each of m measurements z; (dependent
variable) are represented in terms of # unknown state variables x; and # ex-
planatory variables trﬂ "’fn

In equation form it can be written as

z; =l +..+l,x, +e...i=12,...m (6.1)
or

z=Hx+e (6.2)

Here His the m X n matrix, known as the design matrix of regression.

l"I 1 !L?. oz il]jr _
e l-’z.] ;’2.1 fz.” (6.3)
__!n'l SN Ee l|"’:mu ]
The row vector of H, .!';T =l ... L defines a point in n-dimensional

subspace, called the factor space of regression.

In a power system, the linear regression model is obtained with DC ap-
proximations. It is derived by linearizing the n-bus system model abourt the
flat voltage profile and neglecting the series resistances and shunt capacitances
of the branches. Two linear models as proposed in [2] can be written. One
model relates the real power measurements to the (7-1) voltage phase angles
6. The other model relates to the reactive power measurements P; to the #
nodal voltages magnitudes. Then His the P, 6 or Q,V_Tacobian submatrix,
respeetively.

The robustness of an estimator can be quantiﬂed by a finite sample
breakdown point. Consider a set Z of m good measurement
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Z=1{0.98+1.00+1.05+1.07 +1.10}/5=1.04

If one of the measurements is an outlier, say measurement 1.10 is re-
placed by an arbitrarily large value of e, then the estimated value becomes ee.
This means that even one abnorma]ly large value will ruin the estimator, or
the breakdown point for this estimator is zero.

If a median estimator is used instead of a mean estimator, then the
estimated value is 1.05. Now if value 1.10 is replacecl I}y oo, the estimarted
value is still 1.05. If two measurements 1.07, 1.10 are replaced by oo each, the
estimated value is still 1.05. However, if three measurements 1.05, 1.07, and
1.10 arc replaced by oo, the estimated value also becomes e (unbounded).
Thus the ratio 2/5 = 0.4 is the breakdown point and the median estimator is
more robust than the mean estimator.

6.2.1 Leverage Points

Since the presence of even a single bad data will distort the WLS estimate,
Improvement in bad data detection and estimation methods have been devel-
oped for power system state estimators. Among these methods, the weighted
least absolute value estimator (WLAV) that minimizes the weighted sum of ab-
solute errors has been found to be simpler. The reason is that WLAV estima-
tion problem can be solved as linear programming problem (Appendix GA).
WLAV estimators suceessfuﬂy reject bad measurement data as long as none
of these measurements are leverage points [6]. Leverage points are defined as
the points of a regression that are far away from the bulk of the darta points in
the factor space (Figure 6.1).

A common practice is to flag an observation as having a large leverage
value, if its leverage value is three times larger than the mean leverage value
[7]. Although the characterization of a leverage point depends only on the in-
dependent variable x, their classification as good or bad data also clepencls on
the measured values zas well as on the corresponding variances. The location
of polnts in x-space is important in determining the property of a regression
model. Remote points in x-space have a large impact on parameter estimates,
standard error, and model summary. There are two approaches to solve the
problem when a measurement data set has leverage points:

1. To identify the leverage points and eliminate them before estimating.

2. To use estimators that are not sensitive to leverage points.
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