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Preface to the Second Edition

This new edition has been updated to include new material. Specifically,
this new edition has added sections on the following material:

e Generalized Minimal Residual (GMRES) methods
* Numerical di Lerkntiation

« Secant method

 Homotopy and continuation methods

» Power method for computing dominant eigenvalues
» Singular-value decomposition and pseudoinverses

e Matrix pencil method

and a significant revision of the Optimization chapter (Chapter 6) to include
linear and quadratic programming methods.

A course structure would typically include the following chapters in se-
quence: Chapter 1, 2, and 3. From this point, any of the chapters can follow
without loss of consistency. | have tried to structure each chapter to give the
reader an overview of the methods with salient examples. In many cases how-
ever, it is not possible to give an exhaustive coverage of the material; many
topics have decades of work devoted to their development.

Many of the methods presented in this book have commercial software
packages that will accomplish their solution far more rigorously with many
failsafe attributes included (such as accounting for ill-conditioning, etc.). It is
not my intent to make students experts in each topic, but rather to develop an
appreciation for the methods behind the packages. Many commercial packages
provide default settings or choices of parameters for the user; through better
understanding of the methods driving the solution, informed users can make
better choices and have a better understanding of the situations in which the
methods may fail. If this book provides any reader with more confidence in
using commercial packages, | have succeeded in my intent.

As before, I am indebted to many people: my husband Jim and my children
David and Jacob for making every day a joy, my parents Lowell and Sondra
for their continuing support, and Frieda Adams for all she does to help me
succeed.

Mariesa L. Crow
Rolla, Missouri
2009
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Preface to the First Edition

This book is the outgrowth of a graduate course that I've taught at the
University of Missouri-Rolla for the past decade or so. Over the years, I've
used a number of excellent textbooks for this course, but each textbook was
always missing some of the topics that | wanted to cover in the class. After
relying on handouts for many years, my good friend Leo Grigsby encouraged
me to put them down in the form of a book (if arm-twisting can be called
encouragement ...). With the support of my graduate students, who | used
as testbeds for each chapter, this book gradually came into existence. | hope
that those who read this book will find this field as stimulating as | have found
it.

In addition to Leo and the fine people at CRC Press, I'm grateful to the Uni-
versity of Missouri-Rolla administration and the Department of Electrical and
Computer Engineering for providing the environment to nurture my teaching
and research and giving me the latitude to pursue my personal interests in
this field.

Lastly, | don’t often get the opportunity to publicly acknowledge the people
who’ve been instrumental in my professional development. 1'd like to thank:
Marija llic, who initially put me on the path; Peter Sauer, who encouraged
me along the way; Jerry Heydt, for providing inspiration; Frieda Adams, for
all she does to make my life easier; Steve Pekarek, for putting up with my
grumbling and complaining; and Lowell and Sondra Crow for making it all
possible.

Mariesa L. Crow
Rolla, Missouri
2003
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1

Introduction

In today’s deregulated environment, the nation’s electric power network is
being forced to operate in a manner for which it was not intentionally de-
signed. Therefore, system analysis is very important to predict and continu-
ally update the operating status of the network. This includes estimating the
current power flows and bus voltages (Power Flow Analysis and State Esti-
mation), determining the stability limits of the system (Continuation Power
Flow, Numerical Integration for Transient Stability, and Eigenvalue Analy-
sis), and minimizing costs (Optimal Power Flow). This book provides an
introductory study of the various computational methods that form the basis
of many analytical studies in power systems and other engineering and sci-
ence fields. This book provides the analytical background of the algorithms
used in numerous commercial packages. By understanding the theory behind
many of the algorithms, the reader/user can better use the software and make
more informed decisions (i.e., choice of integration method and step-size in
simulation packages).

Due to the sheer size of the power grid, hand-based calculations are nearly
impossible and computers o [ed the only truly viable means for system anal-
ysis. The power industry is one of the largest users of computer technology
and one of the first industries to embrace the potential of computer analy-
sis when mainframes first became available. Although the first algorithms
for power system analysis were developed in the 1940’s, it wasn’t until the
1960’s when computer usage became widespread within the power industry.
Many of the analytical techniques and algorithms used today for the simula-
tion and analysis of large systems were originally developed for power system
applications.

As power systems increasingly operate under stressed conditions, computer
simulation will play a large role in control and security assessment. Commer-
cial packages routinely fail or give erroneous results when used to simulate
stressed systems. Understanding of the underlying numerical algorithms is
imperative to correctly interpret the results of commercial packages. For
example, will the system really exhibit the simulated behavior or is the sim-
ulation simply an artifact of a numerical inaccuracy? The educated user can
make better judgments about how to compensate for numerical shortcom-
ings in such packages, either by better choice of simulation parameters or by
posing the problem in a more numerically tractable manner. This book will
provide the background for a number of widely used numerical algorithms that
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underlie many commercial packages for power system analysis and design.

This book is intended to be used as a text in conjunction with a semester-
long graduate level course in computational algorithms. While the majority
of examples in this text are based on power system applications, the theory is
presented in a general manner so as to be applicable to a wide range of engi-
neering systems. Although some knowledge of power system engineering may
be required to fully appreciate the subtleties of some of the illustrations, such
knowledge is not a prerequisite for understanding the algorithms themselves.
The text and examples are used to provide an introduction to a wide range
of numerical methods without being an exhaustive reference. Many of the
algorithms presented in this book have been the subject of numerous modifi-
cations and are still the object of on-going research. As this text is intended to
provide a foundation, many of these new advances are not explicitly covered,
but are rather given as references for the interested reader. The examples in
this text are intended to be simple and thorough enough to be reproduced
easily. Most “real world” problems are much larger in size and scope, but the
methodologies presented in this text should su [ciehtly prepare the reader to
cope with any di [culties he/she may encounter.

Most of the examples in this text were produced using code written in
Matlab”™ . Although this was the platform used by the author, in practice,
any computer language may be used for implementation. There is no practical
reason for a preference for any particular platform or language.
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The Solution of Linear Systems

In many branches of engineering and science it is desirable to be able to math-
ematically determine the state of a system based on a set of physical relation-
ships. These physical relationships may be determined from characteristics
such as circuit topology, mass, weight, or force to name a few. For example,
the injected currents, network topology, and branch impedances govern the
voltages at each node of a circuit. In many cases, the relationship between
the known, or input, quantities and the unknown, or output, states is a linear
relationship. Therefore, a linear system may be generically modeled as

Az =b (2.1)

where b is the n < 1 vector of known quantities, = is the n % 1 unknown state
vector, and A is the n x n matrix that relates = to b. For the time being, it
will be assumed that the matrix A is invertible, or non-singular; thus, each
vector b will yield a unique corresponding vector z. Thus the matrix A~!
exists and

z*=A"1 (2.2)

is the unique solution to equation (2.1).

The natural approach to solving equation (2.1) is to directly calculate the
inverse of A and multiply it by the vector b. One method to calculate A~" is
to use Cramer’s rule :

1

T L _
det(A)(A”) fori=1,...,n,5=1,...,n (2.3)

AT, =
where A=1(i, j) is the ij" entry of A=! and A;; is the cofactor of each entry
a;; of A. This method requires the calculation of (n + 1) determinants which
results in 2(n + 1)! multiplications to find A~!! For large values of n, the
calculation requirement grows too rapidly for computational tractability; thus,
alternative approaches have been developed.

Basically there are two approaches to solving equation (2.1):

e The direct methods, or elimination methods, find the exact solution
(within the accuracy of the computer) through a finite number of arith-
metic operations. The solution z of a direct method would be completely
accurate were it not for computer roundo Céfrors.
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 lterative methods, on the other hand, generate a sequence of (hopefully)
progressively improving approximations to the solution based on the
application of the same computational procedure at each step. The
iteration is terminated when an approximate solution is obtained having
some pre-specified accuracy or when it is determined that the iterates
are not improving.

The choice of solution methodology usually relies on the structure of the
system under consideration. Certain systems lend themselves more amenably
to one type of solution method versus the other. In general, direct methods
are best for full matrices, whereas iterative methods are better for matrices
that are large and sparse. But as with most generalizations, there are notable
exceptions to this rule of thumb.

2.1 Gaussian Elimination

An alternate method for solving equation (2.1) is to solve for = without cal-
culating A—! explicitly. This approach is a direct method of linear system
solution, since «x is found directly. One common direct method is the method
of Gaussian elimination. The basic idea behind Gaussian elimination is to use
the first equation to eliminate the first unknown from the remaining equations.
This process is repeated sequentially for the second unknown, the third un-
known, etc., until the elimination process is completed. The n-th unknown
is then calculated directly from the input vector . The unknowns are then
recursively substituted back into the equations until all unknowns have been
calculated.

Gaussian elimination is the process by which the augmented n < (n + 1)
matrix

(A ]b]

is converted to the n x (n + 1) matrix
[ ]06°]

through a series of elementary row operations, where

Axr =D

A Az =A"1
Iz =A'h=0b"
zt =b*

Thus if a series of elementary row operations exist that can transform the
matrix A into the identity matrix I, then the application of the same set of
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elementary row operations will also transform the vector b into the solution
vector z*.

An elementary row operation consists of one of three possible actions that
can be applied to a matrix:

< interchange any two rows of the matrix
= multiply any row by a constant
« take a linear combination of rows and add it to another row

The elementary row operations are chosen to transform the matrix A into
an upper triangular matrix that has ones on the diagonal and zeros in the
sub-diagonal positions. This process is known as the forward elimination

step. Each step in the forward elimination can be obtained by successively
pre-multiplying the matrix A by an elementary matrix &, where £ is the matrix
obtained by performing an elementary row operation on the identity matrix.

Example 2.1
Find a sequence of elementary matrices that when applied to the following
matrix will produce an upper triangular matrix.

1348
2123
4358
9274

Solution 2.1 To upper triangularize the matrix, the elementary row oper-
ations will need to systematically zero out each column below the diagonal.
This can be achieved by replacing each row of the matrix below the diagonal
with the dilerknce of the row itself and a constant times the diagonal row,
where the constant is chosen to result in a zero sum in the column under the
diagonal. Therefore row 2 of A is replaced by (row 2 - 2(row 1)) and the
elementary matrix is

1000
5_—2100
=1 0010
0001
and
1 3 4 8
_|0-5-6-13
glA_435 8
9 2 7 4



6 Computational Methods for Electric Power Systems

Note that all rows except row 2 remain the same and row 2 now has a 0 in
the column under the first diagonal. Similarly the two elementary matrices
that complete the elimination of the first column are:

1000
_ 0100
2= |_4010
| 000 1]
[ 100 0]
£ = 0100
371 0010
|—9 00 1]
and
1 3 4 8
|0 =5 —6—13
0 —25 —29 —68

The process is now applied to the second column to zero out everything below
the second diagonal and scale the diagonal to one. Therefore

1 000

_|o 100
“=lo-210
001

&6 =

Similarly,
13 4 8
01 6 13
SISISISISISEE Rl PP (2.5)
5 5
00 1-3
Similarly,
1000
_lo100
= 10010
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10 00
~lo1 0o
&= 100-50
00 01
yielding
134 8
_lo1g o
£867866564836261A = 001 3 (2.6)
000—6
Lastly,
100 O
~loz1o0 o
“=1001 0
000-!
and
134 8
_|o1ew
£06887866584836261 A = 001 3 2.7)
000 1

which completes the upper triangularization process.

Once an upper triangular matrix has been achieved, the solution vector z*
can be found by successive substitution (or back substitution) of the states.

Example 2.2
Using the upper triangular matrix of Example 2.1, find the solution to
1348 [ 1
2123 x| _ |1
4358 |x3| |1
9274 | | x4 1

Solution 2.2 Note that the product of a series of lower triangular matrices
is lower triangular; therefore, the product

W = §9686786564636261 (2.8)

is lower triangular. Since the application of the elementary matrices to the
matrix A results in an upper triangular matrix, then

WA=U (2.9)



8 Computational Methods for Electric Power Systems

where U is the upper triangular matrix that results from the forward elimi-
nation process. Premultiplying equation (2.1) by W yields

WAz = Wb (2.10)
Uz =Wb (2.11)
=¥ (2.12)
where Wb =1¥'.
From Example 2.1:
1 0 0 O
2-1 "9 0
— 5 5
w 2 9-5 0
1 14 _5 _1
6 6 6 6
and
1 1
_ 1) _ |}
FEWAL T8
1 >
Thus,
134 8 1 1
01 6 13 X9 1
5 5 — 5
001 3 T3 6 (2.13)
000 1 Ty g

By inspection, x4 = 3 The third row yields
23 =6—3x4 (2.14)
Substituting the value of x4 into equation (2.14) yields x5 = 3. Similarly,

1 6 13

To = _ — _x3— 5 T4 (2.15)

and substituting z3 and z, into equation (2.15) yields z; = — . Solving for
21 in a similar manner produces

r1 =1—3x9 —4x3 — 8y (2.16)
1
=, 2.17)
Thus,
T -1
T2 | _ 1]-11
X3 - 2 3

Ty 3
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The solution methodology of successively substituting values of = back into
the equation as they are found gives rise to the name of back substitution for
this step of the Gaussian elimination. Therefore, Gaussian elimination con-
sists of two main steps: forward elimination and back substitution. Forward
elimination is the process of transforming the matrix A into triangular factors.
Back substitution is the process by which the unknown vector z is found from
the input vector b and the factors of A. Gaussian elimination also provides
the framework under which the LU factorization process is developed.

2.2 LU Factorization

The forward elimination step of Gaussian elimination produces a series of
upper and lower triangular matrices that are related to the A matrix as given
in equation (2.9). The matrix W is a lower triangular matrix and U is an
upper triangular matrix with ones on the diagonal. Recall that the inverse of
a lower triangular matrix is also a lower triangular matrix; therefore, if

LEw!

then
A=LU

The matrices L and U give rise to the name of the factorization/elimination
algorithm known as “LU factorization.” In fact, given any nonsingular matrix
A, there exists some permutation matrix P (possibly P = I), such that

LU = PA (2.18)

where U is upper triangular with unit diagonals, L is lower triangular with
nonzero diagonals, and P is a matrix of ones and zeros obtained by rearranging
the rows and columns of the identity matrix. Once a proper matrix P is
chosen, this factorization is unique [6]. Once P, L, and U are determined,
then the system

Az =b (2.19)

can be solved expeditiously. Premultiplying equation (2.19) by the matrix P
yields
PAz=Pb=1V (2.20)
LUz =V (2.22)
where b’ is just a rearrangement of the vector b. Introducing a “dummy”

vector y such that
Ux=y (2.22)
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thus
Ly=1b (2.23)
Consider the structure of equation (2.23):
111 O O e 0 Y1 b/l
logloo 0 -+ 0 Y2 b
l31 l32 133 -+ 0 ys | = | b3
lnl an lnS e lnn Yn b;’b

The elements of the vector y can be found by straightforward substitution:
_ b
Y1 = Iy

1
Y2 = oy 5 = la1y1)

Y3 = s 5 = ls1y1 — l3292)
1 n—1
Yn = I b’;L - Z lnjy;

After the vector y has been found, then z can be easily found from

[Luiz uis - uin | gy n
0 1 woz--usn| |4, Yo
00 1w |pn|_ |y
00 0 1 |Llm] lw

Similarly, the solution vector = can be found by backward substitution:
T = yn
Tn—1 = Yn—1 " Up—1,nTn

Tp—2 = Yn—2 " Up—2nTn — Un—2n—1Tn—1

n
T =Yy1— E UL T
=2

The value of LU factorization is that once A is factored into the upper and
lower triangular matrices, the solution for the solution vector z is straightfor-
ward. Note that the inverse to A is never explicitly found.
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_ @ -

®) *

FIGURE 2.1
Order of calculating columns and rows of Q

Several methods for computing the LU factors exist and each method has its
advantages and disadvantages. One common factorization approach is known
as the Crout’s algorithm for finding the LU factors [6]. Let the matrix @ be
defined as

li1 w12 1z - - Uin
la1 122 u23 « U2y
JAN — | l31 l32 l33 -~ u
Q=L+U-1= 31 (32 (33 3n (2.24)
lnl an lnB e lnn

Crout’s algorithm computes the elements of @ first by column and then row
as shown in Figure 2.1. Each element ¢;; of Q) depends only on the a;; entry
of A and previously computed values of Q.

Crout’s Algorithm for Computing LU from A
1. Initialize @ to the zero matrix. Let j = 1.
2. Complete the j** column of Q (j** column of L) as

Jj—1

i=1

w

. If 7 = n, then stop.

4. Assuming that ¢;; = 0, complete the j* row of @ (j** row of U) as

1 - _
qjr = - (ajk - Z qjiql-k) fork=j5+1,....n (2.26)
23 i=1

(62}

. Set j =5+ 1. Go to step 2.
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Once the LU factors are found, then the dummy vector y can be found by
forward substitution:

1
Yr = b= ajy; | fork=1,....n (2.27)
dkk —
Similarly, the solution vector = can be found by backward substitution:

TR =ye— > qriy fork=mnmn—1,..,1 (2.28)
j=k+1

One measure of the computation involved in the LU factorization process
is to count the number of multiplications and divisions required to find the
solution since these are both floating point operations. Computing the ;"
column of Q (" column of L) requires

2261

Jj=1k=j
multiplications and divisions. Similarly, computing the j** row of Q (" row
of U) requires

IR

multiplications and divisions. The forward substitution step requires

Jj=1

and the backward substitution step requires
> (=)
j=1

multiplications and divisions. Taken together, the LU factorization procedure

requires
1

5 (
and the substitution steps require n? multiplications and divisions. Therefore
the whole process of solving the linear system of equation (2.1) requires a
total of

TLB_TL)

3 (n3 - n) +n? (2.29)
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multiplications and divisions. Compare this to the requirements of Cramer’s
rule which requires 2(n+1)! multiplications and divisions. Obviously for a
system of any significant size, it is far more computationally e [Ccieht to use
LU factorization and forward/backward substitution to find the solution z.

Example 2.3
Using LU factorization with forward and backward substitution, find the so-
lution to the system of Example 2.2.

Solution 2.3 The first step is to find the LU factors of the A matrix:

1348
2123
4358
9274

Starting with j = 1, equation (2.25) indicates that the elements of the first
column of ) are identical to the elements of the first column of A. Similarly,
according to equation (2.26), the first row of () becomes:

a 3
2= "=_=3

qgu 1

a 4
ps= " =_=4

qgu 1

a 8
qu= "=7=8

qgu 1

Thus for j =1, the @ matrix becomes:

1348

For j = 2, the second column and row of @ below and to the right of the
diagonal, respectively, will be calculated. For the second column of Q:

go2 = @22 — g21q12 = 1 —(2)(3) = =5
g2 = az2 — @112 = 3— (4)B) = -9
Qa2 = as2 — qu1q12 =2 —(9)(3) = —25

Each element of @ uses the corresponding element of A and elements of @
that have been previously computed. Note also that the inner indices of
the products are always the same and the outer indices are the same as the
indices of the element being computed. This holds true for both column and
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row calculations. The second row of @) is computed:
1 1 6
(a23 = q21q13) = —5 2-@@) = 5

1 1 13
G24 = (a2 —g1q1a) = L B—(2)(8)) =
q22 5 5

q23 =

After j = 2, the Q matrix becomes:

Continuing on for j = 3, the third column of @ is calculated
6 1
q33 = a3z — (¢31q13 + ¢32¢23) =5 — ((4)(4) + (_9)5) =75

Qa3 = asz — (Qa1q13 + qazqe3) =7 — ((9)(4) + (_25)g> =1

and the third row of Q becomes

1
q34 = (ass — (g31q14 + ¢32¢24))

= (-5) (8 - ((4)(8) +(-9) (153))) —3

yielding
8

13
5

3

Lastly, for ;7 = 4, the final diagonal element is found:

Qa4 = aaa — (Qa1q14 + qa2g24 + q43G34)

=a- (@@ + 29 () + @) = -6

Thus:
1 3 4 8
2 -5 6 13
= 5
Q 4 —9 —Z 3
9—-25 1-6
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1 0 0 O
|2 -5 0 0
L=14 —9-1 o
9-25 1-6
(134 8
016 13
= 5 5
v 001 3
000 1

One method of checking the correctness of the solution is to check if LU =
A, which in this case it does.

Once the LU factors have been found, then the next step in the solution
process is the forward elimination using the L matrix and the 4 vector to find
the dummy vector y. Using forward substitution to solve Ly = b for y:

_b_1_,
Y1 = L1 = 1 =
_ (2= Lay) _ (1= _1
L
ys = (bs— (L?,llZ/h + L3ay2)) = (-5) (1 _ <(4)(1) + (_9)3-))) —6
33
_ (bs — (Lary1 + Laoyo + Lazys))
Ya =
Ly
_ (1= (@) + (=25 (}) +()®))) _3
B -6 S 2
Thus
1
1
3
2

Similarly, backward substitution is then applied to Uz = y to find the solution
vector x:

. _3

334—94—2
3 3
x3=y3—U34x4=6—(3)<2> =5

et~ (2) () (2) () -2

z1 = y1 — (Uraza + Uizas + Uia22)

=1-(@(3)r@(;)ro(-;)) =
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yielding the final solution vector

-1

v 1]-11
2 3

3

which is the same solution found by Gaussian elimination and backward sub-
stitution in Example 2.2. A quick check to verify the correctness of the solution
is to substitute the solution vector 2 back into the linear system Axz = b.

2.2.1 LU Factorization with Partial Pivoting

The LU factorization process presented assumes that the diagonal element is
non-zero. Not only must the diagonal element be non-zero, it must be on
the same order of magnitude as the other non-zero elements. Consider the
solution of the following linear system:

107191 [ay ] _J2
=) ¢
By inspection, the solution to this linear system is

T, =

To =~ 1
The LU factors for A are

L

10-10 0

2 (1—2x10")
1 1010
0 1

Applying forward elimination to solve for the dummy vector y yields:

U

mn :1010
_ (5-2x=10') _
27 w-2x1010)

Back substituting y into Ux = y yields

To — Y2 = 1
T = 1010 - 1010.722 =0

The solution for x5 is correct, but the solution for x; is considerably o C_Why
did this happen? The problem with the equations arranged the way they are
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in equation (2.30) is that 10~ is too near zero for most computers. However,
if the equations are rearranged such that

EHREE

then the LU factors become

I = 2 0
T [10719 (1 -] =< 10710)
1 1
= 2
v=[oi]
The dummy vector y becomes
_5
1= 2
_ (1= 3x1071)

27 (1-1x10-10) T

and by back substitution, x becomes

T =

N oo -

1
Ty = ,(=2
which is the solution obtained by inspection of the equations. Therefore even
though the diagonal entry may not be exactly zero, it is still good practice to
rearrange the equations such that the largest magnitude element lies on the
diagonal. This process is known as pivoting and gives rise to the permutation
matrix P of equation (2.18).

Since the Crout’s algorithm computes the @ matrix by column and row
with increasing index, only partial pivoting can used, that is, only the rows
of @ (and correspondingly A) can be exchanged. The columns must remain
static. To choose the best pivot, the column beneath the ;" diagonal (at the
4t step in the LU factorization) is searched for the element with the largest
absolute value. The corresponding row and the j** row are then exchanged.
The pivoting strategy may be succinctly expressed as:

Partial Pivoting Strategy

1. At the j* step of LU factorization, choose the k*" row as the exchange
row such that

lgij;| = maz|qri|for k=j,...,n (2.32)

2. Exchange rows and update A, P, and @ correspondingly.
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The permutation matrix P is comprised of ones and zeros and is obtained as
the product of a series of elementary permutation matrices P7-* which repre-
sent the exchange of rows j and k. The elementary permutation matrix P7-*,
shown in Figure 2.2, is obtained from the identify matrix by interchanging
rows j and k. A pivot is achieved by the pre-multiplication of a properly cho-
sen P7F, Since this is only an interchange of rows, the order of the unknown
vector does not change.

j k
M1 3 3 T
1 : :
1 3 3
S
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, j
1 3
pik = e
1:
''''''''''''''' 101 k
1
1
1

FIGURE 2.2
Elementary permutation matrix P7-*

Example 2.4
Repeat Example 2.3 using partial pivoting.

Solution 2.4 The A matrix is repeated here for convenience.

1348
2123
4358
9274

A=

For ;7 = 1, the first column of @ is exactly the first column of A. Applying
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the pivoting strategy of equation (2.32), the ¢4; element has the largest mag-
nitude of the first column; therefore, rows four and one are exchanged. The
elementary permutation matrix P is

0001
0100
0010
1000

P1,4 —

The corresponding A matrix becomes

9274
2123
4358
1348

and @ at the j = 1 step:

O N
© 3
©

C?::

A~ DN o

1
At j = 2, the calculation of the second column of @ yields

7 4
9 9

= A~ DN O

DN
© G o uro

Searching the elements in the j** column below the diagonal, the fourth row of
the j*" (i.e., second) column once again yields the largest magnitude. There-
fore rows two and four must be exchanged, yielding the elementary permuta-
tion matrix P24

1000
24 _ (0001
P™=10010
0100
Similarly, the updated A is
9274
1348
4358
2123
which yields the following @:
9 2 7 4
1 2(5) 28 Gg
(2 = 4 fb 25 25
%
2 9
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For j = 3, the calculation of the third column of Q vyields:
2 7 4
IBRtRT
RS
2 9 S 5
In this case, the diagonal element has the largest magnitude, so no pivoting
is required. Continuing with the calculation of the 3™ row of Q yields:

9 2 7 4
IRt N
o= ibshst
2 9 SS
Lastly, calculating qu4 yields the “nal Q matrix:
2 7 4
T
2 9 SS 7

The permutation matrix P is found by multiplying together the two ele-
mentary permutation matrices:

P2,4Pl,4|
0001
1000
0010
0100

P

The results can be checked to verify thatP A = LU. The forward and back-
ward substitution steps are carried out on the modi“ed vectorb = Ph.

2.2.2 LU Factorization with Complete Pivoting

An alternate LU factorization that allows complete pivoting is the Gausse
method. In this approach, two permutation matrices are developed: one for
row exchange as in partial pivoting, and a second matrix for column exchange.
In this approach, the LU factors are found such that

Therefore to solve the linear system of equationsAx = b requires that a
slightly di erent approach be used. As with partial pivoting, the permutation
matrix Py premultiplies the linear system:

P1AX = Pib= b (2.34)
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Now, de“ne a new vectorz such that
X = Pyz (2.35)
Then substituting equation (2.35) into equation (2.34) yields

P]_APQZ = P]_b: b
LUz=b (2.36)

where equation (2.36) can be solved using forward and backward substitution
for z. Once z is obtained, then the solution vector x follows from equation
(2.35).

In complete pivoting, both rows and columns may be interchanged to
place the largest element (in magnitude) on the diagonal at each step in the
LU factorization process. The pivot element is chosen from the remaining
elements below and to the right of the diagonal.

Complete Pivoting Strategy

1. Atthe j™ step of LU factorization, choose the pivot element such that

|g; | = max|gq|fork=j,...,n,andl=j,...,n (2.37)

2. Exchange rows and updateA, P, and Q correspondingly.
Gausse Algorithm for Computing LU from A
1. Initialize Q to the zero matrix. Let j =1.

2. Set the j™ column of Q (j™ column of L) to the j™ column of the
reduced matrix A0), where A = A, and

g = ay) fork=1j,...,n (2.38)

3. If j = n, then stop.
4. Assuming that g; =0, set thej™ row of Q (j!" row of U) as

a0
Gk = 45 fork=j+1,...,n (2.39)
]

5. Update AG*D from AU) as
(4D _

aj al)Sqgjqg fori=j+1,....,n,andk=j+1,...,n (2.40)

6. Setj = j +1. Go to step 2.
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This factorization algorithm gives rise to the same number of multiplications
and divisions as Croutes algorithm for LU factorization. Croutes algorithm
uses each entry of theA matrix only once, whereas Gausse algorithm updates
the A matrix each time. One advantage of Croutes algorithm over Gausse
algorithm is each element of theA matrix is used only once. Since eaclu
is a function of gk and then ay is never used again, the elementjy can be
written overthe ay element. Therefore, rather than having to store twonx n
matrices in memory (A and Q), only one matrix is required.

The Croutes and Gausse algorithms are only two of numerous algorithms
for LU factorization. Other methods include Doolittle and bifactorization
algorithms [20], [26], [49]. Most of these algorithms require similar numbers
of multiplications and divisions and only di er slightly in performance when
implemented on traditional serial computers. However, these algorithms di er
considerably when factors such as menry access, storage, and parallelization
are considered. Consequently, it is wise to choose the factorization algorithm
to “t the application and the computer architecture upon which it will be
implemented.

2.3 Condition Numbers and Error Propagation

The Gaussian elimination and LU factorization algorithms are considered di-
rect methods because they calulate the solution vectorx = AS!bin a “nite
number of steps without an iterative re“nement. On a computer with in“nite
precision, direct methods would yield the exact solutionx . However, since
computers have “nite precision, the solution obtained has limited accuracy.
The condition number of a matrix is a useful measure for determining the level
of accuracy of a solution. The condition number of the matrix A is generally
de“ned as

(A= ™ (2.41)

min

where max and min denote the largest and smallest eigenvalues of the matrix
ATA. These eigenvalues are real and non-negative regardless of whether the
eigenvalues ofA are real or complex.

The condition number of a matrix is a measure of the linear independence
of the eigenvectors of the matrix. A shgular matrix has at least one zero
eigenvalue and contains at least one degenerate row (i.e., the row can be
expressed as a linear combination of other rows). The identity matrix, which
gives rise to the most linearly independent eigenvectors possible and has every
eigenvalue equal to one, has a condition number of 1. If the condition number
of a matrix is much much greater than one, then the matrix is said to beill
conditioned. The larger the condition number, the more sensitive the solution
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process is to slight pertubations in the elements ofA and the more numerical
error likely to be contained in the solution.

Because of numerical error introducedinto the solution process, the com-
puted solution x of equation (2.1) will dier from the exact solution x by
a “nite amount x. Other errors, such as approximation, measurement, or
round-o error, may be introduced into the matrix A and vector b. Gaussian
elimination produces a solution that has roughly

tlog,, Slog;, (A) (2.42)

correct decimal places inthe solution, where't is the bit length of the man-
tissa (t = 24 for a typical 32-bit binary word), is the base ( = 2 for binary
operations), and is the condition number of the matrix A. One interpre-
tation of equation (2.42) is that the solution will lose about log;, digits of
accuracy during Gaussian elimination (and consequently LU factorization).
Based upon the known accuracy of the maix entries, the condition number,
and the machine precision, the accuracy of the numerical solutiorx can be
predicted [35].

2.4 Relaxation Methods

Relaxation methods are iterative in nature and produce a sequence of vectors
that ideally converge to the solution x = AS!b. Relaxation methods can be
incorporated into the solution of equation (2.1) in several ways. In all cases,
the principal advantage of using a relaxation method stems from not requiring
a direct solution of a large system of linear equations and from the fact that the
relaxation methods permit the simulator to exploit the latent portions of the
system (those portions which are relatively unchanging at the present time)
e ectively. In addition, with the advent of parallel-processing technology,
relaxation methods lend themselves more readily to parallel implementation
than do direct methods. The two most common relaxation methods are the
Jacobi and the Gauss-Seidel methods [56].

These relaxation methods may be applied for the solution of the linear
system

Ax=b (2.43)

A general approach to relaxation methods is to de“ne asplitting matrix M
such that equation (2.43) can be rewritten in equivalent form as

Mx =(M SA)x+b (2.44)
This splitting leads to the iterative process

Mx*? = (M SA)x*+b k=1,..., (2.45)
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wherek is the iteration index. This iterat ion produces a sequence of vectors
x1,x2,... for a given initial guess x®. Various iterative methods can be de-
veloped by di erent choices of the matrix M. The objective of a relaxation
method is to choose the splitting matrix M such that the sequence is easily
computed and the sequence corarges rapidly to a solution.

Let A be splitinto L + D + U, wherelL is strictly lower triangular, D is a
diagonal matrix, and U is strictly upper triangular. Note that these matrices
are di erent from the L and U obtained from LU factorization. The vector
X can then be solved for in an iterative manner using the Jacobi relaxation
method,

xk*1 = §pS (L+ U)xk S b (2.46)
or identically in scalar form,
"oy b
xkt = § boxf+ 1 i nk 0 (2.47)
aji aji

j =i

In the Jacobi relaxation method, all of the updates of the approximation
vector xK*1 are obtained by using only the components of the previous ap-
proximation vector xX. Therefore this method is also sometimes called the
method of simultaneous displacements.

The Gauss-Seidel relaxation method is similar:

X1 = S(L+ D)%t UxSb (2.48)
or in scalar form
iS1 a n ai b
Xkl = § box S boxf o+ 1 i n k 0 (249
= aji izl &ji aji

The Gauss-Seidel method has the advantage that each new updaté,l<+l relies
only on previously computed values at that iteration: x§** x5*1 ... xK3 .
Since the states are updated one-by-one, the new values can be stored in the
same locations held by the old values, thus reducing the storage requirements.
Since relaxation methods are iterative, it is essential to determine under

what conditions they are guaranteed to converge to the exact solution
x = ASlp (2.50)

It is well known that a necessary and su cient condition for the Jacobi re-
laxation method to converge given any initial guessxg is that all eigenvalues
of

M; = SDSY(L + U) (2.51)

must lie within the unit circle in the complex plane [56]. Similarly, the eigen-
values of 5
Mgs = S(L+ D)°'U (2.52)
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must lie within the unit circle in the complex plane for the Gauss-Seidel re-
laxation algorithm to converge for any initial guess Xg. In practice, these
conditions are di cult to con“rm. There are several more general conditions
that are easily con“rmed under which convergence is guaranteed. In particu-
lar, if A is strictly diagonally dominant, then both the Jacobi and Gauss-Seidel
methods are guaranteed to converge to the exact solution.

The initial vector xq can be arbitrary; however if a good guess of the solution
is available it should be used forxg to produce more rapid convergence to
within some pre-de“ned tolerance.

In general, the Gauss-Seidel method converges faster than the Jacobi for
most classes of problems. I is lower-triangular, the Gauss-Seidel method
will converge in one iteration to the exact solution, whereas the Jacobi method
will take n iterations. The Jacobi method has the advantage, however, that
at each iteration, eachxX*! is independent of all otherx}“rl forj =i. Thus

I
the computation of all x!“l can proceed in parallel. Ths method is therefore
well suited to parallel processing [36].

Both the Jacobi and Gauss-Seidel methods can be generalized to the block-
Jacobi and block-Gauss-Seidel methods wherA is split into block matrices
L + D + U, where D is block diagonal andL and U are lower- and upper-
block triangular respectively. The same necessary and sucient convergence
conditions exist for the block case as for the scalar case, that is, the eigenvalues
of M; and Mgs must lie within the unit circle in the complex plane.

Example 2.5

Solve

S10 2 3 6 1
0S9 1 4 2
2 6812 2 X7 3 (2:53)
3 1 088 4

for x using (1) the Gauss-Seidel method, and (2) the Jacobi method.

Solution 2.5 The Gauss-Seidel method given in equation (2.49) with the
initial vector x =[0 0 0 0] leads to the following updates:
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X1 X2 X3 Xa
0.0000 0.0000 0.0000 0.0000
-0.1000 -0.2222 -0.3778 -0.5653
-0.5969 -0.5154 -0.7014 -0.7883
-0.8865 -0.6505 -0.8544 -0.9137
-1.0347 -0.7233 -0.9364 -0.9784
-1.1126 -0.7611 -0.9791 -1.0124
-1.1534 -0.7809 -1.0014 -1.0301
-1.1747 -0.7913 -1.0131 -1.0394
-1.1859 -0.7968 -1.0193 -1.0443
10 -1.1917 -0.7996 -1.0225 -1.0468
11 -1.1948 -0.8011 -1.0241 -1.0482
12 -1.1964 -0.8019 -1.0250 -1.0489
13 -1.1972 -0.8023 -1.0255 -1.0492
14 -1.1976 -0.8025 -1.0257 -1.0494
15 -1.1979 -0.8026 -1.0259 -1.0495
16 -1.1980 -0.8027 -1.0259 -1.0496

CoOoO~NOOUWNEX

The Gauss-Seidel iterates hee converged to the solution
x =[$1.1980 S 0.8027 S 1.0259 S 1.0496]

From equation (2.47) and using the initial vector x = [0 0 0 0], the following
updates are obtained for the Jacobi method:

k X1 X2 X3 X4
1 0.0000 0.0000 0.0000 0.0000
2 -0.1000 -0.2222 -0.2500 -0.5000
3 -0.5194 -0.4722 -0.4611 -0.5653
4 -0.6719 -0.5247 -0.6669 -0.7538
5 -0.8573 -0.6314 -0.7500 -0.8176
6 -0.9418 -0.6689 -0.8448 -0.9004
7 -1.0275 -0.7163 -0.8915 -0.9368
8 -1.0728 -0.7376 -0.9355 -0.9748
9 -1.1131 -0.7594 -0.9601 -0.9945
10 -1.1366 -0.7709 -0.9810 -1.0123
11 -1.1559 -0.7811 -0.9936 -1.0226

12 -1.1679 -0.7871 -1.0037 -1.0311
13 -1.1772 -0.7920 -1.0100 -1.0363
14 -1.1832 -0.7950 -1.0149 -1.0404
15 -1.1877 -0.7974 -1.0181 -1.0431
16 -1.1908 -0.7989 -1.0205 -1.0451
17 -1.1930 -0.8001 -1.0221 -1.0464
18 -1.1945 -0.8009 -1.0233 -1.0474
19 -1.1956 -0.8014 -1.0241 -1.0480
20 -1.1963 -0.8018 -1.0247 -1.0485
21 -1.1969 -0.8021 -1.0250 -1.0489
22 -1.1972 -0.8023 -1.0253 -1.0491
23 -1.1975 -0.8024 -1.0255 -1.0492
24 -1.1977 -0.8025 -1.0257 -1.0494
25 -1.1978 -0.8026 -1.0258 -1.0494
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FIGURE 2.3
Convergence rates of the Gauss-Seidel and Jacobi methods

The Jacobi iterates have converged to the same solution as the Gauss-Seidel
method. The error in the iterates is shown in Figure 2.3 on a semi-log scale,
where the error is de“ned as the maximum|(x¥ S x;)| for all i = 1,...,4.
Both the Gauss-Seidel and the Jacobi methods exhibitinear convergence,
but the Gauss-Seidel converges with a steper slope and will therefore reach
the convergence tolerance sooner for the same initial condition.

Example 2.6
Repeat Example 2.2 using the Jacobi iterative method.

Solution 2.6 Repeating the solution procedure of Example 2.5 yields the
following iterations for the Jacobi method:

k X1 X2 X3 X4
1 0 0 0 0
2 1.0000 1.0000 0.2000 0.2500
3 -4.8000 -2.1500 -1.6000 -2.8500
4 36.6500 22.3500 9.8900 14.9250
5 -225.0100 -136.8550 -66.4100 -110.6950

Obviously these iterates are not converging. To understand why they are
diverging, consider the iterative matrix for the Jacobi matrix:

M, = SDSI(L + U)
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0.0053.0054.0058.00
$2.00 00052.0053.00
$0.8050.60 00051.60
§2.2550.5051.75 000

The eigenvalues ofM; are
$6.6212
4.3574
1.2072
1.0566

which are all greater than one and lie outside the unit circle. Therefore, the
Jacobi method will not converge to the solution regardless of choice of initial
condition and cannot be used to solve the system of Example 2.2.

If the largest eigenvalue of the iterative matrix M; or Mgs is less than,
but almost, unity, then the convergence may proceed very slowly. In this case
it is desirable to introduce a weighting factor that will improve the rate of
convergence. From

x<*1 = §(L+ D)%t UXShb (2.54)

it follows that
XK+l = yk § pS1 | yk#t +(D+U)x*Sb (2.55)
A new iterative method can be de“ned with the weighting factor  such that
X1 = xk & D S xk*1 4 (D + U)xkS b (2.56)

This method is known as the successive overrelaxation (SOR)Method with
relaxation coe cient > 0. Note that if the relaxation iterates converge,
they converge to the solutionx = ASlb. One necessary condition for the
SOR method to be convergent is that 0< < 2 [27]. The calculation of
the optimal value for s di cult, except in a few simple cases. The optimal
value is usually determined through trial and error, but analysis shows that
for systems larger thann = 30, the optimal SOR can be more than forty
times faster than the Jacobi method [27]. The improvement on the speed of
convergence often improves as increases.

2.5 Conjugate Gradient Methods

Another common iterative method for solving Ax = bis the conjugate gradi-
ent method. This method can be considered a minimization method for the
function

E(x)= AxSb? (2.57)
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Xk+1

$Xk+1
$(k

FIGURE 2.4
The conjugate gradient method

along a succession of rays. One attractive feature of this method is that it
is guaranteed to converge in at mostn steps (neglecting round-o error) if
the A matrix is positive de“nite. The conjugate gradient method is most
frequently used instead of Gaussian elimination if theA matrix is very large
and sparse, in which case the solution may be obtained in less than steps.
This is especially true if the A matrix is well conditioned. If the matrix is ill
conditioned, then round-o errors may prevent the algorithm from obtaining
a su ciently accurate solution after n steps.

In the conjugate gradient method, a succession of search directions, is
employed and a parameter  is computed such thatf xS |  is min-
imized along the | direction. Upon setting x** equal to x* S ¢ , the
new search direction is found. As the conjugate gradient method progresses,
each error function is associated with a speci“c ray, or orthogonal expansion.
Therefore the conjugate gradient methal is reduced to the process of generat-
ing the orthogonal vectors and “nding the proper coe cients to represent the
desired solution. The conjugate gradient method is illustrated in Figure 2.4.
Let x denote the exact (but unknown) solution, xX an approximate solution,
and xkK = xS x . Given any search direction ¥, the minimal distance from
the line to x is found by constructing x**' perpendicular to x¥. Since the
exact solution is unknown, the residual is made to be perpendicular to ¥.
Regardless of how the new search direction is chosen, the norm of the residual
will not increase.

All iterative methods for solving Ax = b de“ne an iterative process such
that

Xt = xK+ 1k (2.58)

where x**1 is the updated value,  is the steplength, and , de“nes the
direction R" in which the algorithm moves to update the estimate.
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Let the residual, or mismatch, vector at stepk be given by
re = AxS b (2.59)
and the error function given by

Ex x< = AxK&b? (2.60)
Then the coe cient that minimizes the error function at step k+1 is
ATI’k 2
k1 = (2.61)
: A ?

This has the geometric interpretation of minimizing Ex+; along the ray de“ned
by k+1 . Further, an improved algorithm is one that seeks the minimum of
Ex+1 in a plane spanned by two direction vectors, such that

XM= x4 g (ke F kel ke1) (2.62)

where the rays x+1 and 4+ span a plane inR". The process of select-
ing direction vectors and coe cients to minimize the error function Eg.1 is
optimized when the chosen vectors are orthogonal, such that

A ki1,A ka1 =0 (2.63)

where - denotes inner product. Vectors that satisfy the orthogonality con-
dition of equation (2.63) are said to be mutually conjugate with respect to
the operator AT A, where AT is the conjugate transpose ofA. One method
of choosing appropriate vectors is to chooseg+; as a vector orthogonal to

k, thus eliminating the need to specify two orthogonal vectors at each step.
While this simpli“es the procedure, there is now an implicit recursive depen-
dence for generating the vectors.

Conjugate Gradient Algorithm for Solving Ax =b
Initialization: Let k =0, and
ro=Ax°Sb (2.64)
0= SATrg (2.65)
While ry
ATI'k 2
kel = A2 (2.66)
XK= XK+ g (2.67)
ree1 = AxK*1 Sb (2.68)
ATl
By = 2.69
+1 ATrk 2 ( )
ket = SATrr + Byer « (2.70)

k=k+1 (2.71)
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For an arbitrary nonsingular positive de“nite matrix A, the conjugate gra-
dient method will produce a solution in at most n steps (neglecting round-o
error). This is a direct consequence of the fact that then direction vectors

0, 1....Span the solution space. Finite step termination is a signi“cant ad-
vantage of the conjugate gradient method over other iterative methods such
as relaxation methods.

Example 2.7
Repeat Example 2.5 using the conjugate gradient method.

Solution 2.7 The problem of Example 2.5 is rgpeated here for convenience:
Solve

S10 2 3 6 1
0S9 1 4 2
2 6812 2 X7 3 (2.72)
3 1 088 4
with x°=[0000]".
Initialization: Let k =1, and
S1
fo= AX°S b= gg 2.73)
S4
8
=SATrg = 6 (2.74)
0~ 0= 831 '
$12
The initial error is
Eo= ro 2=(5.4772¥ =30 (2.75)
Iteration 1
ATr, 2
0= ®, =0.0049 (2.76)
0
0.0389
1_ o 0.0292
X X" + 00 g01507 (277)
$0.0583
§2.1328
. 1s._ S26466
ri = AXx-Shb= 510553 (2.78)

$3.3874
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2

AT I
By = , =0.1613 (2.79)
AT lo
S7.7644
&aT _ $8.8668
1= SA'ri1+B;1 o= é86195 (280)
$3.5414
and the error is
E;= ri 2=(4.9134F = 24.1416 (2.81)
Similarly for iterations 2...4:
k K XK M Bk ok Mk
S0.3211 S1.5391 S249948
$0.3820 $0.0030 S$174017
2 0.0464 $0.5504 0.2254 2.5562 §147079 3.8895
S0.2225 $3.5649 $28.7765
$0.9133 S15779 $335195
$0.7942 $0.6320 $1.0021
3 0.0237 50,8088 50,6146 0.7949 $149648 1.8322
$0.9043 $0.2998 §$17.1040
S1.1981 0.0000 0.0000
$0.8027 0.0000 0.0000
4 0.0085 §1.0260 0.0000 0:0000  S5oo0 0.0000
S$1.0496 0.0000 0.0000

The iterations converged in four steps as the algorithm guarantees.

Unfortunately for a general linear system, the conjugate gradient method
requires signi“‘cantly more multiplications and divisions than does the LU
factorization method. The conjugate gradient method is more numerically
competitive for matrices that are very large and sparse or that have a special
structure that cannot be easily handled by LU factorization. In some cases,
the speed of convergence of the conjlate gradient method can be improved
by preconditioning.

As seen with the Gauss-Seidel and Jacobi iteration, the convergence rate
of iterative algorithms is closely related to the eigenvalue spectrum of the
iterative matrix. Consequently, scaling or matrix transformation that converts
the original system of equations into one with a better eigenvalue spectrum
might signi“cantly improve the rate of convergence. This procedure is known
as preconditioning. A number of systematic approaches for sparse-matrix
preconditioning have been developed in which the basic approach is to convert
the system

Ax =b

into an equivalent system

|
<

»

i
o

MS1Ax =
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where M S approximates AS1. For example, one such approach might be
to use an incomplete LU factorization, where the LU factorization method is
applied but all “lls are neglected. If the A matrix is diagonally dominant, a
simple approximation to M 51 is

1
A(L,1)
MS1= rea (2.82)

1
A(n,n)

This preconditioning strategy scales the system of equations so that the entries
along the main diagonal are all equal. This procedure can compensate for
orders-of-magnitude di erences in scale. Note that scaling will not have any

e ect on matrices that are inherently ill conditioned.

Example 2.8
Repeat Example 2.7 using a preconditioner.

Solution 2.8 Let M S be de“ned as in equation (2.82). Thus
Sio
Ss
S

<
o
-

1

1 (2.83)
12
S3
1.000050.200050.30005 0.6000
0.0000 1000050.111150.4444
$0.166750.5000 1000050.1667
$0.375050.1250 00000 10000

$0.1000
_ &1, S0.2222
b=MSl= & 0.2500 (2.85)

$0.5000

A =MSIA = (2.84)

Solving A x = b using the conjugate gradient method yields the following set
of errors:
Eg

0.6098

0.5500

0.3559

0.1131

0.0000

ArWNRFRPOX

Although it takes the same number of iterations to converge, note that the
errors for k < 4 are much smaller than in Example 2.7. For large systems, it is
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conceivable that the error would be deceased su ciently rapidly to terminate
the iterations prior to the n-th step. This method is also useful if only an
approximate solution to x is desired.

2.6 Generalized Minimal Residual Algorithm (GMRES)

If the matrix A is neither symmetric nor positive de“nite, then the term
A k1, A ke

is not guaranteed to be zero and the search vectors are not mutually orthog-
onal. Mutual orthogonality is required to generate a basis of the solution

space. Hence this basis must be explicitly constructed. The extension of the
conjugate gradient method, called the Generalized Minimal Residual Algo-

rithm (GMRES), minimizes the norm of the residual in a subspace spanned
by the set of vectors

r% Ar® A%0 . AKSLO

where vectorr? is the initial residual r® = bS Ax° , and the k-th approx-
imation to the solution is chosen from this space. This subspace, &rylov
subspace is made orthogonal by the well-known Gram-Schmidt procedure,
known as the Arnoldi process when applied to a Krylov subspace [37]. At
each stepk, the GMRES algorithm applies the Arnoldi process to a set ofk
orthonormal basis vectors for the kth Krylov subspace to generate the next
basis vector. Arnoldi methods are described in greater detail in Section 7.3.
At each step, the algorithm multiplies the previous Arnoldi vector v; by A
and then orthonormalizes the resulting vector w; against all previous v;es.
The columnsV = [vy, V2,...,V] form an orthonormal basis for the Krylov
subspace andH is the orthogonal projection of A onto this space.

An orthogonal matrix triangularization such as the Arnoldi method consists
in determining an n x n orthogonal matrix Q such that

_ R
QT = 0 (2.86)

where R is an m x m upper triangular matrix R. Then the solution process
reduces to solving the triangular systemRx = Py, where P consists of the
“rst m rows of Q.

To clear one element at a time to upper triangularize a matrix, the Givenes
rotation can be applied. The Givenes rotation is a transformation based on
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the matrix

: . : (2.87)
0...Ssn...cs...0

0... 0 ...0...1

with properly chosen cn = cos( ) and sn = sin( ) for some rotation angle
can be used to zero the elemenf; .

One of the di culties with the GMRES methods is that as k increases,
the number of vectors requring storage increases ak and the number of
multiplications as %kzn (for a n x n matrix). To remedy this di culty, the
algorithm can be applied iteratively, i.e. it can be restarted everym steps,
wherem is some “xed integer parameter. This is often called the GMRES(m)
algorithm.

GMRES(m) Algorithm for Solving Ax =b
Initialization:
Let k=0, and
o = AX0 S b
e =[100...0]
While ry and k  Kkmax, set
j=1
vi=rlr
S= r g

cs=[000...0
sn=[000...0]"
While j <m
1. Arnoldi process
(a) form the matrix H such that H(i,j ) = (Av,-)T vi, i=1,...,j
(b) Let w= Av; § 1_ H(i,j)v
(c) SetH(j +1,j)= w
(d) Setvjs1 =w/ w
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2. Givens rotation

(&) Compute

H(@,j) _  cs) sn() H(,j)
H@{+1,j) ~ Ssn@)csi) H(@G+1,j)
i=1,...,j81
(b) Set
esy= HG
H(G +1,j)2+ H(j)?
sn(j) = H(G +1,])

H(G +1,j)2+ H(.j)?

(c) Approximate residual norm

=cs(j)s()
s(j +1)= Ssn()s(j)
s(j) =

error= |s(j +1)]

(d) Set
H@.J)=cs(j)H(,j)+sn(j)H( +1,])
H( +1,j)=0

3. If error

(@) SolveHy = sfory
(b) Update approximation
X=XxXSVy
(c) Method has converged. Return.
4. Setj =j+1
5. If j = m and error >  (restart GMRES)

() Sets=[100 ... 0]
(b) Solve Hy = s fory
(c) Calculate x = xS Vy
(d) Calculater = Ax S b
(e) Setk=k+1
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Example 2.9
Repeat Example 2.5 using the GMRES method.

Solution 2.9 The problem of Example 2.5 is rgpeated here for convenience:
Solve

§10 2 3 6 1
089 1 4 _ 2
2 6812 2 X7 3 (2.88)
3 1 088 4

with x°=[0000]". Let =10S3.

j=1 Solving the Arnoldi process yields

$40333 0 O 0

H = 62369 0 O 0
0O 0 o0 0

0O 0 O 0
$0.182650.9084 0 0
V= §0.3651éo.2654 0 0
$05477 00556 0 O
$0.7303 03181 0 O

Applying the Givenes rotation yields
cs= 505430000
sn= 0.8397000

74274 0 0 0
_ 0O 0 0 o0
H = 0O 0 0 o
0O 0 0 o
s= $2974354.599300 "

Since error (= |s(2)] = 4.5993) is greater than , ] = j +1 and repeat.

j=2 Solving the Arnoldi process yields

74274 26293 0 0

H = 0S125947 0 0
0 19321 0 0

0 0 0 0

S0.182650.908450.1721
V = $0.36513 0.2654 06905
S0.5477 00556S0.6728
S0.7303 03181 02024

[cNeoNeoNe
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Applying the Givenes rotation yields
cs= $0.5430 092290 0
sn= 0.8397 0385000

7.4274S12.0037 0 0

H = 0 50183 0 0
0 0 0 0

0 0 0 0

s= $2.974354.2447 177080 '
Since error (= [s(3)] =1.7708) is greater than ,j = j +1 and repeat.

j=3 Solving the Arnoldi process yields

7.4274512.0037 $3.8697 0
0 5.0183 $0.2507 0
0

H 0 05131444
0 0 26872 0
$0.182650.908450.172150.3343
V= $0.365150.2654 06905 05652

S0.5477 00556S50.6728 04942
S0.7303 03181 0.2024S50.5697

Applying the Givenes rotation yields
cs = S$0.5430 0922950.9806 0
sn= 0.8397 03850 01961 0

7.4274512,0037 18908 0
0 5018351.9362 0
0 0 137007 0
0 0 0 0

s= $2974354.244751.736450.3473
Since error (= |s(4)] = 0.3473) is greater than , ] = j +1 and repeat.

j=4 Solving the Arnoldi process yields

742745120037 18908 14182
0 5018351.9362 05863
0 0 137007S1.4228
0 0 059.2276

$0.182650.908450.172150.3343 07404
$0.365150.2654 06905 05652 02468
$0.5477 0.055650.6728 0.49420.6032
$0.7303 03181 0202450.5697 01645

I
1
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Applying the Givenes rotation yields

CS =

sn =

39

$0.5430 0922950.9806 10000
0.8397 03850 01961 00000

7.42745120037 1890850.2778
0 5.018351.936251.9407

0 0

S=

0 0 13700751.0920

0 91919

§2.974354.244751.736450.3473 00000 '

Since error (= |s(5)| = 0), the iteration has converged.

Solving fory from Hy = s yields

$1.8404
$0.9105
$0.1297
$0.0378

Solving for x from
X=XSVy

yields
$1.1981
$0.8027
$1.0260
$1.0496

which is the same as the previous example.

(2.89)

(2.90)

(2.91)
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2.7 Problems

1. Show that the number of multiplications and divisions required in the

LU factorization of an n x n square matrix is n(n? S 1)/ 3.

. Consider the systemAx = b, where

1 —
aij—i+jéll,j—1,...,4
and .
1
hzs aj

i=1
Using only four decimal places of accracy, solve this system using LU
factorization

(a) no pivoting
(b) partial pivoting

Comment on the di erences in solutions (if any).

. Prove that the matrix

01
11

does not have an LU factorization.

A =

. Assuming that an LU factorization of A is available, write an algorithm

to solve the equationx™ A = b'.

. For the following matrix, “nd A = LU (no pivoting) and PA = LU

(with partial pivoting)

@ 5

6 S22 4
12 S84 10
38133 3
S6 42818

A=

(b)

(0p4
O, NN
(0p]
N PP
(08
wwbsN
DN - Ol



The Solution of Linear Systems 41

6. Write an LU factorization-based algorithm to “nd the inverse of any
nonsingular matrix A.

7. Solve the system of problem 5(b) with the vector

1
1
1
1

(a) Using LU factorization and forward/backward substitution

(b) Using a Gauss-Jacobi iteration. How many iterations are required?

(c) Using a Gauss-Seidel iteration. How many iterations are required?

(d) Using the Conjugate Gradient method. How many iterations are
required?

(e) Using the GMRES method. How many iterations are required?

Use a starting vector of

[cNeoNeoNe

and a convergence error of 19° for the iterative methods.

8. Apply the Gauss-Seidel iteration to the system
0.96326 081321

A= 081321 068654
b 088824
= 074988

Usex® =[0.33116 070000] and explain what happens.

9. Solve the system of equations in problem 2 using the conjugate gradient
method.

10. Solve the system of equations in problem 2 using the GMRES method.

11. Consider ann x n tridiagonal matrix of the form
a S1
S1 a S1
S1 a S1
1l asSl
1aS1
1 a

(0)]3
(0p]3

Ta

1
(V)]
(08
(08 U
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where a is a real number.
(a) Verify that the eigenvalues of T, are given by
j=aS2cos{ ) j=1,...,n
where
n+1
(b) Let a=2.

i. Will the Jacobi iteration converge for this matrix?
ii. Will the Gauss-Seidel iteration converge for this matrix?

12. An alternative conjugate gradient algorithm for solving Ax = b may
be based on the error functionalE, x¥ = xk S x,x¥ S x where -
denotes inner product. The solution is given as

Xk+1:Xk+ K k

Using 1 = SATrg and +1 = SATrc+ ¢ «, derive this conjugate
gradient algorithm. The coe cients  and  can be expressed as
2

Tk
k+1 — 2
k+1
2
]
k+1 — 2
Mk

Repeat Example 2.7 using this conjugate gradient algorithm.
13. Write a subroutine with two inputs (A, "ag) that will generate for any
non-singular matrix A, the outputs (Q, P) such that if
€ "ag=0, A = LU,P + |
€ "ag=1, PA=LU
where

|11 0 0...0 1ui Uiz ... U1p
|21 |22 0...0 0 1 up3...U2
L = l31 I32 I3 ... O and U = 00 1 ...uwn
Inl In2 In3---|nn 00 O0...1

and
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14. For the following non-singular matrices, use the subroutine of Problem
13 and obtain matricesP and Q in each of the following cases:

@)

001
314
210

(b)

10519001
0 014
0 210
1 000

15. Write a subroutine with two inputs ( A, b)that will generator for any
non-singular matrix A, the output (x) such that

Ax = b

using forward and backward substitution. This subroutine should in-
corporate the subroutine developed in Problem 13.

16. Using the subroutines of Problems 13 and 15, solve the following system
of equations

25611 x; 1
4682 x, _ 1
4370 x3 1
1263 4  xa 1
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Systems of Nonlinear Equations

Many systems can be modeled generically as
F(x)=0 (3.1)

where X is an n-vector and F represents a nonlinear mapping with both its
domain and range in then-dimensional real linear spaceR". The mapping F
can also be interpreted as being am-vector of functions

f1(X1,X2,...,X%Xn)
fo(X1,X2,...,Xn)

F(x)= : =0 (3.2
fn(xl,xé,...,xn)

where at least one of the functions is nonlinear. Each function may or may not
involve all n statesx;, but it is assumed that every state appears at least once
in the set of functions. The solutionx of the nonlinear system cannot, in gen-
eral, be expressed in closed form. Thus nonlinear systems are usually solved
numerically. In many cases, it is possible to “nd an approximate solutionx
arbitrarily close to the actual solution x , by replacing eachapproximation
with successively better (more accurate) approximations until

F(x) O

Such methods are usuallyiterative. An iterative solution is one in which an
initial guess (x°) to the solution is used to create a sequencex®, x*, x2, ...
that (hopefully) converges arbitrarily close to the desired solutionx .

Three principal issues arise with the use of iterative methods, namely

1. Is the iterative process well de“ned? That is, can it be successively
applied without numerical di culties?

2. Do the iterates (i.e., the sequence of updates) converge to a solution of
equation (3.1)? Is the solution the desired solution?

3. How economical is the etire solution process?

The complete (or partial) answers to these issues are enough to “Il several
volumes, and as such cannot be discussed in complete detail in this chapter.

45
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These issues, however, are central to # solution of nonlinear systems and
cannot be fully ignored. Therefore this chapter will endeavor to provide su -
cient detail for the reader to be aware of the advantages (and disadvantages)
of di erent types of iterative methods without providing exhaustive coverage.

3.1 Fixed Point Iteration

Solving a system of nonlinear equations is a complex problem. To better
understand the mechanisms involved in a large-scale system, it is instructive
to “rst consider the one dimensional, or scalar, nonlinear system

f(x)=0. (3.3)

One approach to solving any nonlinear equation is the tried-and-true strial
and errorZ method that most engineering and science students have used at
one time or another in their careers.

Example 3.1
Find the solution to
f(x)= x2S5x+4=0 (3.4)

Solution 3.1 This is a quadratic equation that has a closed form solution.
The two solutions are

5+ (S5)2S (4)4
vix, = OF (BS@@
2
If a closed form solution did not exist, however, one approach would be to
use a trial and error approach. Since the solution occurs whefi(x) = 0, the

value of f (x) can be monitored and used to re“ne the estimates tox .

f(x)

0 0 080+4=4>0

1 2 4810+4=582<0
2 05 025825+4=1.75>0
3 15 225875+4=5125<0

=~
X

By noting the sign of the function and whether or not it changes sign, the
interval in which the solution lies can be successively narrowed. If a function
f (x) is continuous andf (a) -f (b) < 0, then the equationf (x) = 0 has at least
one solution in the interval (a,b). Sincef (0.5) > 0 and f (1.5) < 0 it can be
concluded that one of the solutions lies in the interval (05, 1.5).
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This process, however, tends to be tedious and there is no guidance to
determine what the next guess should be other than the bounds established
by the change in sign off (x). A better method would be to write the sequence

of updates in terms of the previous guesses. Thus, an iterative function can
be de“ned as:

l: x**t =g x*, k=1,..., (3.5)

This is known as a “xed-point iteration because at the solution
X =g(x) (3.6)

Example 3.2
Find the solution to equation (3.4) using a “xed point iteration.

Solution 3.2 Equation (3.4) can be rewritten as

x2+4

X = 5 (3.7)

Adopting the notation of equation (3.5), the iterative function becomes

k 2

X< " +4

k+1 — k —
XKt = g xX = . (3.8)

Using this iterative function, the estimates to x are:
k  xK g xK

0 o 04 =0.8

1 08 96* =0.928

2 0.928 989 =0.971

3 0.971 °9¥* =0.989

It is obvious that this sequence is converging to the solutiorx =1.
Now consider the same example, except with a di erent initial guess:

k  xk g xK
0 5 ®4 =58
1 5.8 36& -7528

2 7528 0674 =12.134
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| _ X2+4
5 }/g(X) 5
4 —— y=X
3 X0

~ 7 f(x)=x25x+4
] L

FIGURE 3.1
Graphical interpretation of the “xed point iteration

In this case, the iterates are increasing rapidly and after a few more iter-
ations would approach in“nity. In this case, it is said that the iteration is
diverging.

This example brings up two very important points: will a sequence of it-
erates converge and, if so, to what saition will they converge? In order to
address these questions, consider “rst a graphical interpretation of Example
3.2. Plotting both sides of the function in equation (3.7) yields the two lines
shown in Figure 3.1.

These two lines intersect at the same two points in which the original func-
tion f(x) = 0. The “xed point iteration works by “nding this intersection.
Consider the initial guessx® shown in Figure 3.1. The function g(x) evalu-
ated at x° gives the updated iterate x*. Thus a vertical line projected from
x? points to g(x°) and a horizontal line projected from g(x°) gives x*.

The projection of the function g(x') yields x2. Similar vertical and hori-
zontal projections will eventually lead directly to the point at which the two
lines intersect. In this way, the solution to the original function f (x) can be
obtained.

In this example, the solution x = 1 is the point of attraction of the “xed
point iteration. A point x is said to be a point of attraction of an iterative
function | if there exists an open neighborhoodSy of x such that for all
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FIGURE 3.2
Domain of attraction of x

initial guessesx? in the subsetSy of S, the iterates will remain in S and

Jim xK = x (3.9)

The neighborhood Sy is called the domain of attraction of x [34]. This
concept is illustrated in Figure 3.2 and implies that the iterates of | will
converge tox wheneverx? is su ciently close to x . In Example 3.2, the
“xed point x =1 is a point of attraction of

Kk 2
ke _ X0 +4

| =
X 5

whereasx = 4 is not. The domain of attraction of x = 1 is all x in the
domainS <x< 4.

It is often dicult to determine a priori whether or not an iteration will
converge. In some cases, a series okitites will appear to be converging,
but will not approach x even ask . However, there are a number of
theorems that provide insight as to whether an iteration of x = g(x) will
converge.

Mean Value Theorem: [47] Suppose a functiong(x) and its derivative g (x)
are both continuous in the intervala x b. Then there exists at least one
, a< <b such that _

g(b) S g(a)
bSa

g()= (3.10)
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<Y

FIGURE 3.3
Meaning of the mean value theorem

The meaning of this theorem is shown in Figure 3.3. If a functiong(x)
is de“ned in the region betweenx = a and x = b and is both di erentiable
(smooth) and continuous, then a secant line can be drawn between pointé
and A . The slope of this secant line is

a(b) S g(a)
bS a

The mean value theorem states that there is at least one point on the curve,
at x = where the tangent to the curve has the same slope as the lindA .
Rewriting the equation of the mean value theorem as

9B Sg(@=g()bS a)
then for an successive iterates in whichx** = band x* = a, then
g(x*™) S g(x*) = g ( ) §x) (3.11)
or taking the absoluate values:
g(x*™) S g(x*) = g(*) (x*** Sx¥) (3.12)

As long as the appropriate ¥ is used, the mean value theorem can be suc-
cessively applied to each iteration of tte sequence. If the entire region which
includes x as well as all of thexX, then the derivative g (x) is bounded.
Therefore

g( ) ™ (3.13)
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for any k whereM is the positive upper bound. Then starting from the initial
guessx?,

x28xr M x1Sx° (3.14)
38x2 M x28x! (3.15)
: (3.16)
xS xk M xK§ xks? (3.17)
and by combining yields

xS xk Mk xS xO (3.18)

Thus for any initial guess x°,
lgx)| M< 1 (3.19)

then the iterates will converge.

A similar, but slightly di erent method of determining whether or not an
iterative process will converge is given by theOstrowski theorem [34]. This
theorem states that if the iterative process

I x**t =g x*, k=1,...,

has a “xed point x and is continuous and di erentiable at x , andif 9¢ ) <
1, then x is a point of attraction of |.

Example 3.3
Determine whetherx =1 and x =4 are points of attraction of the iterative
function of equation (3.8).

Solution 3.3 The derivative of the iterative process! in equation (3.8) is

g(x) _ 2
x 5%
Thus, forx =1, 2x = Z< landx =1is a point of attraction of I. For
x =4: 2x = 2(4)= &> 1;thus,x =4 is nota point of attraction of I.

There are four possible convergence pyes for “xed point iterations. These
are shown graphically in Figure 3.4. Figure 3.4 (a) shows what happens if
g (x) is between 0 and 1. Even if the initial guessxgp is far from x , the
successive values ot approach the solution from one side ... this is de“ned
as monotonic convergence Figure 3.4 (b) shows the situation wheng (x) is
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A A
y y=x y

y=X

» X

B x2 o X0 X3 X2 x0

(a) monotonic convergence (b) oscillating convergence

A A
y y y=X
» X » X
/ XOxt xR x3 xt X0 X x2
(c) monotonic divergence (d) oscillating divergence
FIGURE 3.4

Four possible convergence types in the iteratiorx = g(x)

between -1 and 0. Even if the initial guessxg is far from x , the successive
values of xk approach the solution from “rst one side and then the other
oscillating around the root. This convergence isoscillatory convergence

Figure 3.4 (c) shows the case wheg (x) is greater than 1 leading to mono-
tonic divergence Figure 3.4 (d) illustrates the case wheng (x) < S1 and
lg (x)| > 1. This is oscillatory divergence
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3.2 Newton-Raphson Iteration

Several iterative methods o er more robust convergence behavior than the
simple “xed point iteration described in the previous section. One of the
most widely used iterative methods is theNewton-Raphsoniterative method.
This method can also be describd by the iterative process

l: x**t =g x*, k=1,...,

but frequently o ers better convergence properties than the “xed point iter-
ation.
Consider again the scalar nonlinear function

Expanding this function in a Taylores series expansion about the pointx¥
yields

‘ f < .17 < K2
f(x)=1f x¢ + X Sx° + ) X Sx¢ "+ ...=0 (3.21)
X sk 21 x= o«
If it is assumed that the iterates will converge to x ask , then the
updated guessxk*! can be substituted forx , yielding
k+1 k f k1 & Kk °f k1 & (k 2
f(x**)=f x* + XS XS+ XTHSxC T+ ...=0
Xy 21 x2
(3.22)

If the initial guess is *su ciently closeZ to x and within the domain of at-
traction of x , then the higher order terms of the expansion can be neglected,
yielding

foxky=f xk + f XK1 Sxk 0 (3.23)

Xk
Solving directly for x**1 as a function of x* yields the following iterative
function: .
A
| : x*1 =xk§ f xK (3.24)
Xk

which is the well-known Newton-Raphson iterative method.

The Newton-Raphson method also lends itself to a graphical interpretation.
Consider the same function as in Example 3.2 plotted in Figure 3.5. In this
method, the slope of the function evaluated at the current iteration is used to
produce the next guess. For any guess¥, there corresponds a point on the
function f xk with slope
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FIGURE 3.5
Graphical interpretation of the Newton-Raphson method

Therefore, the next guessxk*! is simply the intersection of the slope and the
x-axis. This process is repeated until the guesses are su ciently close to the
solution x . An iteration is said to have converged atxX if

f xk <

where is some pre-deternmed tolerance.

Example 3.4
Repeat Example 3.2 using a Newton-Raphson iteration.

Solution 3.4 Using the Newton-Raphson method of equation (3.24), the
iterative function is given by:
2
1 - ks XS S§Xk+4
2xk S 5
Using this iterative function, the estimates to x from an initial guess ofx® = 3
are:

I x (3.25)

k xk g xk
& 9515+4 _
0 3 3§ %15 =5
& 25825+4 _
1 5 58288 -4

& 17.64521+4 _
2 42 428178214 = 4012
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A A

f(x)

Y

X0 xt
x2 x3
(@) no real root (b) second derivative(X) = 0

(c) ¥ not close enough to root

FIGURE 3.6
Newton-Raphson regions of convergence

Similarly, the estimates to x from an initial guess ofx° = 2 are:

k xX g xK
& 4510+4 —
0o 2 2S B =0
& 050+4 —
1 0 0S oé? =0.8

2 0.8 088 064544 =0 088

In this case, both solutions are points of attraction of the Newton-Raphson
iteration.

In some cases however, the Newton-&phson method will also fail to con-
verge. Consider the functions shown in Figure 3.6. In Figure 3.6 (a), the
function has no real root. In Figure 3.6(b), the function is symmetric around
x and the second derivative is zero. In Figure 3.6 (c), an initial guess of
x¢ will converge to the solution x,. An initial guess of x2 will converge to



56 Computational Methods for Electric Power Systems

the solution x,. However, an initial guess ofx? will cause the iterates to get
locked-in and oscillate in the region denoted by the dashed box without ever
converging to a solution. This “gure supports the assertion that if the initial
guess is too far away from the actual solution, the iterates may not converge.
Or conversely, the initial guess must be su ciently close to the actual solution
for the Newton-Raphson iteration to converge. This supports the initial as-
sumption used to derive the Newton-Raphson algorithm in thatif the iterates
were su ciently close to the actual solution, the higher-order terms of the
Taylor series expansion could be negleed. If the iterates are not su ciently
close to the actual solution, these higher-order terms are signi“‘cant and the
assumption upon which the Newton-Raphson algorithm is based is not valid.

3.2.1 Convergence Properties

Note that the rate of convergence to the solution in Example 3.4 is much
faster than in Example 3.2. This is because the Newton-Raphson method
exhibits quadratic convergencewhereas the “xed-point iteration exhibits only
linear convergence Linear convergence imfies that once the iteratesx¥ are
su ciently close to the actual solution x , then the error

k= xkSx (3.26)

will approach zero in a linear fashion. The convergence of Examples 3.2 and
3.4 is shown in Figure 3.7. Plotted on a log-scale plot, the error for the “xed
point iteration is clearly linear, wher eas the Newton-Raphson error exhibits
guadratic convergence until it becomes too small to plot. Numerous methods
have been proposed to predict the rateof convergence of iterative methods.
Let the error of an iterative function be de“ned as in equation (3.26). If there
exists a numberp and a constantC = 0 such that

k+1
kI|m P C (3.27)
then p is called the order of convergenceof the iterative sequence andC is
the asympototic error constant If p =1, the convergence is said to bdinear.
If p= 2, the convergence isquadratic, and if p = 3, the order of convergence
is cubic. The Newton-Raphson method satis“es equation (3.27) withp = 2 if

d2f (x )
_ 1 dx 2

T2 d(x)
dx

where C = 0 only if dz;ﬁ’; ) = 0. Thus, for most functions, the Newton-
Raphson method exhibits quadratic convergence.
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FIGURE 3.7
Non-converging iteration (“xed point vs. Newton-Raphson)

3.2.2 The Newton-Raphson for Systems of Nonlinear Equa-
tions

In science and engineering, many applications give rise tgystemsof equa-
tions such as those in equation (3.2). With a few modi“cations, the Newton-
Raphson method developed in the previas section can be extended to systems
of nonlinear equations. Systems of equations can similarly be represented by
Taylor series expansions. By making the assumption once again that the ini-
tial guess is su ciently close to the exact solution, then the multi-dimensional
higher order terms can be neglected, iglding the Newton-Raphson method
for n-dimensional systems:

XLz xk g g gk STE K (3.28)

where

X1
X2
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and the Jacobian matrix J x¥ is given by

fl f1 fl f1
X1 X2 X3 """ Xnq
fa fa2 fo2 fa
X1 X2 X3 """ Xnq
JXk = fg fsg f3 fa
X1 X2 X3 """ Xnq

fo fo fo t

X1 X2 X3 """ Xnq
Typically the inverse of the Jacobian J x* is not found directly, but rather
through LU factorization by posing the Newton-Raphson method as

J xk xS xk = SF xK (3.29)

which is now in the form Ax = b where the Jacobian is the matrix A, the
function SF xK is the vector b, and the unknown x is the di erence vector

xk*1 S xk . Convergence is typically evaluated by considering the norm of
the function

F x* < (3.30)

Note that the Jacobian is a function of x* and is therefore updated every
iteration along with F xk .

Example 3.5
Find the solution to

0=x5+x385x;+1 = f1(Xg,X2) (3.31)
0=x58x353%x, 83 =fy(xX1,X2) (3.32)

with an initial guess of
x© =

Solution 3.5 The Jacobian of this system of equations is:

f 1 c~
2X1S5 2
= X = ~ v
J (x1,%2) e 12 % 82x, 53
Iteration 1
The Jacobian and the functionsf, and f, are evaluated at the initial con-
dition
16 xPg3 _ 34

659 g3 - 12 (3.33)
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Solving this linear system yields
xX"8§3 _ 08
xP g3 = S08
Thus
xP =08+x¥ =08+3=3.8
xP = 8§08+ xP = §08+3=2.2
The error at iteration 1 is
0

©)

=12
fo x(lo),x2

Iteration 2

The Jacobian and the functionsf; and f, are evaluated atx®

26 44 xP 8§38 _ 3128
76574 yx@&22 ~ 000

Solving this linear system yields

x? 8§38 _ $01798
x? 522 ~ 501847

Thus

$0.1798 + 3.8 = 3.6202
$0.1847 +22 =2.0153

$0.1798 +x{"
$0.1847 +x%"

x
=
1

x
N
1

The error at iteration 2 is

1 1
fq x(l),x(z)

fo x(ll) ,x(zl)

=1.28

Iteration 3

The Jacobian and the functionsf; and f, are evaluated atx®

22404 40307 x{P §36202 _ $0.0664
7.240457.0307 ¥ §20153  0.0018

Solving this linear system yields

x¥ §36202 _ $0.0102
x § 20153  S0.0108

59

(3.34)

(3.35)
(3.36)

(3.37)

(3.38)

(3.39)
(3.40)

(3.41)

(3.42)
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Thus

$0.0102 +x%
$0.0108 +x¥

$0.0102 + 3.6202 = 3.6100 (3.43)
$0.0108 + 2.0153 = 2.0045 (3.44)

X
N
1

The error at iteration 3 is

f1 x(lz) ,x(zz)

fo x(lz) ,x(zz)

=0.0664

At iteration 4, the functions f; and f, are evaluated atx® and yield the
following:

3 3 o =
f1x0x) 50221x 1052
- 3

f, x@ x9 0.012x 10°

Since the norm of this matrix is very small, it can be concluded that the
iterates have converged and

x  _ 36100
x® 2.0045

are within an order of error of 1052 of the actual solution.
In the solution to Example 3.5, the error at each iteration is

iteration error

0 12.0000
1 1.2800
2 0.0664
3 0.0002

Note that once the solution is su ciently close to the actual solution, the er-
ror at each iteration decreases rapidly. fthe iterations were carried far enough
the error at each iteration would become roughly the square of the previous
iteration error. This convergence behavor is indicative of the quadratic con-
vergence of the Newton-Raphson method.

3.2.3 Modi“cations to the Newton-Raphson Method

Although the full Newton-Raphson method exhibits quadratic convergence
and a minimum number of iterations, each iteration may require signi“cant

computation. For example, the computation of a full Jacobian matrix requires
n? calculations, and each iteration requires on the order ofn® operations
for the LU factorization if the Jacobian is a full matrix. Therefore most

modi“cations to the Newton-Raphson method propose to reduce either the
calculation or the LU factorization of the Jacobian matrix.
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Consider once again the iterative statement of the Newton-Raphson method:
= S
o xk = xkg g xk Sty xk
This iterative statement can be written in a more general form as:

o Xk = xkg M oxk Shf xk (3.45)

where M is ann x n matrix that may or may not be a function of xX. Note
that even if M = J, this iteration will still converge to a correct solution for
x if the function f (x) is driven to zero. So one approach to simplifying the
Newton-Raphson method is to “nd a suitable substitute matrix M that is
easier to compute than the system Jaobian. One common simpli“cation is
to substitute each of the partial derivative entries f( " by a di erence approx-

imation. For example, a simple approximation migHt be
fi 1 oo

' fi x+hjd Sfi(x) (3.46)

Xj hij

whereé is the j unit vector:

o

0
where the 1 occurs in thej ™ row of the unit vector and all other entries are
zero. The scalarh; can be chosen in numerous ways, but one common choice
is to let h = xS x¥>*. This choice forh; leads to a rate of convergence of
1.62, which lies between quadratt and linear convergence rates.

Another common modi“cation to the Newton-Raphson method is to setM
equal to the Jacobian matrix at occasional intervals. For example, the matrix
M can be re-evaluated whenever the convergence slows down, or at more reg-
ular intervals, such as every other or other third iteration. This modi“cation
is known as the dishonest Newtonssmethod. An extreme extension of this
method is to setM equal to the initial Jacobian matrix and then to hold it
constant throughout the remainder of the iteration. This is commonly called
the very dishonest Newtonesmethod. In addition to the reduction in com-
putation associated with the calculation of the matrix, this method also has
the advantage that the M matrix need only be factored into the LU matrices
once since it is a constant. This can save considerable computation time in the
LU factorization process. Similarly, the matrices of the dishonest Newtones
method need only be factored when theVl matrix is re-evaluated.
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3.3 Continuation Methods

Many of the iteration methods described so far will, in general, converge to a
solution x of f (x) = 0 only if the initial condition is su ciently close to x .
The continuation method approach may be considered to be an attempt to
widen the region of convergence of a given method. In many physical systems,
the problem de“ned by the mathematical equationf (x) = 0 may in some way
depend in a natural way on a parameter of the system. When this parameter
is set equal to 0, the systenfo(x) = 0 has a known solution x°. However, for
varying , and entire family of functions H (x, ) exist such that:

H (x,0) = fo(x), H (x,1)=f(x) (3.47)

where a solutionx?® of H (x, 0) = 0 is known, and the equation H (x, 1) = 0
is the desired problem to be solved.

Even if f (x) does not depend naturally on a suitable parameter , a family
of problems satisfying equation (3.47) can be de“ned by

HX )= T X)+@QS )fo(x), [0, 1] (3.48)

when the solution x° of fo(x) = 0 is known. As varies from 0 to 1, the
family of mappings varies fromfgy (x) =0 to f1(x) = 0 where the solution of
f1(x) = f (x) =0 is the desired valuex! = x .
As a “rst approach to obtaining x = x?, the interval [0, 1] can be parti-
tioned as
0= o< 1< 2<...< y=1

and consider solving the problems
H(x i)=0, i=1,...,N (3.49)

and assuming that a Newton-Raphson iteration is used to solve each problem
i in equation (3.49), then the initial condition for the i-th problem is the
solution from H (x, is1) = 0. For small enough intervals betweeni andi +1,
this solves the problem of identifying a good initial condition.

The relationship given in equation (3.48) is an example of ahomotopy in
which two functions f (x) and f o(x) are embedded in a single continuous func-
tion. Formally, a homotopy between any two functions is a continuous map-
ping f,f o : X Y:

H:[0 1]xX Y (3.50)

such that equation (3.47) holds. If such a mapping exists, then it is said that
f is homotopicto fg.

Homotopy functions are used to de“ne a path from the known solution to
a relatively simple problem (fo(x) = 0) to the solution of a more complex
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problem to which the solution is desired ¢ (x) = 0) . This path comprises the
solutions to a family of problems which represent the continuous deformation
from the simple problem to the desired problem. Continuation methods are
a numerical approach to following the deformation path.

Homotopy continuation methods can be constructed to be exhaustive and
globally convergent, meaning that all solutions to a given system of nonlinear
equations can be found and will converge regardless of choice of initial condi-
tion [58]. Since a homotopy problem is equal to zero at every point [0, 1]
along the path, it is therefore equal to zeroat =  and = 41 which
are two successive points along the path. This gives:

0=H x, v = (F)+@ S k) fo(xN) (3.51)
0=H x' 11 = af(x*)+@ S ) fo(x**)  (3.52)
For paths along the path, the homotopy parameter .1 is associated with

the parameter set
Xk+1 - Xk + X

If the changes in the parameters are small, the function$o(x¥*1 ) and f (x**1)
can be linearly approximated by using a Taylor series expansion aboukX
and neglecting all terms higher than second order. Applying this technique
to equation (3.52) yields:

(k+ )R xk x+@S8 S ) foxk +Fu x x =0 (3.53)

where Fx and Fox are the Jacobians off (x) and fy(x) with respect to x,
respectively. Subtracting equation (3.51) from equation (3.53) and canceling
like terms yields

0= 1 Fx XX +(1S 1)Fox xK  x+ f x* Sy xX (3.54)

Using xk** = xk + x, equation (3.54) can be rewritten in terms of the
homotopy function to yield the update equation:

X = xk& H L, xk e St OH XK e (3.55)

where
k+t1 = kT

and Hy (X, ) is the Jacobian of H (x, ) with respectto x.
Example 3.6
Solve

0=f1(X1,X2) = x2S 3x5+3 (3.56)
0="f(X1,X2) = X1X2 +6 (3.57)
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using the homotopic mapping with

0="fop (X]_,Xz): X%é 4 (358)
0= fo2(X1,X2) = X559 (3.59)

Solution 3.6 Set up a homotopy such that

Hx )= fX)+@S )fo(x), [0, 1] (3.60)
0= x383x%3+3 +(1S ) x2S 4 (3.61)
0= (x1X2+6)+(1S ) x589 (3.62)

The continuation method advances the solution via equation (3.55):

Kl o= kg (3.63)
. S
Xyt g & k1 2xE Sexs 1§ ke 2xk o St y
xk*t x5 x5 xk 0
(X5)2$3(x5)2+38 (x)?S 4 (3.64)
xkxk+6S  (x5)2S 9 '
The solution is then re“ned through the Newton-Raphson solution forx'i+l

and x§** from

0= k+1 (le(_+1 )2 S 3(X5+1 )2 +3 + (1 S k+1) (X|i+1 )2 é 4 (365)
0= M1 xkilykil 1g 1 (1§ K1) (xk1)28 9 (3.66)

Starting with  © = 0 and = 0.1 yields the easily obtained initial solution
of the system:

Xy =2
X5 =3

NO RO

Predicting the values for k = 1 from equations (3.63) and (3.64) yields:

xi =2.3941
X3 =2.7646

Re“ning the solution via the Newton-Raphson solution to equations (3.65)-
(3.66) yields

X} =2.3628
1

x} = 2.7585
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This process is repeated untii =1 and x; = S3 and x, = 2 which are the
correct solutions to the desired problem.

The same process will work if the inital solutions are chosen ag} = S2 and
x9 = S3. In this case, the obtained values are the alternate solutiorx; = 3
and x, = S2 to the desired problem.

3.4 Secant Method

The Newton-Rapshon method is based on using the line tangent to the func-
tion y = f(x). By using the slope of the tangent line, the update to the
iteration can be calculated. The di culty with this method is the computa-
tional complexity required to compute the function derivative, or f (x). An
alternate approach to calculating the slope of the tangent is to take two points
close to the desired root and interpolate between them to estimate the slope
as shown in Figure 3.8. This produces the linear function

q(x) = ap + arx (3.67)

whereq x° =f x° andg x* =f x! . This line is the secantline and is
given by 5 5
x!Sx f x% + xSx% f x?

a(x) 1S X0 (3.68)
Setting X2 = x and solving yields:
, S1
. f xt St x°
x2=x1gf xt X 2T (3.69)

The process can now be repeated by using? and x* to produce another
secant line. By repeatedly updating the secant line, the generalized formula
becomes:

g f oxk Sf xkS1
k1 — k k
Xt =xXSft x (k& (k1 (3.70)
Note that the secant method can be considered an approximation of the
Newton-Raphson method

xk* = xk § fx (3.71)
f (x¥) '

by using the approximation
L foxk S xkSt

f x < s

(3.72)
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FIGURE 3.8
Illustration of secant method

The secant method is often faster than the Newton-Raphson method even
though it requires a greater number of iterations to converge to the same
level of accuracy. This is because the Neton-Raphson method requires two
function evaluations f x* andf xX whereas the secant method only re-
quires one function evaluation f x* sincef xk$1 can be saved from the
previous iteration.

The secant method exhibits super linear convergence; its convergence is
faster than linear convergence, but not @& fast as quadratic convergence (of
the Newton-Raphson method). Let the error at iteration k be given by

e = xkSx (3.73)

where x is the exact solution. Using the Taylor series expansion:

f xK =f x + xKSx (3.74)
=f x + ¢ (3.75)
:f(x)+f(x)ek+;f x) & %+ ... (3.76)
Similarly
foxkS = f (x )+ f (x)ek31+;f (x ) 5124 . (3.77)
Furthermore

xKSxkel= xk&x § xk518x =SS!
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Subtracting x from both sides of equation (3.70) and recalling thatf (x ) =0
yields

1 & fx)e+ 1t (x) e ?

et = )+ A (x ) (e + S (3.78)
or £ )
ka1 _ 1 X ) k. kS1 3
€ _2f(x)ee +0 e (3.79)
Let

r
= C €&

wherer is the convergence order. If > 1, then the convergence rate is super
linear. If the remainder term in equation (3.79) is negligible, then equation
(3.79) can be rewritten

et 1f (x)
ekekS1 T 2f (x) (3.80)
and in the limit
lim gk+l
k ksl T C (3.81)
For large k,
ek =C ekSl r
and
e|<+1 =C ek r: C C ekél r I‘: Cr+1 ekél r?
Substituting this into equation (3.81) yields
lim 28 L &
k C et Tto ¢ (3.82)

Since lim¢ € =0, this relationship can only be satis‘ed if r2Sr S 1 =0,
which has the solution

r= 1+2 5.1 (3.83)

and hence superlinear convergence.

Example 3.7
Use the secant method to “nd a solution of

0=e"523 3In(x)
starting with x°=1.5 and x* =1.4.

Solution 3.7 Using equation (3.70), the following set of values are obtained.
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FIGURE 3.9
Graphical interpretation of the di erence approximation of the slope of f (a)

xk+1 xK Xk§1 f xk foxk+l
1.4418 1.4000 1.5000 -0.0486 0.0676
1.4617 1.4418 1.4000 -0.0157 -0.0486
1.4552 1.4617 1.4418 0.0076 -0.0157
1.4557 1.4552 1.4617 -0.0006 0.0076
1.4557 1.4557 1.4552 -0.0000 -0.0006

GrWNRE X

3.5 Numerical Di erentiation

Using the Newton-Raphson method or any of its modi“cations requires the
calculation of numerous partial derivatives. In many cases, the analytic com-
putation of the partial derivative may be extremely complex or may be com-
putationally expensive to compute. In these cases, it is desirable to compute
the derivative numerically directly from the function f (x) without explicit
knowledge of | .

Consider the scalar functionf (x). The derivative of the function f at the
point X = a is equivalent to the slope of the functionf (a). A reasonable
approximation to the slope of a curvef (a) is to use a nearby pointa+ h to
compute adi erence approximation as shown in Figure 3.9.
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This has a mathematical basis that can be derived by application of the
Taylor series expansion tof (a+ h):

f h2 2f 3 Sf
f(a+ h)y=f(a)+ h « (a) + o1 x2(a)+ 3 X3(a)+ (3.84)
By rearranging:
f(a+ hySf(a) _ f h 2f
h = x(a)+ 2!x2(a)+"' (3.85)
By neglecting the higher order terms:
];(a) f(a+ hr)]Sf(a) (3.86)

This approximation becomes increasingly more accurate as becomes smaller
(and is exact in the limit as h 0). This approximation is the one-sided
di erence approximation known as the forward di erence approximation to
the derivative of f. A similar approach can be taken in which the series is
expanded abouta S h and

f f(a)Sf(asSh)
X (@) h
which is the approximation known as the backward di erence approximation.

Consider now the combination of the two approaches:

f f(a+ hySf(asSh)
X (@ 2h
This combination is often referred to as thecenter di erence approximation.
The forward and backward di erence approximations both have error on the
order of )(h), whereas the center approximation has an error on the order of
O h? and will in general have better accuracy than either the forward or
backward di erence approximations.

(3.87)

(3.88)

Example 3.8
Consider the polynomial

5

f(x)= x3+x2S4xS3

4

Approximate the derivative of this polynomial in the range [S2,1.5] with
h = 0.2 using the forward, backward, and center di erence approximations.

Solution 3.4 The exact derivative of this function is given by

5

f (x):3x2+2xé4
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f(x)
this slope approximates f{(a) - .
A o
~ 1 slope of line is f (@)
.‘ l ; >
a-h a a+h X
FIGURE 3.10

Graphical interpretation of the center diLerknce approximation of the slope
of f (a)

x fxSh)y fx) fx+h) f x) f x) f(x) fX)
backward forward center exact

-20 -3.808 -2.250 -1.092 7.79 5.79 6.79  6.75
-1.8  -2250 -1.092 -0.286 5.79 4.03 491 4.87
-1.6  -1.092 -0.286 0.216 4.03 251 3.27 3.23
-1.4  -0.286  0.216 0.462 2.51 1.23 187 1.83
-1.2 0.216 0.462 0.500 1.23 0.19 0.71  0.67
-1.0  0.462 0.500 0.378 0.19 -0.61 -0.21  -0.25
-0.8  0.500 0.378 0.144 -0.61 -1.17 -0.89 -0.93
-0.6  0.378 0.144  -0.154 -1.17 -1.49 -1.33  -1.37
-0.4 0.144 -0.154 -0.468 -1.49 -1.57 -1.53  -1.57
-0.2 -0.154 -0.468 -0.750 -1.57 -1.41 -1.49 -1.53
-0.0 -0.468 -0.750 -0.952 -1.41 -1.01 -1.21  -1.25
0.2 -0.750 -0.952 -1.026 -1.01 -0.37 -0.69 -0.73
04 -0952 -1.026 -0.924 -0.37 0.51 0.07  0.03
0.6 -1.026 -0.924 -0.598 0.51 1.63 1.07 1.03
0.8 -0.924 -0.598 -0.000 1.63 2.99 231 227
1.0 -0.598 -0.000 0.918 2.99 4.59 3.79 3.75
1.2 -0.000 0.918 2.204 4.59 6.43 551 547
1.4 0.918 2.204 3.906 6.43 8.51 747 743

Figure 3.11 clearly shows the accuracy levels of the dilerkent derivative
approximations.

By continuing in the same approach of using Taylor series expansions and
including additional information, increasingly more accurate approximations
can be achieved. One such approximation that is widely used is the Richardson
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FIGURE 3.11
Exact versus approximate derivatives

approximation:

Py =t T B @D D TE Mgy

This approximation has an error on the order O (h4).

Consider once again the Newton-Raphson method which requires the cal-
culation of the Jacobian. The approximations can be utilized to calculate
the derivatives in the Jacobian rather than a direct analytic calculation. For
example, consider the system of nonlinear equations:

f1($1,332,---,xn) =0
f2(371,332,---,xn) =0

fn(xi,20,...,2,) =0

The Jacobian for this system consists of partial derivatives of the form gj;

which can now be approximated using one of the approximation methods
introduced. For example, using the center diLerknce:

Ofi _ fi(w; + Day) — fi(x; — Dxy)
axj ZA{EJ

where Az; is usually chosen to be a small incremental change (of about 1%).
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3.6 Power System Applications

The solution and analysis procedures outlined in this chapter form the ba-
sis of a set of powerful tools that can be used for a myriad of power system
applications. One of the most outstanding features of power systems is that
they are modeled as an extremely large set of nonlinear equations. The North
American transmission grid is one of the largest nonlinear engineering sys-
tems. Most types of power system analysis require the solution in one form
or another of this system of nonlinear equations. The applications described
below are a handful of the more common applications, but are certainly not
a complete coverage of all possible nonlinear problems that arise in power
system analysis.

3.6.1 Power Flow

Many power system problems give rise to systems of nonlinear equations that
must be solved. Probably the most common nonlinear power system problem
is the power flow or load flow problem. The underlying principle of a power
flow problem is that given the system loads, generation, and network config-
uration, the system bus voltages and line flows can be found by solving the
nonlinear power flow equations. This is typically accomplished by applying
Kircho [Csllaw at each power system bus throughout the system. In this con-
text, Kircho [Csllaw can be interpreted as the sum of the powers entering a bus
must be zero, or that the power at each bus must be conserved. Since power
is comprised of two components, active power and reactive power, each bus
gives rise to two equations — one for active power and one for reactive power.
These equations are known as the power flow equations:

Npus

0=AP =P™ —V; Y V;Y;;cos(0; — 0; — 1)) (3.90)
j=1
o Nbus
0=AQ:=Q" —V; Y V;Yysin(0; — 0; — ¢i;) (3.91)
j=1

izl,...,Nbus
¥ QU™ are the active and reactive power injected at the bus i,
respectively. Loads are modeled by negative power injection. The values V;
and V; are the voltage magnitudes at bus ¢ and bus j, respectively. The
values ; and ¢; are the corresponding phase angles. The value Y;;Z¢;; is the
(i5)*" element of the network admittance matrix Y. The constant N, is the
number of buses in the system. The updates APF and AQ¥ of equations (3.90)
and (3.91) are called the mismatch equations because they give a measure of
the power dilerknce, or mismatch, between the calculated power values, as

where P
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functions of voltage and phase angle, and the actual injected powers. As the
Newton-Raphson iteration continues, this mismatch is driven to zero until the
power leaving a bus, calculated from the voltages and phase angles, equals the
injected power. At this point the converged values of voltages and phase angles
are used to calculate line flows, swing bus powers, and the injected reactive
powers at the generator buses.

The formulation in equations (3.90) and (3.91) is called the polar formula-
tion of the power flow equations. If Y;;Z¢;; is instead given by the complex
sum g;; + jb;;, then the power flow equations may be written in rectangular
form as

Nbus
0= Pi”” -V Z V; (gij cos (0; — 9]) + by sin (0; — HJ)) (3.92)
j=1
o Npus
0=@Q" =Vi Y Vi(gsin(0; —6;) —bicos(6; —6,))  (3.93)
j=1

izl,...,Nbus

In either case, the power flow equations are a system of nonlinear equations.
They are nonlinear in both the voltage and phase angle. There are, at most,
2Ny, s equations to solve. This number is then further reduced by removing
one power flow equation for each known voltage (at voltage controlled buses)
and the swing bus angle. This reduction is necessary since the number of
equations must equal the number of unknowns in a fully determined system.
Once the nonlinear power flow equations have been determined, the Newton-
Raphson method may be directly applied.

The most common approach to solving the power flow equations by the
Newton-Raphson method is to arrange the equations by phase angle followed
by the voltage magnitudes as

A51 A]Dl
A52 AP2
A53 APB
Jl JQ A(SNbus — AP]Vbus
[hJJ N AQ, (399
JANS AQ-
JANS AQ3
_AVNbUS J _AQNbus J

where

NS =577 = of
AV, = V;k+1 _ V;k
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These equations are then solved using LU factorization with forward/backward
substitution. The Jacobian is typically divided into four submatrices, where

|:J1 J2:| — |:8§§P 88AVP:| (3 95)
= | 0AQ oAQ .
I3 Ja a5 oV
Each submatrix represents the partial derivatives of each of the mismatch
equations with respect to each of the unknowns. These partial derivatives
yield eight types — two for each mismatch equation, where one is for the
diagonal element and the other is for o[=diagonal elements. The derivatives
are summarized as

Nbus
ONP; . .
05, =V j; V;Yijsin(8; = 8; — ¢ij) + V2 sin oy (3.96)
ONP; .
- ==ViV;Yi;sin(6; — 65 — ¢iy) (3.97)
a5,
3AR Nbus
ov. T ; V;Yijcos (8 — 0; — ¢ij) — ViYii COS ¢y (3.98)
ONP,;
v, = —ViY;jc0s (6; — 05 — ¢ij) (3.99)
aAQ Nbus
o5 =y Z V;Y;; cos(6; — 8; — ¢i;) + V2Yi; cos gy (3.100)
1 _]:1
ONQ;
@t Z Vv, 08 (5 — 6 — buy) (3.101)
a5,
Nbus
000, . .
ov. ; V;Yijsin(6; — 05 — ¢iz) + ViYyi sinéy; (3.102)
08Qs — iy sin (6 — 8, — 6i3) (3.103)
av;

A common modification to the power flow solution is to replace the unknown
update AV; by the normalized value AV‘_/i. This formulation yields a more
symmetric Jacobian as the Jacobian submatrices Jo and J4 are now multiplied
by V; to compensate for the scaling of AV; by V;. All partial derivatives of
each submatrix then become quadratic in voltage magnitude.

The Newton-Raphson method for the solution of the power flow equations
is relatively straightforward to program since both the function evaluations
and the partial derivatives use the same expressions. Thus it takes little extra
computational e [afAt to compute the Jacobian once the mismatch equations
have been calculated.
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Example 3.9
Find the voltage magnitudes, phase angles, and line flows for the small power
system shown in Figure 3.12 with the following system parameters in per unit:

bus type VP Qgen Pioad Qioad

1 swing 1.02 - 0.0 0.0
2 PV 1.00 05 - 0.0 0.0
3 PQ - 0.0 0.0 1.2 0.5
(2 ] Rij Xij Bij
1 2 0.02 03 0.15
1 3 001 01 01
2 3 001 01 01
1 2
O : —0O
43 D3
3
Py +iQ;

FIGURE 3.12
Example power system

Solution 3.9 The first step in any power flow solution is to calculate the
admittance matrix Y for the power system. A simple procedure for calculating
the elements of the admittance matrix is

Y (i,7) negative of the admittance between buses i and j
Y (i,7) sum of all admittances connected to bus i

Calculating the admittance matrix for this system yields:

13.1505/ — 84.7148°  3.3260,93.8141°  9.9504.95.7106°
Y = 3.3260,95.7106° 13.1505/ — 84.7148°  9.9504./95.7106°
9.9504,95.7106°  9.9504./95.7106° 19.8012/ — 84.2606°

(3.104)
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By inspection, this system has three unknowns: ds,03, and Vs; thus, three
power flow equations are required. These power flow equations are

3
0=AP,=05-V, > V;V;;c08(d — §; — 0i)) (3.105)
j=1
3
0=AP;=~-12-V3 ) V;¥;;c08(ds —d; — ;) (3.106)
j=1
3
0=AQ3=-05-V3> V;Yjsin(ds —35; —0;) (3.107)
j=1

Substituting in the known quantities for V; = 1.02, V5, = 1.00, and ¢; = 0 and
the admittance matrix quantities yields:

AP, = 0.5 — (1.00) ((1.02)(3.3260) cos(5> — 0 — 93.8141°)
+(1.00)(13.1505) cos(d> — & + 84.7148°)
+ (V3)(9.9504) cos(d, — &5 — 95.7106°)) (3.108)

AP; = —1.2 — (V5) ((1.02)(9.9504) cos(5; — 0 — 95.7106°)
+(1.00)(9.9504) cos(55 — 55 — 95.7106°)
+ (V3)(19.8012) cos(J; — 03 + 84.2606°)) (3.109)
AQ; = —0.5— (V3) ((1.02)(9.9504) sin(d5 — 0 — 95.7106°)
+(1.00)(9.9504) sin(J5 — d> — 95.7106°)
+ ((V3)(19.8012) sin(d5 — &5 + 84.2606°)) (3.110)

The Newton-Raphson iteration for this system is then given by

OAP, OAP> OAP:

952 003 A% A52 APQ
Z%% 2%”3 Z§VP3 N | =— | AP (3.111)
06a. 06 OVH AVs AQs

where
AP .
IDP2 _ 33925 sin (62 — 93.8141°)
96,
+9.9504V5 sin (6, — 63 — 95.7106°)
AP .
88 5 ? = —9.9504Vjsin (52 — 65 — 95.7106°)
3
ODPy _ 99504 cos (65 — 65 — 95.7106°)
V3
ONP;

= —9.9504V5 sin (65 — 65 — 95.7106°)
965
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0Dy _ 10.1494V3 sin (53 — 95.7106°)
96
+9.9504V; sin (65 — &2 — 95.7106°)
AP,
OAPs _ 101494 cos (65 — 95.7106°)
Vs
—9.9504 c0s (53 — 65 — 95.7106°)
—39.6024V; cos (84.2606°)
A
0 5 ;23 = 9.9504V5 cos (93 — 65 — 95.7106°)
2
A
0 5 ;23 = —10.1494V; cos (93 — 95.7106°)
3
—9.9504V; cos (65 — J> — 95.7106°)
O8Qs _ 101404 sin (65 — 95.7106°)
V3

—9.9504 sin (d3 — d2 — 95.7106°)
—39.6024V5 sin (84.2606°)

Recall that one of the underlying assumptions of the Newton-Raphson itera-
tion is that the higher order terms of the Taylor series expansion are negligible
only if the initial guess is su [ciehtly close to the actual solution to the nonlin-
ear equations. Under most operating conditions, the voltages throughout the
power system are within £10% of the nominal voltage and therefore fall in
the range 0.9 < V; < 1.1 per unit. Similarly, under most operating conditions
the phase angle di[erences between adjacent buses are typically small. Thus
if the swing bus angle is taken to be zero, then all phase angles throughout
the system will also be close to zero. Therefore in initializing a power flow,
it is common to choose a “flat start” initial condition. That is, all voltage
magnitudes are set to 1.0 per unit and all angles are set to zero.

Iteration 1
Evaluating the Jacobian and the mismatch equations at the flat start initial
conditions yields:

[—13.2859  9.9010  0.9901
[J°] = 9.9010 —20.0000 —1.9604
| —0.9901  2.0000 —19.4040
AP) 0.5044
AP) | = | —1.1802
AQY | —0.2020
Solving
NS} AP
[J°] | &d3 | =— | AR

AVy AQS
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by LU factorization yields:

A5} —0.0096
Ast | = | —0.0621
AV —0.0163

Therefore

63 = 69 + As3 =0 —0.0096 = —0.0096
83 = 69 + As3 = 0—0.0621 = —0.0621
Vi =V + AV =1—0.0163 = 0.9837

Note that the angles are given in radians and not degrees. The error at the
first iteration is the largest absolute value of the mismatch equations, which
is

e! =1.1802

One quick check of this process is to note that the voltage update V3 is
slightly less than 1.0 per unit, which would be expected given the system
configuration. Note also that the diagonals of the Jacobian are all equal or
greater in magnitude than the o[-diagonal elements. This is because the
diagonals are summations of terms, whereas the o[-diagonal elements are
single terms.

Iteration 2
Evaluating the Jacobian and the mismatch equations at the updated values
63,81, and Vi yields:

[—13.1597 9.7771 0.4684
[Jl] = 9.6747 —19.5280 —0.7515
| —1.4845  3.0929 —18.9086
APy [ 0.0074
AP; | = | —0.0232
AQL | —0.0359
Solving for the update yields
A —0.0005
A5 | = | —0.0014
AV} —0.0021
and
52 —0.0101
62 | = | —0.0635
Vi 0.9816
where

e2 =0.0359
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Iteration 3
Evaluating the Jacobian and the mismatch equations at the updated values
83,63, and V7 yields:

[—13.1392 9.7567  0.4600
[J?] = 9.6530 —19.4831 —0.7213
| —1.4894  3.1079 —18.8300
AP [ 0.1717
AP) | = |—0.5639 | x107*
AQY | —0.9084

Solving for the update yields

A3 —0.1396
A§3 | = | —0.3390 | x10°°
AV —0.5273
and
53 —0.0101
63 | = | —0.0635
vy 0.9816
where

£ =0.9084 x 10~*

At this point, the iterations have converged since the mismatch is su Lciehtly
small and the values are no longer changing significantly.

The last task in power flow is to calculate the generated reactive powers,
the swing bus active power output and the line flows. The generated powers
can be calculated directly from the power flow equations:

Nbus
P =, Z V;Yijcos(0; — 05 — dij)
j=1
o Nbus
QU =V > ViYysin(0; — 0; — i)

j=1
Therefore
Pyena = P™ =0.7087
Qgen1 = Q47 =0.2806
Qgen2 = QY = —0.0446

The active power losses in the system are the dilerknce between the sum of
the generation and the sum of the loads, in this case:

Pioss = > Pyen = Y Pioaa = 0.7087+05—12=0.0087 pu  (3.112)
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The line losses for line ¢ — j are calculated at both the sending and receiving
ends of the line. Therefore the power sent from bus 4 to bus j is

and the power received at bus j from bus ¢ is

Thus
Py = ViV;Yi5¢08 (6 — 8; — ¢i5) — V7 Yij €08 (¢45) (3.115)
Qij = ViV;Yissin (6; — 6; — ¢ig) + V;2Yij sin (i) (3.116)

Similarly, the powers P;; and @ ;; can be calculated. The active power loss on
any given line is the dilerknce between the active power sent from bus ¢ and
the active power received at bus j. Calculating the reactive power losses is
more complex since the reactive power generated by the line-charging (shunt
capacitances) must also be included.

3.6.2 Regulating Transformers

One of the most common controllers found in the power system network is
the regulating transformer. This is a transformer that is able to change the
winding ratios (tap settings) in response to changes in load-side voltage. If the
voltage on the secondary side (or load side) is lower than a desired voltage
(such as during heavy loading), the tap will change so as to increase the
secondary voltage while maintaining the primary side voltage. A regulating
transformer is also frequently referred to as an under-load-tap-changing or
ULTC transformer. The tap setting ¢ may be real or complex, and in per
unit, the tap ratio is defined as 1 : ¢ where ¢ is typically within 10% of 1.0.
A phase-shifting transformer is achieved by allowing the tap ¢ to be complex
with both magnitude and angle.

The e [edt of the regulating transformer is incorporated into the power flow
algorithm through the admittance matrix. To incorporate a regulating trans-
former into the admittance matrix, consider the regulating transformer as a
two-port network relating the input currents /; and I; to the input voltages
V; and V; as shown in Figure 3.13. The receiving end current is given by

L =(V,—tV;)Y (3.117)
Note that the currents can be found from the power transfer equation:
Si = Vil = —tV;I} (3.118)
Therefore

I =—t"I (3.119)
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FIGURE 3.13
A regulating transformer

=—t*(V; —tV) Y (3.120)
=YV, — YV (3.121)
=tPYV.i— YV (3.122)

Therefore the o [=diagonal entries in the admittance matrix become:
Y(,j)=—-t"Y
Y(j4,1) = —tY
and |t|2 Y is added to Y'(4,¢) and Y is added to Y (j, 5).
Since regulating transformers are used as voltage control devices, a common
computational exercise is to find the tap setting ¢ that will hold the secondary

bus voltage magnitude V; at a specified voltage V. This may be interpreted
as adding one additional variable to the system (¢) and one additional con-

straint (V; = V). Since the additional constraint is counterbalanced by the

additional degree of freedom, the dimension of the problem remains the same.
There are two primary approaches for finding the tap setting ¢ that results
in V; = V. One approach is an iterative approach while the second approach
calculates t directly from the power flow equations.

The iterative approach may be summarized as:

1. Sett =t

2. Run a power flow to calculate V;

3.1IsV; > V2 If yes, then t = ¢t — At, and go to step 2.
4. 1sV; < V2 If yes, then t = ¢ + At, and go to step 2.
5. Done

This approach is conceptually simple and requires no changes to the power flow
algorithm. However, it may require numerous runs of a power flow program
if to is far from the required tap setting.
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The direct approach applies the Newton-Raphson method directly to the
updated power flow equations as functions of the tap setting t¢.

1. Set V; =V and let ¢ be an unknown state

2. Modify the Newton-Raphson Jacobian such that the row of partial
derivatives with respect to V; are replaced by the row of partial deriva-
tives with respect to ¢

3. Modify the state vector x such that

Vi

Note that the state V; is replaced by ¢.
4. Perform the Newton-Raphson

In this case, the set of power flow equations is solved only once, but since the
system Jacobian is modified, a standard power flow program cannot be used.

Since the tap cannot move continuously along the transformer windings,
but must move vertically from one winding to the adjacent winding, the real
tap setting is not a continuous state. Therefore, in both cases, the calculated
tap setting must be rounded to the nearest possible physical tap setting.

Example 3.10

For the system shown in Figure 3.12, place a transformer with reactance X
and real tap ¢ between bus 3 and the load (introduce a new bus 4). Find the
new admittance matrix and the corresponding Jacobian entries.

Solution 3.10 Let the admittance matrix of the subsystem containing buses
1-3 be given by:

Y114611 Y12£012 Yi32043
Yous = | Y21£021 Ya2/02 Ya3 /023 (3.123)
Y314031 Y32/030 Y33/033
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Adding the transformer between buses 3 and 4 yields the new admittance

matrix:
Y11£4011 Y12£6012  Yi3Z013 0

Y01£4021 Yoo lOas  YozZB23 , 0
Va14031 Ya2£032 Y3303 + [ ¢
0 0 —t 1

Yous = (3.124)

71X X
The power flow equations at bus 3 become:
0= P3—V3V1Y31 €08 (63 — 01 — 031) — V3 VY32 €08 (03 — 62 — 032)

-5V ( )’“;,) cos (63 — 04 — 90°) — V2 Y33 c0s (—033) — Vi (i) cos (90°)
0= Q3= V3V1Y315in (03 — 61 — 031) — V3V2 Y32 8in (03 — 52 — 032)

A7 (;;,) sin (03 — 04 — 90°) — V2 Y33 sin (—633) — Vi (i,) sin (90°)

Since V, is specified, there is no partial derivative 8§V’:3; instead there is a

partial derivative with respect to ¢:

ONP; _ V3V

9t = X cos (63 — d4 —90°) (3.125)
Similarly, the partial derivative of 2% becomes
OAQ VaVi . ¢
o = §(4S|n(53—54—90 )+2V32X (3.126)

The partial derivatives with respect to 1,2, V1, and V> do not change, but
the partial derivatives with respect to 03, 64, and V3 become

ONP. ; .
8533 = V31 Y3y 8in (03 — 61 — 031) + V3VaYap 8in (93 — 02 — 032)
+‘/3V4;( sin (53 — 04 — 900)
ONP. t .
‘. = —VaVi 5, Sin (35 — 6, — 90°)
ONP.
8‘/33 = —V1Y31 €08 (93 — 01 — 031) — VaY32 C0OS (03 — 02 — 032)
V4)i, Ccos (53 - 54 - 900) - 2VE),Y33 Ccos (_933)
oN
85223 = —V3V1Y3;1 €08 (63 — 01 — 031) — V3V Y32 €0S (63 — 62 — 032)
—‘/3V4;( COosS (53 — 04 — 900)
0AQ3

t
064 = V3V4X cos (63 — 94 — 90°)
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[5JAN : i
8‘23 = —V1Y318in (63 — 01 — 031) — VaY328in (63 — 92 — 032)

t . . t2
- — 8, —90°) — 213Yx —033) — 2
V4X5|n(53 84 —90°) — 2V3Y33 sin (—033) VBX
These partial derivatives are used in developing the Newton-Raphson Jacobian
for the iterative power flow method.

3.6.3 Decoupled Power Flow

The power flow is one of the most widely used computational tools in power
systems analysis. It can be successfully applied to problems ranging from
a single machine system to a power system containing tens of thousands of
buses. For very large systems, the full power flow may require significant
computational resources to calculate, store, and factorize the Jacobian matrix.
As discussed previously, however, it is possible to replace the Jacobian matrix
with a matrix M that is easier to calculate and factor and still retain good
convergence properties. The power flow equations naturally lend themselves
to several alternate matrices for the power flow solution that can be derived
from the formulation of the system Jacobian. Recall that the system Jacobian
has the form:

Nl T o 3.127

{Jf% JJ B [agaQ a(’)AVQ:| (3.127)

The general form of the P submatrices are:

OAP;

= =V;V;Yi;sin(0; — 05 — ¢iz) (3.128)
96;
AP;
¢ = V;Yi;cos (6; — 65 — ¢ij) (3.129)
ov,

For most transmission lines, the line resistance contributes only nominally to
the overall line impedance; thus, the phase angles ¢;; of the admittance matrix
entries are near £90°. Additionally, under normal operating conditions the
phase angle di[erkence between adjacent buses is typically small; therefore:

cos (51 - 5j - gzﬁlj) =0 (3130)
leading to
YN
oy, =0 (3.131)

Similar arguments can be made such that

OAQ;

~ 132
25, 0 (3.132)
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Using the approximations of equations (3.131) and (3.132), a possible sub-
stitution for the Jacobian matrix is the matrix

QAP 0
ov

Using this matrix M as a replacement for the system Jacobian leads to a set
of decoupled iterates for the power flow solution:

-1
ok+l = gk — [a%P ] AP (3.134)
—1
Yl =k — [aaAVQ] AQ (3.135)

where the AP and AQ iterations can be carried out independently. The
primary advantage of this decoupled power flow is that the LU factorization
computation is significantly reduced. The LU factorization of the full Jaco-
bian requires (Zn)3 = 8n? floating point operations per iteration, whereas the
decoupled power flow requires only 2n? floating point operations per iteration.

Example 3.11
Repeat Example 3.9 using the decoupled power flow algorithm.

Solution 3.11 The Jacobian of Example 3.9 evaluated at the initial condition
is

[J°7T= 9.9010 —20.0000 —1.9604
—0.9901  2.0000 —19.4040

Note that the o[-diagonal submatrices are much smaller in magnitude than
the diagonal submatrices. For example,

] = 0.9901 | __ ] = —13.2859 9.9010
2711 —1.9604 = 9.9010 —20.000

—13.2859  9.9010  0.9901
(3.136)

and
[J3] =]|[—0.99012.0000]| << [J4 = [—19.4040]

Thus, it is reasonable to neglect the o [=diagonal matrices J, and Js;. There-
fore, the first iteration of the decoupled power flow becomes:

1
{ﬁgﬂ =[] {ﬁﬁz] (3.137)

_ | —13.2859 9.9010 ' 05044
- 9.9010 —20.000 —1.1802

[AVy] = [74] 7' AQs (3.139)
= —19.4040~' (—0.2020) (3.140)

(3.138)
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leading to the updates

5 —0.0095
5t | = |—0.0637
Vi 0.9896

The iterative process continues similar to the full Newton-Raphson method by
continually updating the J; and J; Jacobian submatrices and the mismatch
equations. The iteration converges when both the AP mismatch equations
and the AQ mismatch equations are both less than the convergence tolerance.
Note that it is possible for one set of mismatch equations to meet the conver-
gence criteria before the other; thus, the number of “P” iterations required
for convergence may diled from the number of “Q” iterations required for
convergence.

3.6.4 Fast Decoupled Power Flow

In Example 3.11, each of the decoupled Jacobian submatrices is updated at
every iteration. As discussed previously, however, it is often desirable to have
constant matrices to minimize the number of function evaluations and LU
factorizations. This is often referred to as the fast decoupled power flow and
can be represented as:

[APF] = [B'][A6*] (3.141)
[A‘C/Q k] = [B"][AVF] (3.142)

where the B’ and B” are constant [48]. To derive these matrices from the
power flow Jacobian, consider the decoupled power flow relationships for the
Newton-Raphson method:

[AP] = —[11][Ad] (3.143)
[AVQ} = —[J][AV] (3.144)

where the Jacobian submatrices in rectangular form are:

Jl(i, 7) =V Z VJ (gij sin 51']' - bij Cos 513) (3145)
J#i
Ji (i, ]) = _V;V} (gij sin 51’]’ - bij cos 513) (3146)
J4(i, Z) = 2‘/1{)” - Z ‘/J (gij sin 61‘]’ - bij Ccos (51‘j) (3147)
J#i
J4(7,j) ==V (gij sin 51']' - bij Cos 513) (3148)

where b;; = |Yj; sin ¢;;| are the imaginary elements of the admittance matrix
and g;; = |Y;; cos¢;;| are the real elements of the admittance matrix. By
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noting that ¢,; = 90°, then cos ¢;; = 0 which implies that g;; = 0. By further
approximating all voltage magnitudes as 1.0 per unit, then

Ji(i,6) == b (3.149)
J#i
J1(, 7) = by (3.150)
J#i
Ja(i, ) = bij (3.152)

Since the J; submatrix relates the changes in active power to changes in an-
gle, elements that a [edt mainly reactive power flow can be omitted from this
matrix with negligible impact on the convergence properties. Thus, shunt ca-
pacitors (including line-charging) and external reactances as well as the shunts
formed due to representation of o [=nominal non-phase-shifting transformers
(i.e., taps are set to 1.0) are neglected. Hence, the admittance matrix di-
agonal elements are devoid of these shunts. Additionally, the lumped series
resistances of the transmission lines are also omitted. The resulting approxi-
mate matrix B’ to the submatrix .J; is given by

1

B, = (3.153)
Lij
B =— Z B (3.154)
J#i

Similarly, the J, submatrix relates the changes in reactive power to changes
in voltage magnitude; therefore elements that primarily aledt active power
flow are omitted. Thus all phase-shifting transformers are neglected, resulting
in

B = by (3.155)

B}, =2b; =Y B}, (3.156)
J#i
where b; is the shunt susceptance at bus ¢ (i.e., the sum of susceptances of all
the shunt branches connected to bus 7).

This method results in a set of constant matrices that can be used to ap-
proximate the power flow Jacobian in the Newton-Raphson iteration. This
method is often referred to as the X B version of the fast decoupled power
flow. Both B’ and B” are real, sparse, and contain only network or admit-
tance matrix elements. In the Newton-Raphson method, these matrices are
only factorized once for the LU factorization, and are then stored and held
constant throughout the iterative solution process. These matrices were de-
rived based on the application of certain assumptions. If these assumptions do
not hold (i.e., the voltage magnitudes deviate substantially from 1.0 per unit;
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the network has high R/X ratios; or the angle dilerknces between adjacent
buses are not small), then convergence problems with the fast decoupled power
flow iterations can arise. Work still continues on developing modifications to
the X B method to improve convergence [32], [33], [38].

Example 3.12
Repeat Example 3.9 using the fast decoupled power flow algorithm.

Solution 3.12 The line data for the example system are repeated below for
convenience:

(3 ] Rij Xi' Bij
1 2 0.02 03 0.15
1 3 001 01 01
2 3 001 01 01

and lead to the following admittance matrix:

3.3260£95.7106° 13.1505/ — 84.7148° 9.9504/95.7106°
9.9504£95.7106° 9.9504£95.7106° 19.8012/ — 84.2606°
(3.157)
Taking the imaginary part of this matrix yields the following B matrix:

[ 13.15052 — 84.7148° 3.3260£93.8141° 9.9504495.710601
)/b’LLS -

B = 3.3186 —13.0946  9.9010

9.9010  9.9010 —19.7020

—13.0946 3.3186  9.9010
(3.158)

From the line data and the associated B matrix, the following B’ and B”
matrices result:
B = 1 1 (3.159)

o T ks o _ [-13.3333 10
! - 10 —20

23 31 32

B" = [2b3 — (B3 + Bsy)]
= [2(0.05 + 0.05)) — (9.9010 + 9.9010)] = —19.6020  (3.160)

Compare these matrices to the .J; and J, submatrices of Example 3.9 eval-
uated at the initial condition:

. = [—13:2859 9.9010
1= 9.9010 —20.000

Jy = [—19.4040]

The similarity between the matrices is to be expected as a result of the defining
assumptions of the fast decoupled power flow method.
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Iteration 1
The updates can be found by solving the following linear set of equations

AP) |~ | —1.1802 10 —20 | | ASS
[AQY] = [—0.2020] = —19.6020AV;

& ] = [ o] =~ %% ] [a]

where A5} = 68V — 50, Ast = 5 =5, and AVZ = VY — V9 and the
initial conditions are a “flat start.” Solving for the updates yields

53 —0.0103
st | = | —0.0642
Vi 0.9897

where the phase angles are in radians. This process is continued until conver-
gence in both the “P” and “Q” iterations is achieved.

Note that in both the decoupled power flow cases that the objective of the
iterations are the same as for the full Newton-Raphson power flow algorithm.
The objective is to drive the mismatch equations AP and AQ to within some
tolerance. Therefore, regardless of the number of iterations required to achieve
convergence, the accuracy of the answer is the same as for the full Newton-
Raphson method. In other words, the voltages and angles of the decoupled
power flow methods will be the same as with the full Newton-Raphson method
as long as the iterates converge.

3.6.5 PV Curves and Continuation Power Flow

The power flow is a useful tool for monitoring system voltages as a function of
load change. One common application is to plot the voltage at a particular bus
as the load is varied from the base case to a loadability limit (often known as
the point of maximum loadability). If the load is increased to the loadability
limit and then decreased back to the original loading, it is possible to trace
the entire power-voltage or “PV” curve. This curve, shown in Figure 3.14, is
sometimes called the nose curve for its shape.

At the loadability limit, or tip of the nose curve, the system Jacobian of
the power flow equations will become singular as the slope of the nose curve
becomes infinite. Thus, the traditional Newton-Raphson method of obtaining
the load flow solution will break down. In this case, a modification of the
Newton-Raphson method known as the continuation method is employed. The
continuation method introduces an additional equation and unknown into the
basic power flow equations. The additional equation is chosen specifically to
ensure that the augmented Jacobian is no longer singular at the loadability
limit. The additional unknown is often called the continuation parameter.
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Voltage Magnitude (per unit)

Power (per unit)

FIGURE 3.14
A PV curve

Continuation methods usually depend on a predictor-corrector scheme and
the means to change the continuation parameter as necessary. The basic ap-
proach to tracing the PV curve is to choose a new value for the continuation
parameter (either in power or voltage) and then predict the power flow so-
lution for this value. This is frequently accomplished using a tangential (or
linear) approximation. Using the predicted value as the initial condition for
the nonlinear iteration, the augmented power flow equations are then solved
(or corrected) to achieve the solution. So the solution is first predicted, and
then corrected. This prediction/correction step is shown in Figure 3.15.

Let the set of power flow equations be given as

K — £(6,V)=0 (3.161)

or
F@,V,\) =0 (3.162)

where K is the loading profile (i.e., the base case relationship between P and
Q) and X is the loading parameter which will vary from unity (at the base
case) to the point of maximum loadability. Equation (3.162) may be linearized
to yield:
oF oF oF
85d<5+8vdv+ 8)\d)\—o (3.163)
Equation (3.163) has one more unknown () than equations, so one more
equation is required:
dé
er |dV | =1 (3.164)
d\
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Predictor

S Corrector

Voltage Magnitude (per unit)

Power (per unit)

FIGURE 3.15
The predictor/corrector step

where ¢y, is a row vector of zeros with a single £1 at the position of the un-
known that is chosen to be the continuation parameter. The sign of the one
in ¢, is chosen based on whether the continuation parameter is increasing
or decreasing. When the continuation parameter is A (power), the sign is
positive indicating that the load is increasing. When voltage is the continua-
tion parameter, the sign is negative, indicating that the voltage magnitude is
expected to decrease towards the tip of the nose curve.
The unknowns are predicted such that

5 predicted 5 s
Vv =|Vo| +o|dV (3.165)
A Ao X
where
- - —1
do 0
Jrr ¢ K :
av | = :
PR O
b N T 1
L [ex]

and o is the step-size (or length) for the next prediction. Note that the
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continuation state dx; = 1, thus

x}eredlcted = opo + 0

so o should be chosen to represent a reasonable step-size in terms of what the
continuation parameter is (usually voltage or power).
The corrector step involves the solution of the set of equations:

F(5,V,\)=0 (3.166)

o — xgredicted -0 (3.167)

where x;, is the chosen continuation parameter. Typically the continuation
parameter is chosen as the state that exhibits the greatest rate of change.

Example 3.13

Plot the PV curve (P versus V) of the system shown in Figure 3.16 using the
continuation power flow method as the load varies from zero to the point of
maximum loadability.

1/0 v/
0.1+j1.0

&

FIGURE 3.16
System for Example 3.13

Solution 3.13 The power flow equations for the system shown in Figure 3.16
are:

0=—P —0.995V cos (§ — 95.7°) — 0.995V2 cos(84.3°)  (3.168)
0 = —0.995V sin (§ — 95.7°) — 0.995V2 sin(84.3°) (3.169)

During the continuation power flow, the vector of injected active and reactive
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powers will be replaced by the vector AK. The loading vector \K is

e[

where A\ will vary from zero to the maximum loading value. Typically the
vector K will contain the base case values for all injected active and reactive
powers in the system. In this case, the entry for the load P is negative
indicating that the injected power is negative (i.e., a load).

The loadflow Jacobian for this set of power flow equations is

7. = [ 0:995Vsin (5 —95.7°) —0.995cos(é — 95.7°) — 1.9 cos (84.3°) V
LE =1 —0.995V cos (§ — 95.7°) —0.995sin (§ — 95.7°) — 1.99sin (84.3°) V/

Iteration 1

Initially, the continuation parameter is chosen to be )\ since the load will
change more rapidly than the voltage at points far from the tip of the nose
curve. At A = 0, the circuit is under no-load and the initial voltage magnitude
and angle are 1£0°. With ¢ = 0.1 pu, the predictor step yields:

- 4 —1

. : 0
predicted - )
) do Jip - K :
14 =|dV | +o . : (3.170)
A d\ : 0
[ 1

[0 —0.9901 —0.0988 =17 ' [0
=|1|+0| 00988 —09901 0 ol @17
0 0 0 1 1

= 0.9900
0.1000

(3.172)

_—0.1000]

where § is in radians. Note that the predicted value for X is 0.1 pu.
The corrector step solves the system of equations:

0 =—\—0.995V cos (6§ — 95.7°) — 0.995V2 cos(84.3°) (3.173)
0 = —0.995V sin (6 — 95.7°) — 0.995V% sin(84.3°) (3.174)
with the load parameter X set to 0.1 pu. Note that this is a regular loadflow

problem and can be solved without program modification.
The first corrector step yields

) —0.1017
Vi= 0.9847
A 0.1000
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Note that this procedure is consistent with the illustration in Figure 3.15.
The prediction step is of length o taken tangentially to the PV at the current
point. The corrector step will then occur along a vertical path because the
power (AK) is held constant during the correction.

Iteration 2
The second iteration proceeds as the first. The predictor step yields the
following guess:

) —0.2060
V= 0.9637
A 0.2000

where X is increased by the stepsize ¢ = 0.1 pu.
Correcting the values yields the second update:

) —0.2105
V= 0.9570
A 0.2000

Iterations 3 and 4
The third and fourth iterations progress similarly. The values to this point
are summarized:

A 1% 1) o
0.1000 0.9847 -0.1017 0.1000
0.2000 0.9570 -0.2105 0.1000
0.3000 0.9113 -0.3354 0.1000
0.4000 0.8268 -0.5050 0.1000

Beyond this point, the loadflow fails to converge for a stepsize of o = 0.1.
The method is nearing the point of maximum power flow (the tip of the nose
curve) as indicated by the rapid decline in voltage for relatively small changes
in A. At this point, the continuation parameter is switched from A to V to
ensure that the corrector step will converge. The predictor step is modified

such that: .

ds ddo ] -\ 0
v | = {dVy | +o LEl o 0
d\ dXo 0 —1 0 1

where the -1 in the last row (the e vector) now corresponds to V' rather than
A. The minus sign indicates that the predictor step will reduce the voltage
magnitude by the stepsize o. The stepsize o is reduced to 0.025pu, which is
a value more appropriate for changes in voltage magnitude.

The corrector step is also modified when the continuation parameter switches
to voltage magnitude. The new augmented equations become:

0= f1(5,V,\) = =X\ — 0.995V" (cos (§ — 95.7°) + V cos(84.3°)) (3.175)
0= f»(5,V,\) = —0.995V sin (5 — 95.7°) — 0.995V2 5in(84.3°) (3.176)
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0= f3(5,V,\) = v — yPredicted (3.177)

which cannot be solved with a traditional powerflow program due to the last
equation. This equation is necessary to keep the Newton-Raphson iteration
nonsingular. Fortunately, the Newton-Raphson iteration uses the same itera-
tion matrix as the predictor matrix:

_ -1 (k+1) (k)
r] A 0 ) ) ~ fi

0 0 1% - |V ==/ (3.178)
0 —-10 1 A A f3

thus minimizing the computational requirement.

Note that the corrector step is now a horizontal correction in voltage. The
voltage magnitude is held constant while A and § are corrected. These iterates
proceed as

Predicted Corrected
A 1% 1) o A 1% 1)
0.4196 0.8019 -0.5487 0.0250 0.4174 0.8019 -0.5474
0.4326 0.7769 -0.5887 0.0250 0.4307 0.7769 -0.5876
0.4422 0.7519 -0.6268 0.0250 0.4405 0.7519 -0.6260
0.4487 0.7269 -0.6635 0.0250 0.4472 0.7269 -0.6627
0.4525 0.7019 -0.6987 0.0250 0.4511 0.7019 -0.6981
0.4538 0.6769 -0.7328 0.0250 0.4525 0.6769 -0.7323
0.4528 0.6519 -0.7659 0.0250 0.4517 0.6519 -0.7654

Note that at the last updates, the load parameter A has started to decrease
with decreasing voltage. This indicates that the continuation power flow is
now starting to map out the lower half of the nose curve. However, while the
iterations are still close to the tip of the nose curve, the Jacobian will still be
ill conditioned, so it is a good idea to take several more steps before switching
the continuation parameter from voltage magnitude back to A.

Predicted Corrected
A 1% 1) o A 1% 1)
0.4497 0.6269 -0.7981 0.0250 0.4487 0.6269 -0.7977
0.4447 0.6019 -0.8295 0.0250 0.4438 0.6019 -0.8291
0.4380 0.5769 -0.8602 0.0250 0.4371 0.5769 -0.8598
0.4296 0.5519 -0.8902 0.0250 0.4288 0.5519 -0.8899
0.4197 0.5269 -0.9197 0.0250 0.4190 0.5269 -0.9194

After switching the continuation parameter back to A, the e vector becomes

er=[0 0 —1]
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where the -1 indicates that the continuation parameter A will be decreasing
(i.e., the power is decreasing back to the base case). The predictor/corrector
steps proceed as above yielding

Predicted Corrected
A \% 0 o A \% 0
0.3190 0.2899 -1.1964 0.1000 0.3190 0.3564 -1.1088
0.2190 0.2187 -1.2554 0.1000 0.2190 0.2317 -1.2387
0.1190 0.1165 -1.3565 0.1000 0.1190 0.1220 -1.3496
0.0190 0.0166 -1.4553 0.1000 0.0190 0.0191 -1.4523

These values are combined in the PV curve shown in Figure 3.17. Note
the change in step size when the continuation parameter switches from X to
voltage near the tip of the PV curve. The appropriate choice of step size is
problem dependent and can be adaptively changed to improve computational
e [ciehcy.

1 1 1 1 1 1 1 1 1
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5
Power (pu)

FIGURE 3.17
PV curve for system of Example 3.13

3.6.6 Three-Phase Power Flow

Another special purpose power flow application is for three-phase power flow
analysis. Although much of the power system analysis is performed on bal-
anced three phase systems using one line equivalent diagrams, certain situa-
tions call for a three phase analysis. In particular, in the situation where the
transmission system is not balanced due to non-transposed lines or when the
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loads are considerably unbalanced, it may be desirable to perform a full three
phase load flow to ascertain the e [edt on the individual line flows and bus volt-
ages. The development of the three phase load flow is similar to that of the
single phase equivalent, except that the mutual coupling between lines must
be incorporated into the admittance matrix, yielding a 3n % 3n matrix with
elements Y;"? where the subscript ij indicates bus number (1 < (i,) < n)
and the superscript pq indicates phase (p,q¢ [a,b,c]).

The incorporation of each phase individually leads to the similar, but
slightly more complex, three-phase load flow equations:

Nbus
0=AP/=P™P—yP " N viyFicos (07 — 07 — ¢%7) (3.179)
q€(a,b,c) =1
o Nbus
0=AQY=QM" =V > Y VivFisin (07 — 07— ¢77) (3.180)
qe(a b,c) j=1

1=1,...,Npus and p (a,b,c)

There are three times as many load flow equations as in the single phase
equivalent load flow equations. Generator (PV) buses are handled similarly
with the following exceptions:

1. ¢ =0°,6° = —120°, ¢ = 120° for the swing bus

2. All generator voltage magnitudes and active powers in each phase must
be equal since generators are designed to produce balanced output

A three-phase load flow “flat start” is to set each bus voltage magnitude to

=1.0/0°
VP =1.0/4-120°
Ve =1.0/120°

The system Jacobian used in the Newton-Raphson solution of the load flow
equations will have a possible (3(2n) x 3(2n)) or 36n2 entries. The Jacobian
partial derivatives are found in the same manner as with the single phase
equivalent system except that the derivatives must also be taken with respect
to phase di[erkences. For example,

BN

ogt = VEAVIYSPsin (63 — 60 — ¢3)) (3.181)
J

which is similar to the single phase equivalent system. Similarly

3APG phiy qvPq P _ pd g ay2 v pp PP
a Z ZVY S|n 9 9_ ZJ)+(‘/Z) }/“ cos(¢ii
qe(abc) j=1
(3.182)
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The remaining partial derivatives can be calculated in a similar manner and
the solution process of the three-phase power flow follows the method outlined
in Section 3.6.1.
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3.7

1.

Problems

Prove that the Newton-Raphson iteration will diverge for the following
functions regardless of choice of initial condition

@ f(x)=2>+1
(b) f(x) =Tzt +322+1

. Devise an iteration formula for computing the fifth root of any positive

real number.
Using the Newton-Raphson method, solve
0 = 4y + 4y + 522 — 19
0 = 16922 + 3y + 111z — 10y — 10

with [2° %17 = [1 1]7.

Using the Newton-Raphson method, solve
O=z—2y+y>+y>—4
0=—ay+2y°—1

with [2° %17 = [1 1]7.

Repeat Problems 3 and 4 using numerical di [erkntiation to compute the
Jacobian. Use a perturbation of 1% in each variable.

. Repeat Problems 3 and 4 using the secant method.

. Repeat Problems 3 and 4 using the homotopic mapping with 0 = fy; =

I%—Zand0:f02:$§_4

. Write a generalized (for any system) power flow program. Your program

should:

(a) Read in load, voltage, and generation data. You may assume that
bus #1 corresponds to the swing bus.

(b) Read in line and transformer data and create the Y}, ;g matrix.

(c) Solve the power flow equations using the Newton-Raphson algo-
rithm, for a stopping criterion of || f (*)| < ¢ = 0.0005.

(d) Calculate all dependent unknowns, line flows, and line losses.

The Newton-Raphson portion of the program should call the lufact and
permute subroutines. Your program should give you the option of using
either a “flat start” or “previous values” as an initial guess. The easiest
way to accomplish this is to read and write to the same data file. Note
that the first run must be a “flat start” case.
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i 6 1 [ g_ 2

FIGURE 3.18

Ward-Hale 6 bus system

9.

10.

11.

The data for the system shown in Figure 3.18 are given below:

No. Type |V| 0 Pgen Qgen P)load Qload
1 0 105 O 0 0 025 0.1
2 1 105 O 0.5 0 0.15 0.05
3 2 100 O 0 0 0.275 0.11
4 2 100 O 0 0 0 0
5 2 100 O 0 0 0.15 0.09
6 2 100 O 0 0 0.25 0.15
No. To From R X B

1 1 4 0.020 0.185 0.009

2 1 6 0.031 0.259 0.010

3 2 3 0.006 0.025 0.000

4 2 5 0.071 0.320 0.015

5 4 6 0.024 0.204 0.010

6 3 4 0.075 0.067 0.000

7 5 6 0.025 0.150 0.017

Calculate the load flow solution for the system data given above. Re-
member to calculate all dependent unknowns, line-flows, and line losses.

Modify your loadflow program so that you are using a decoupled load

flow (i.e., assume [?4F] = 0 and [%AGQ} = 0). Repeat problem 9.
Discuss the dilerkence in convergence between the decoupled and the
full Newton-Raphson Power Flows.

Increase the line resistances by 75% (i.e. multiply all resistances by
1.75) and repeat problem 9 and problem 10. Discuss your findings.
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12. Using a continuation power flow, map out the “PV” curve for the orig-
inal system data by increasing/decreasing the load on bus 6 holding a
constant P/Q ratio from P = 0 to the point of maximum power transfer.

13. Making the following assumptions, find a constant, decoupled Jaco-
bian that could be used in a fast, decoupled 3-phase load flow.
e VP =1.0pu for all i and p
- QZP =0
= 07" =%120° p=m

e gyt << b
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Sparse Matrix Solution Techniques

A sparse matrix is one that has “very few” non-zero elements. A sparse sys-
tem is one in which its mathematical description gives rise to sparse matrices.
Any large system that can be described by coupled nodes may give rise to a
sparse matrix if the majority of nodes in the system have very few connections.
Many systems in engineering and science result in sparse matrix descriptions.
Large systems in which each node is connected to only a handful of other
nodes include the mesh points in a finite-element-analysis, nodes in an elec-
tronic circuit, and the busbars in an electric power network. For example,
power networks may contain thousands of nodes (busbars), but the average
connectivity of electric power network nodes is three; each node is connected,
on average, to three other nodes. This means that in a system comprised of a
thousand nodes, the non-zero percentage of the descriptive system matrix is

4 non-zerrggvelements = 1000 rows

1000 < 1000 elements

Thus, if only the non-zero elements were stored in memory, they would require
only 0.4% of the memory requirements of the full 1000 < 1000 matrix. Full
storage of an n>n system matrix grows as n2, whereas the sparse storage of the
same system matrix increases only linearly as n. Thus significant storage
and computational savings can be realized by exploiting sparse storage and
solution techniques. Another motivating factor in exploiting sparse matrix
solution techniques is the computational e [ant involved in solving matrices
with large percentages of zero elements. Consider the solution of the linear
problem

% 100% = 0.4% non-zero elements

Az =b

where A is sparse. The factorization of L and U from A requires a signifi-
cant number of multiplications where one or both of the factors may be zero.
If it is known ahead of time where the zero elements reside in the matrix,
these multiplications can be avoided (since their product will be zero) and
significant computational e [aft can be saved. The salient point here is that
these computations are skipped altogether. A person performing an LU fac-
torization by hand can note which values are zero and skip those particular
multiplications. A computer, however, does not have the ability to “see” the
zero elements. Therefore the sparse solution technique must be formulated in
such a way as to avoid zero computations altogether and operate only upon
non-zero elements.

103
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row i
column j

value &

FIGURE 4.1
Basic storage element for a;;

In this chapter, both the storage and computational aspects of sparse matrix
solutions will be explored. Several storage techniques will be discussed and
ordering techniques to minimize computational e [ant will be developed.

4.1 Storage Methods

In sparse storage methods, only the non-zero elements of the n>n matrix A are
stored in memory, along with the indexing information needed to transverse
the matrix from element to element. Thus each element must be stored with
its real value (a;;) and its position indices (row and column) in the matrix.
The basic storage unit may be visualized as the object shown in Figure 4.1.

In addition to the basic information, indexing information must also be
included in the object, such as a link to the next element in the row, or the
next element in the column, as shown in Figure 4.2.

The only additional information necessary to fully transverse the matrix
either by row or column is an indication of the first element in each row or
column. This is a stand-alone set of links that point to the first element in
each row or column.

Example 4.1
Determine a linked list representation for the sparse matrix:

-1 0-20 O
2 8 01 0O
A= 0 0 30-—2
0-3 20 O
1 2 004

Solution 4.1 A linked list representation of this matrix is shown in Figure
4.3. The last element of each column and row are linked to a null point.
Note that each object is linked to its adjacent neighbors in the matrix, both
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link from previous in column

row i
link from previous in row link to next in row
PE— - column j [ — -

value a;

link to next in column

FIGURE 4.2
Storage element for element a;; with links

by column and by row. In this way, the entire matrix can be transversed in
any direction by starting at the first element and following the links until the
desired element is reached.

If a command requires a particular matrix element, then by either choosing
the column or row, the element can be located by progressing along the links.
If during the search, the null point is reached, then the desired element does
not exist and a value of zero is returned. Additionally, if the matrix elements
are linked by increasing index and an element is reached that has a greater
index than the desired element, then the progression terminates and a value
of zero is returned.

A linked list representation for a sparse matrix is not unique and the ele-
ments do not necessarily have to be linked in increasing order by index. How-
ever, ordering the elements by increasing index leads to a simplified search
since the progression can be terminated before reaching the null point if the
index of the linked object exceeds the desired element. If the elements are not
linked in order, the entire row or column must be transversed to determine
whether or not the desired element is non-zero. The drawback to an ordered
list is that the addition of new non-zero elements to the matrix requires the
update of both row and column links.

Example 4.2
Insert the matrix element A(4,5) = 10 to the linked list of Example 4.1.
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first in column

firstin row

FIGURE 4.3
Linked list for Example 4.1
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FIGURE 4.4
Insertion of matrix element A(4,5) = 10

Solution 4.2 The insertion of the new element is shown in Figure 4.4. The
addition of this element requires two transversals of the matrix to insert the
new element and to update the links; one transversal by row and one by
column. Starting at the first in row link for row 4 (value=—3), the elements
are progressed by link. Following the links and monitoring the column indices,
it is discovered that the element with column index 3 (value=2) is the last
element in the row since it points to null. Since the new element has column
index 5, it is inserted between the (value=2) element and the null point in
the row linked list. Similarly, starting at the first in column link for column 5
(value=—2), the column is transversed and inserted between the elements with
row indices 3 (value=—2) and 5 (value=—4). The column links are updated
to reflect the insertion.
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If the linked lists of the matrix are not ordered by index, then new elements
can be added without transversing the rows or columns. A new element can
be inserted in each row or column by inserting them before the first element
and updating the first in row and first in column pointers.

Many software languages, however, do not support the use of objects, point-
ers, and linked lists. In this case it is necessary to develop a procedure to
mimic a linked list format by the use of vectors. Three vectors are required to
represent each non-zero element object: one vector containing the row num-
ber (NROW), one vector containing the column number (NCOL), and one
vector containing the value of the element (VALUE). These vectors are of
length nnz where nnz is the number of non-zero elements. Two vectors, also
of length nnz, are required to represent the next-in-row links (NIR) and the
next-in-column (NIC) links. If an element is the last in the row or column,
then the NIR or NIC value for that element is 0. Lastly, two vectors of length
n contain the first in row (FIR) and first in column (FIC) links.

The elements of the matrix are assigned a (possibly arbitrary) numbering
scheme that corresponds to their order in the NROW, NCOL, VALUE, NIR,
and NIC vectors. This order is the same for each of these five vectors. The
FIR and FIC vectors will also refer to this number scheme.

Example 4.3

Find the vectors NROW, NCOL, VALUE, NIR, NIC, FIR, and FIC for the
sparse matrix of Example 4.1.

Solution 4.3 The matrix of Example 4.1 is reproduced below with the num-
bering scheme given in parentheses to the left of each non-zero element. The
numbering scheme is sequential by row and goes from 1 to nnz = 12.

@ -1 02 —2 0 0

32 (48 0(5)1 0

A= 0 0 (6)3 0 (7) —2
008 —3 (92 0 0

(10)1 (11)2 0 0(12) —4

The ordering scheme indicated yields the following nnz vectors:
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k VALUE NROW NCOL NIR NIC
1 -1 1 1 2 3
2 -2 1 3 0 6
3 2 2 1 4 10
4 8 2 2 5 8
5 1 2 4 0 0
6 3 3 3 7 9
7 -2 3 5 0 12
8 -3 4 2 9 11
9 2 4 3 0 0
10 1 5 1 11 0
11 2 5 2 12 0
12 -4 5 5 0 0
and the following n vectors:
FIR FIC

1 1 1

2 3 4

3 6 2

4 8 5

5 10 7

Consider the matrix element A(2,2) = 8. It is the 4th element in the
numbering scheme, so its information is stored in the fourth place in vectors
VALUE, NROW, NCOL, NIR, and NIC. Thus VALUE(4)=8, NROW(4)=2,
and NCOL(4)=2. The next element in row 2 is A(2,4) =1 and it is element
5 in the numbering scheme. Therefore NROW(4)=5, signifying that element
5 follows element 4 in its row (note however that it does not indicate which
row they are in). Similarly, the next element in column 2 is A(4,2) = —3 and
it is element 8 in the numbering scheme. Therefore NCOL (4)=8.

4.2 Sparse Matrix Representation

Sparse matrices arise as the result of the mathematical modeling of a sparse
system. In many cases, the system has a naturally occurring physical network
representation or lends itself to a physically intuitive representation. In these
cases, it is often informative to visualize the connectivity of the system by
graphical means. In the graphical representation, each node of the graph
corresponds to a node in the system. Each edge of the graph corresponds to
a branch of the network. As with a network, the graph, consisting of vertices
and edges, is often represented by a set of points in the plane joined by a
line representing each edge. Matrices that arise from the mathematical model
of a graphically represented network are structurally symmetric. In other
words, if the matrix element a;; is non-zero, then the matrix element aj; is
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@) (b)

FIGURE 4.5
(a) A finite element grid model, (b) The corresponding matrix



Sparse Matrix Solution Techniques 111

also non-zero. This implies that if node ¢ is connected to node j, then node
4 is also connected to node i. Matrices that are not structurally symmetric
can be made symmetric by adding an element of value zero in the appropriate
position within the matrix.

In addition to a graphical representation, it is also common to visualize
sparse matrices by a matrix that is clear except for an identifying symbol
(such as a x,= , or other mark) to represent the position of the non-zero
elements in the matrix. The finite element grid of the trapezoid shown in
Figure 4.5(a) gives rise to the sparse matrix structure shown in Figure 4.5(b).
Note that the ordering of the matrix is not unique; another numbering scheme
for the nodes will result in an alternate matrix structure.

4.3 Ordering Schemes

Node ordering schemes are important in minimizing the number of multipli-
cations and divisions required for both L and U triangularization and for-
ward/backward substitution. A good ordering will result in the addition of
few fills to the triangular factors during the LU factorization process. A fill
is a non-zero element in the L or U matrix that was zero in the original A ma-
trix. If A is a full matrix, a = ”33*” multiplications and divisions are required
for the LU factorization process and 5 = n? multiplications and divisions
are required for the forward/backward substitution process. The number of
multiplications and divisions required can be substantially reduced in sparse
matrix solutions if a proper node ordering is used.

Example 4.4
Determine the number of multiplications, divisions, and fills required for the
solution of the system shown in Figure 4.6.

Solution 4.4 The LU factorization steps yield

q11 = a1
21 = @21
g31 = asi
Qa1 = Q41
51 = as1

qi12 = (l12/Q11
q13 = (l13/Q11
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e 0o 0 0 o
o o

O, ) ® ° °
° °
° °

FIGURE 4.6
Graph and matrix for Example 4.4

qia = CL14/Q11

q15 = (I15/Q11

22 = @22 — 421412
Q32 = a32 — ¢314912
Qa2 = Q42 — q414912

52 — @52 — (451412

q23 = (@23 — @21q13) /q22
@24 = (@24 — q21q14) /q22
q25 = (a25 — @21q15) /422

g33 = a33 — 31913 — (32¢23
g43 = Q43 — 41913 — G42G23

53 = a53 — (51913 — (52423

¢34 = (asa — ¢31¢14 — ¢32q24) /(J33
q35 = (ass — g31q15 — q32925) /CI33

Qa4 = Q44 — 41914 — §42G24 — 43434
Q54 = G54 — 51914 — 52924 — ¢53G34
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Qa5 = (@45 — Q41915 — Q22925 — 943G35) /Q44

gs5 = G55 — 514915 — ¢52425 — 453435 — §54445

113

The multiplications and divisions required for the LU factorization are sum-
marized by row and column.

row column multiplications divisions

1

2

3

1

2

0

~ArOWOOPMOWSMAO

OFRPONOWOMO

fills

a3z, a42, as2

a23, a24, @25
@43, @53
a34, G35

54
Q45

Therefore oo = 40 is the total number of multiplications and divisions in the
LU factorization. The forward (Ly = b) and backward (Ux = y) substitution

steps yield:

U1
Y2

Y3z =

Ya
Ys
Ts5
T4
T3
T2

T

=b1/qn
= (b2 — q21y1) /q22

(bs — g3191 — @32%2) /Q33

= (bs — qu1y1 — Qu2y2 — Qa3Yy3) /Qua
= (bs — g51y1 — G52Y2 — G53Y3 — G54Y4) /G55
=Ys
= Y4 — Q4575

= Y3 T (35T5 — 34T4

= Y2 — (25T5 — ¢24T4 — (2373
= Y1~ q15T5 — ¢14%4 — 1373 — 1222

forward

row multiplications

OB wWN -

~AwWwNEFO

divisions

1

L el e

backward

multiplications

OFrRrNWA

divisions

[oNoNoNoNe
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FIGURE 4.7
Graph for Example 4.4

Thus 5 = 25 is the total number of multiplications and divisions in the
forward and backward substitution steps. The total number of multiplications
and divisions for the solution of Az = b is o+ 5 = 36.

A fill occurs when a matrix element that was originally zero becomes non-
zero during the factorization process. This can be visually simulated using a
graphical approach. Consider the graph of Example 4.4 shown again in Figure
4.7.

In this numbering scheme, the row and column corresponding to node
1 is factorized first. This corresponds to the removal of node 1 from the
graph. When node 1 is removed, all of the vertices to which it was connected
must then be joined. Each edge added represents two fills in the @ matrix
(¢i; and ¢;;) since Q is symmetric. The graph after the removal of node 1 is
shown in Figure 4.8. The dashed lines indicate that six fills will occur as a
result: go3, ¢o4, o5, q34, G35, @and qu5. These are the six fills that are also
listed in the solution of the example.

Example 4.5
Determine the number of multiplications, divisions, and fills required for the
solution of the system shown in Figure 4.9.

Solution 4.4 The LU factorization steps yield

qi1 = a11
gs1 = G531

q15 = (l15/Q11
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SO
O e
FIGURE 4.8
Resulting fills after removing node 1
@
] [
[ [
@ 5) © ° °
o O
e 6 6 0 ©o
®)

FIGURE 4.9
Graph and matrix for Example 4.5
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Q22 = @22
q25 = azs5/q22
52 = a52
q33 = a33
g53 = as53

g3s = CL35/Q33

a4 = Q44
Q54 = Q54
qa5 = CL45/ qa4

gs5 = G55 — 514915 — ¢52425 — 453435 — 54445

The multiplications and divisions required for the LU factorization are sum-
marized by row and column.

row column multiplications divisions fills

1 0 0
1 0 1
2 0 0
2 0 1
3 0 0
3 0 1
4 0 0
4 0 1
5 4 0

Therefore o = 8 is the total number of multiplications and divisions in the
LU factorization. The forward (Ly = b) and backward (Ux = y) substitution
steps vyield:

y1 = b1/qu1

Yo = ba/qo2

ys = bs/qs3

Ya = ba/qua

ys = (bs — gs1y1 — @52Y2 — G53Y3 — G54Y4) /@55
T5 = Ys

T4 = Y4 — Q4575
T3 = Y3 — Q4355
T2 = Y2 — 255

T1 = Y1~ q15%5
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forward backward
row multiplications divisions multiplications divisions
1 0 1 1 0
2 0 1 1 0
3 0 1 1 0
4 0 1 1 0
5 4 1 0 0

Thus 5 = 13 is the total number of multiplications and divisions in the
forward and backward substitution steps. The total number of multiplications
and divisions for the solution of Az =bis a+ 5 = 21.

Even though both original matrices had the same number of non-zero el-
ements, there is a significant reduction in the number of multiplications and
divisions by simply renumbering the vertices of the matrix graph. This is due,
in part, by the number of fills that occurred during the LU factorization of
the matrix. The @ matrix of Example 4.4 became full, whereas the @ matrix
of Example 4.5 retained the same sparse structure as the original A matrix.
From these two examples, it can be concluded that although various node
orders do not aledt the accuracy of the linear solution, the ordering scheme
greatly aledts the time in which the solution is achieved. A good ordering
scheme is one in which the resulting @ matrix has a similar structure to the
original A matrix. This means that the number of fills is minimized. This
objective forms the basis for a variety of ordering schemes. The problem of
optimal ordering is an NP-complete problem [54], but several schemes have
been developed that provide near-optimal results.

Example 4.6
Determine number of fills, «, and 3 for the matrix shown in Figure 4.10 as
currently ordered.

Solution 4.6 The first step is to determine where the fills from LU factoriza-
tion will occur. By observation, the fills will occur in the places designated
by the in the matrix shown in Figure 4.11. From the figure, the number of
fills is 24.

Rather than calculating the number of multiplications and divisions re-
quired for LU factorization and forward/backward substitution, there is a
handy way of calculating o and g directly from the filled matrix.

a= Z (nnz in column i below ¢;; + 1) % (nnz in row i to right of ¢;;) (4.1)
=1
8 = nnz of matrix Q 4.2)

Using equations (4.1) and (4.2),
a=(Bx4)+(Ax5)+(Bx6)+(4x5)+(@4x5)+(3x4)
+(B3x4)+(2x3N+(1x2)+(0x1)=134



118 Computational Methods for Electric Power Systems

0
1 o ° ° ° i
2 . . o ° B
3 . . . . . . g
4 [ [ [ [ —
5 [} o o o o ° 4
6 . . . B
7 L] L] L] L] L] L] L] —
8 . . . . 1
9 . . B
10 ] . . . 1

FIGURE 4.10
Matrix for Example 4.6

0

1r [} [} o ° 4
2 ° . A ° A ° 4
3 . . . . . . -
4 o A o o o A A A -
5 . . . . . A . —
6 . . . A A B
7 . . A . . . . . A —
8 o A o A A A o o A A -
9 . A . A g
10 [} o A o A A A A ° 4

FIGURE 4.11
Matrix with fills for Example 4.6
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and 8 = nnz = 68 for the Q matrix shown in Figure 4.11, thus o + 5 = 202.
Compare this with the o + 5 = 430.

Even without an ordering scheme, the sparse matrix solution process yields
over a 50% reduction in computation. One goal of an ordering scheme is to
introduce the least number of fills in the factored matrix ¢ to minimize the
number of multiplications and divisions «. A second goal is also to minimize (3,
which is the number of multiplications and divisions in the forward/backward
substitution step. These dual objectives lead to several approaches to order-

ing.

4.3.1 Scheme O

From Examples 4.4 and 4.5, it can be generalized that a better ordering is
achieved if the nodes are ordered into a lower-right pointing “arrow” matrix.
One rapid method of achieving this e [edt is to number the nodes according
to their degree, where the degree of a node is defined as the number of edges
connected to it. In this scheme, the nodes are ordered from lowest degree to
highest degree.

Scheme 0
1. Calculate the degree of all vertices.

2. Choose the node with the lowest degree. Place in ordering scheme.
3. In case of a tie, choose node with lowest natural ordering.
4. Return to step 2.

Example 4.7

Using Scheme 0, reorder the matrix of Example 4.6. Calculate «, 3 and the
number of fills for this ordering.

Solution 4.7 The degrees of each of the nodes are given below:

node degree

Boo~NwouhrwNk
WE W N UTW U ww
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1 . ° 4
2 . . . Bl
3 . . . . 1
4 ° ° A A ° ° -
5 o A o A A o o A Bl
6 . A A . A . A . —
7 o A A o o o A Bl
8 . . . . . . g
9 ° ° A ° ° ° ° B
10+ . . . A . A . . . -
I I I I I I I I I I

FIGURE 4.12
Matrix with fills for Example 4.7

Applying Scheme 0, the new ordering is
Ordering0 =96 12481035 7]

Reordering the matrix of Example 4.6 to reflect this ordering yields the ma-
trix (with fills) shown in Figure 4.12. Note how the non-zeros elements begin
to resemble the desired lower-right pointing arrow. The Scheme 0 ordering
results in 16 fills as compared to 24 with the original ordering. From the
matrix and equations (4.1) and (4.2), o = 110 and 8 = 60, thus o + 3 = 170
which is a considerable reduction over the original o + 8 = 202.

4.3.2 Scheme |

Scheme 0 o [erk simplicity and speed of generation, but does not directly take
into account the e [edt of fills on the ordering procedure. To do this, the e [edt
of eliminating the nodes as they are ordered must be taken into account. This
modification is given in Scheme I.

Scheme |
1. Calculate the degree of all vertices.

2. Choose the node with the lowest degree. Place in ordering scheme.
Eliminate it and update degrees accordingly.
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FIGURE 4.13
Graph of the matrix in Figure 4.10

3. In case of a tie, choose node with lowest natural ordering.

4. Return to step 1.

Scheme 1 is also known by many names including the Markowitz algorithm
[31], the Tinney I algorithm [50], or most generally as the minimum degree
algorithm.

Example 4.8

Using Scheme I, reorder the matrix of Example 4.6. Calculate «, 5 and the
number of fills for this ordering.

Solution 4.8 The ordering for Scheme | takes into account the e [edt of fills
on the ordering as nodes are placed in the ordering scheme and eliminated.
This algorithm is best visualized using the graphical representation of the
matrix. The graph of the orginal unordered matrix of Figure 4.10 is shown in
Figure 4.13.
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FIGURE 4.14
Updated graph with the removal of node 9

The degrees of each of the nodes are given below:

node degree

Boo~vwouhswNnrk
WEWoN U WU ww

From the degrees, the node with the lowest degree is ordered first. Node
9 has the lowest degree with only one connection. Its elimination does not
cause any fills. The updated graph is shown in Figure 4.14.
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FIGURE 4.15
Updated graph with the removal of node 6

The updated degree of each of the nodes is given below:

node degree

BovwouhrwNnr
W W OITN UTW Ul W W

Node 7 now has one less degree. Applying the Scheme | algorithm again
indicates that the next node to be chosen is node 6, with a degree of 2.
Node 6 is connected to both node 5 and node 7. Since there is a pre-existing
connection between these nodes, the elimination of node 6 does not create a
fill between nodes 5 and 6. The elimination of node 6 is shown in Figure 4.15.
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FIGURE 4.16
Updated graph with the removal of node 1

The new node degrees are

node degree
3
3

[S=Y
Bo~vohrwNnrk
wWwhsrwaoa

As a result of the elimination of node 6, the degrees of nodes 5 and 7
decrease by one. Applying the Scheme | algorithm again indicates that the
nodes with the lowest degrees are nodes [12 4 8 10]. Since there is a tie
between these nodes, the node with the lowest natural ordering, node 1, is
chosen and eliminated. Node 1 is connected to nodes 2, 4, and 8. None of
these nodes is connected; therefore, the elimination of node 1 creates three
fills: 4-8, 4-2, and 2-8. These fills are shown with the dashed edges in Figure
4.16.
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FIGURE 4.17
Updated graph with the removal of node 10

The new node degrees after the removal of node 1 are

node degree

2 4
3 5
4 4
5 5
7 5
8 4
10 3

The addition of the three fills increased the degrees of nodes 2, 4, and 8.
Applying the Scheme I algorithm again indicates that the node with the lowest
degree is node 10. There is no tie in degree this time. Node 10 is chosen and
eliminated. The elimination of node 10 creates two fills between nodes 2-5
and 2-3. These fills are shown with the dashed edges in Figure 4.17.
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1 . ° 4
2 . . . Bl
3 o ° ° ° 4
4 . . . . g
5 . . A . . A B
6 . . A . A A . A —
7 ° ° A ° ° ° ° B
8 . . . A . . . A —
9 3 3 3 3 3 3 3 e
10+ . A A . A . . -
I I I I I I I I I I

FIGURE 4.18
Matrix with fills for Example 4.8

Continuing to apply the Scheme | algorithm successively until all nodes
have been chosen and eliminated yields the following final ordering:

Ordering | =[96 110 4235 7 §]

Reordering the matrix of Example 4.8 to reflect this ordering yields the
matrix (with fills) shown in Figure 4.18. Note how the non-zero elements
continue to resemble the desired lower-right pointing arrow. The Scheme |
ordering results in 12 fills as compared to 24 with the original ordering, and
16 with Scheme 0. From the matrix and equations (4.1) and (4.2), « = 92 and
8 = 56, thus o + 8 = 148 which is a considerable reduction over the original
a+ (=202, and the o + 8 = 170 of Scheme 0.

4.3.3 Scheme Il

Scheme 0 o [erk a rapid way to order the nodes to give a quick “once-over” and
obtain a reasonable ordering. It requires little computation beyond calculating
the degrees of each node of the matrix. Scheme | takes this approach one
step further. It still relies on the minimum-degree approach, but it includes
a simulation of the LU factorization process to update the node degrees at
each step of the factorization. One further improvement to this approach is
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to develop a scheme that endeavors to minimize the number of fills at each
step of the factorization. Thus, at each step, each elimination alternative is
considered and the number of resulting fills is calculated. This scheme is also
known as the Berry algorithm and the Tinney Il algorithm and is summarized
below:

Scheme |11

1. For each node, calculate the number of fills that would result from its
elimination.

2. Choose the node with the lowest number of fills.
3. In case of a tie, choose node with lowest degree.
4. In case of a tie, choose node with lowest natural ordering.

5. Place node in ordering scheme. Eliminate it and update fills and degrees
accordingly.

6. Return to step 1.

Example 4.9

Using Scheme 11, reorder the matrix of Example 4.6. Calculate «, 5 and the
number of fills for this ordering.

Solution 4.9 The ordering for Scheme Il takes into account the e [edt of fills
on the ordering as nodes are placed in the ordering scheme and eliminated.
The degrees and resulting fills are given below:

node degree fills if eliminated edges created
1 3 3 2-4, 2-8, 4-8
2 3 3 1-7, 1-10, 7-10
3 5 6 4-7, 4-8, 4-10, 5-8, 7-10, 8-10
4 3 2 1-3,1-5
5 5 6 3-6, 4-6, 4-7, 4-10, 6-10, 7-10
6 2 0 none
7 6 12 2-3, 2-5, 2-6, 2-8, 2-9, 3-6,
3-9, 5-8, 5-9, 6-8, 6-9, 8-9
8 3 2 1-3, 1-7
9 1 0 none
10 3 2 2-3,2-5

From this list, the elimination of nodes 6 or 9 will not result in any additional
edges, or fills. Since there is a tie, the node with the lowest degree is chosen.
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Thus, node 9 is chosen and eliminated. The number of fills and degrees is
updated to apply the Scheme Il algorithm again.

node degree fills if eliminated edges created
1 3 3 2-4, 2-8, 4-8
2 3 3 1-7, 1-10, 7-10
3 5 6 4-7, 4-8, 4-10, 5-8, 7-10, 8-10
4 3 2 1-3,1-5
5 5 6 3-6, 4-6, 4-7, 4-10, 6-10, 7-10
6 2 0 none
7 5 7 2-3, 2-5, 2-6, 2-8, 3-6, 5-8, 6-8
8 3 2 1-3, 1-7
10 3 2 2-3,2-5

The next node to be eliminated is node 6 because it creates the fewest fills
if eliminated. This node is therefore chosen and eliminated. The number of
fills and degrees is again updated.

node degree fills if eliminated edges created
1 3 3 2-4,2-8, 4-8
2 3 3 1-7, 1-10, 7-10
3 5 6 4-7, 4-8, 4-10, 5-8, 7-10, 8-10
4 3 2 1-3, 1-5
5 5 6 3-6, 4-6, 4-7, 4-10, 6-10, 7-10
7 5 7 2-3, 2-5, 2-6, 2-8, 3-6, 5-8, 6-8
8 3 2 1-3, 1-7
10 3 2 2-3,2-5

The two nodes that create the fewest fills are nodes 4 and 8. Both nodes
have the same number of degrees; therefore, the node with the lowest natural
ordering, node 4, is chosen and eliminated.

The Scheme Il algorithm continues until all nodes have been added to the
ordering scheme and subsequently eliminated. Scheme Il results in the fol-
lowing ordering:

Ordering Il =[9 6 482135 7 10]

Reordering the matrix of Example 4.6 to reflect the ordering of Scheme II
yields the ordering with fills shown in Figure 4.19. This ordering yields only
10 fills, leading to an o« = 84,3 = 54, and o« + g = 138. This represents a
computational e [ant of only 68% of the original unordered system.

Scheme | endeavors to reduce the number of multiplications and divisions
in the LU factorization process, whereas Scheme Il focuses on reducing the
multiplications and divisions in the forward/backward substitution process.
Scheme 0 olerk simplicity and speed of generation, but the performance
improvement of Scheme | o[sets the additional algorithm complexity [50].
Scheme 11, however, frequently does not o[er enough of an improvement to
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10} . A . . N .

FIGURE 4.19
Matrix with fills for Example 4.9

merit implementation. The decision of which scheme to implement is problem
dependent and is best left up to the user.

4.3.4 Other Schemes

Modifications to these algorithms have been introduced to reduce computa-
tional requirements. These modifications are summarized below [18]. The first
modification to the minimum-degree algorithm is the use of mass elimination,
inspired by the concept of indistinguishable nodes [17]. This modification al-
lows a subset of nodes to be eliminated at one time. If two nodes z and y
satisfy
Adj(y) A{y} = Adj(z) {=z} (4.3)

where Adj(y) indicates the set of nodes adjacent to y, then nodes x and y
are said to be indistinguishable and can be numbered consecutively in the
ordering. This also reduces the number of nodes to be considered in an or-
dering, since only a representative node from each set of indistinguishable
nodes needs to be considered. This accelerates the degree update step of the
minimum-degree algorithm, which is typically the most computationally in-
tensive step. Using mass elimination, the degree update is required only for
the representative nodes.

The idea of incomplete degree update allows avoiding degree update for
nodes that are known not to be minimum degree. Between two nodes v and
v, node v is said to be outmatched by wu if [11]

Adj(u) {u} Adj(v) {v} (4.4)
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Thus, if a node v becomes outmatched by w in the elimination process, the
node u can be eliminated before v in the minimum-degree ordering algorithm.
From this, it follows that it is not necessary to update the degree of v until
node u has been eliminated. This further reduces the time-consuming degree
update steps.

Another modification to the minimum-degree algorithm is one in which
all possible nodes of minimum degree are eliminated before the degree up-
date step. At a given step in the elimination process, the elimination of
node y does not change the structure of the remaining nodes not in Adj(y).
The multiple-minimum-degree (MMD) algorithm delays degree update of the
nodes in Adj(y), and chooses another node with the same degree as y to elim-
inate. This process continues until there are no more nodes left with the same
degree as y. This algorithm was found to perform as well as the minimum-
degree algorithm regarding the number of fills introduced [30]. In addition,
it was found that the MMD algorithm performed faster. This was attributed
to the identification of indistinguishable and outmatched nodes earlier in the
algorithm, as well as the reduced number of degree updates.

Ties often occur for a given criteria (degrees or fills) in an ordering algo-
rithm. The tie breaker often falls back on the natural ordering of the original
matrix. It has been recognized that the natural ordering greatly aledts the
factorization in terms of number of fills and computation time. Thus it is
often preferable to use a rapid “pre-conditioning” ordering before applying
the ordering algorithm. Scheme 0 o [erk one such pre-ordering, but to date no
consistent optimum method for pre-ordering has been developed that works
well for all types of problems.

4.4 Power System Applications

Large sparse matrices occur frequently in power system applications, includ-
ing state estimation, power flow analysis, and transient and dynamic stability
simulations. Computational e [ciehcy of these applications depends heavily
on their formulation and the use of sparse matrix techniques. To better un-
derstand the impact of sparsity on power system problems, consider the power

flow Jacobian of the IEEE 118 bus system shown in Figure 4.20.

The Jacobian of this system has 1051 non-zero elements and has the struc-
ture shown in Figure 4.21(a). Note the dominance of the main diagonal and
then the two sub-diagonals which result from the aaA[;Q and ‘98AVP sub-Jacobians.
The LU factorization of this Jacobian yields the structure shown in Figure
4.21(b). This matrix has 14849 non-zero elements. Notice that the two sub-
diagonals have created a large number of fills extending between them and

the main diagonal.
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FIGURE 4.24
IEEE 118 bus system Scheme 2 (a) Jacobian, and (b) LU factors

Figure 4.22(a) shows the structure of the load flow Jacobian reordered ac-
cording to Scheme 0. In this reordering, the presence of the sub-diagonals is
gone. The LU factorization of the Scheme 0 reordered Jacobian yields the
structure shown in Figure 4.22(b). This matrix has only 1869 non-zero ele-
ments, which is almost an order of magnitude reduction from the non-ordered
Jacobian.

Figure 4.23(a) shows the structure of the load flow Jacobian reordered ac-
cording to Scheme 1. Note how the elements are gradually pulling into the
main diagonal, which leads to a decrease in the number of fills. The LU fac-
torization of the Scheme 1 ordering is shown in Figure 4.23(b), which has 1455
non-zero elements.

Lastly, Figure 4.24(a) shows the structure of the Scheme 2 reordered Jaco-
bian which yields the LU factorization in Figure 4.24(b). This ordering yields
only 1421 non-zero elements, which is more than a full order of magnitude
reduction. The LU factorization solution time for a sparse matrix is on the
order of n2 multiplications and divisions. The non-reordered load flow solu-
tion would require on the order of 220.5 % 10% multiplications and divisions
per iteration, whereas the Scheme 2 reordered load flow solution would re-
quire only 2.02 x 105 multiplications and divisions. Thus, the solution of the
reordered system is over 100 times faster than the original system! When the
solution time is multiplied by the number of iterations in a Newton-Raphson
power flow or by the number of time steps in a time-domain integration, it
would be computationally foolhardy to not use a reordering scheme.
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4.5 Problems
1. Verify equations (4.1) and (4.2) for calculating o and S.

2. Let A and B be two sparse (square) matrices of the same dimension.
How can the graph of C = A + B be characterized with respect to the
graphs of A and B?

3. Consider the matrix

(a) Draw the graphical representation of A. How many multiplications
and divisions will the LU factorization of A require?

(b) Reorder the matrix using the new node numbering ¢ =[1, 3,4,2,5, 6].
Draw the graphical representation of the reordered matrix. How
many multiplications and divisions will the LU factorization of the
reordered matrix require?

10 . . . . .

11
0

FIGURE 4.25
Sparse Test System |
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In general, the Taylor series-based integration methods can be expressed as
Tng1 = Tp + W, (z5) (5.3)

where

hP

2
T, (0) = @ (0 ta) oy @ (6] )+ 700 (6 1)

and the integer p is called the order of the integration method. This method
is very accurate for large p, but is not computationally e [cieht for large p
since it requires a large number of function derivatives and evaluations.

5.1.2 Forward-Euler Method
For p = 1, the Taylor series-based integration algorithm is given by:
Tptl = T + hf (xna tn) (54)

which is also the well-known Euler or forward Euler method.

5.1.3 Runge-Kutta Methods

A second order Taylor’s method can be derived for p = 2.
Tntl = Tp + hT5 (mna tn)
h2
=z, + hf (xna tn) + 2 f/ (mna tn)

As the order of the Taylor’s method increases, so does the number of deriva-
tives and partial derivatives. In many cases, the analytic derivation of the
derivatives can be replaced by a numerical approximation. One of the most
commonly known higher-order Taylor series-based integration methods is the
Runge-Kutta method, where the derivatives are replaced by approximations.
The fourth-order Runge-Kutta method is given by

Tna1l = T + WKy (Tp, tn) (5.5)
where K, is an approximation to 7j:
1
K, = 6 [k1 + 2ko + 2k3 + k4]
kl = ,f(xna tn)

h h
= ”IL+ b) TL+
kQ f(il’ 2]€1 t 2)
h

ka = [ (zn + hks3, ty + h)
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where each k; represents the slope (derivative) of the function at four dilert
ent points. The slopes are then weighted [} 2 2 1] to approximate the T
function.

The advantages of Taylor series-based methods is that the method is straight-
forward to program and only depends on the previous time step. These meth-
ods (especially the Runge-Kutta methods) su [erl from di Ccult error analysis,
however, since the derivatives are approximated and not found analytically.
Therefore the integration step size is typically chosen conservatively (small),
and computational e [ciehcy may be lost.

5.2 Multistep Methods

Another approach to approximating the solution x(¢) of equation (5.1) is to
approximate the nonlinear function as a polynomial of degree & such that

()= +agt+oaot?+ ...+ apth (5.6)

where the coe [ciehts ag, a1, ..., ar are constant. It can be proven that any
function can be approximated arbitrarily closely (within a pre-determined
€) with a polynomial of su Cciehtly high degree on a finite interval [o, tn].
The polynomial approximation can be related to the solution of equation
(5.1) through the introduction of multistep methods. A multistep method is
one in which the approximation z,.; can be a function of any number of
previous numerical approximations x,,,x,_1,... and corresponding functions
f@n,tn), f(@n-1,tn-1),... unlike one-step methods (such as the Runge-
Kutta) which depend only on the information from the immediately previous
step. In general,

Tpt1 = QTp + 01Tp_1 + ...+ apZy_p +h[b_1f (@ni1, tnyr) +0of (Tn,tn)

+by f (‘Tn,l, tnfl) +...F bpf (wn,p, tnfp)] (5-7)
p p
= aiwni+h Y bif (Tnistni) (58)
=0 i=—1

To relate the integration method to the polynomial approximation, a rela-
tionship between the coe [ciehts must be determined. A k-degree polynomial
is uniquely determined by & + 1 coe Lciehts (ao,...,ax). The numerical in-
tegration method has 2p + 3 coe Lciehts; therefore, the coe LCciehts must be
chosen such that

2p+3=k+1 (5.9

The order of the numerical integration method is the highest degree k of a
polynomial in ¢ for which the numerical solution coincides with the exact
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solution. The coe [ciehts may be determined by selecting a set of linear basis
functions [¢1(t) ¢2(t), ..., ¢r(t)] such that

o;)=t j=0,1,...,k

and solving the set of multistep equations

P p .
i (tni1) = D @it (bni) + hn i1 l > biqs(tn_i)]

=0 i=—1

forall j =0,1,..., k.

This method can be applied to derive several first order numerical integra-
tion methods. Consider the case where p = 0 and k£ = 1. This satisfies the
constraint of equation (5.9); thus, it is possible to determine multistep coef-
ficients that will result in an exact polynomial of degree 1. The set of basis
functions for k =1 is

Po(t) =1 (5.10)
p1(t) =t (5.11)
which lead to the derivatives
do(t) =0 (5.12)
P (t) =1 (5.13)
and the multistep equation
Tpg1 = aoTn +b_1hpp1 f (@ng1, tng1) + bohng1 f (20, 1) (5.14)

Representing the multistep method of equation (5.14) in terms of basis func-
tions yields the following two equations

$o (tn+1) = aogo(tn) + bflhn+1¢;o (tn41) + bOhn+1¢;0 (t.)  (5.15)

¢1 (tn+1) = aop1(tn) + b_1hpni1¢1 (tng1) + bohni1d1 (tn)  (5.16)

Substituting the choice of basis functions of equations (5.10) and (5.11) into
equations (5.15) and (5.16) results in

1=ao(1) +b_1hpn+1(0) + Ry y100(0) (5.17)

tnt1 = aotn +b_1hnt1(1) + bohny1(L) (5.18)

From equation (5.17), the coe Lcieht ¢y = 1. Recalling that ¢,,41 —t,, = hpt1,

equation (5.18) yields
b_1+by=1 (5.19)

This choice of order and degree leads to two equations in three unknowns;
therefore, one of them may be chosen arbitrarily. By choosing ag =1,b_1 =0,
and b+
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error
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FIGURE 5.2
Error in numerical solutions for Example 5.1

whose magnitude is slightly less than the exact solution and is decreasing with
time. Both properties are due to the local truncation error of the methods.
The forward-Euler method has a tendency to generate numerical solutions
that increase with time (under-damped), whereas the backward-Euler method
tends to add damping to the numerical solution. Therefore, caution must be
used when using either of these first-order methods for numerical integration.

Figure 5.2 shows the global error with time for each of the numerical meth-
ods. Note that the errors for the forward and backward-Euler methods are
equal in magnitude, but opposite in sign. This relationship will be further dis-
cussed later in this chapter. The numerical errors for the trapezoidal and the
Runge-Kutta methods are reproduced in Figure 5.3 on a magnified scale. The
errors in each method are comparable even though the trapezoidal method is
a second order polynomial approximation method and the Runge-Kutta is a
fourth order Taylor method. Section 5.3 will further explore the development
of expressions for estimating the error of various integration methods.

When implicit methods, such as the trapezoidal method, are used to solve
nonlinear systems of di [erential equations, the system of equations must be
solved iteratively at each time step. For example, consider the following non-
linear system of equations:

= f(z(t),t) o= z(to) (5.47)

Applying the trapezoidal method to numerically integrate this system results
in the following discretized system:

Tnt1 = Tn + Z [f (xnv tn) + f (afn—O—la tn—H)] (5-48)
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error
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FIGURE 5.3
Error in trapezoidal and Runge-Kutta numerical solutions for Example 5.1

Since this nonlinear expression is implicit in x,1, it must be solved numeri-
cally:

T [I hﬁf]_l

x77,+1 - x77,+1 - - 2 aT

(xgH — & — ’; [f @)+ f (:c2+1)])

Th+1

(5.49)
where k is the Newton-Raphson iteration index, I is the identity matrix, and
x,, is the converged value from the previous time step.

5.2.1 Adams Methods

Recall that the general class of multistep methods may be represented by

14 p
Tp4l = Z AiTn—i + h Z blf (a:n—iatn—i) (550)

=0 i=—1

A numerical multistep algorithm will give the exact value for x, .1 if z(¢)
is a polynomial of degree less than or equal to % if the following exactness
constraints are satisfied:

Y ai=1 (5.51)

p p
S iai+i Y ()b =1 forj=1,2,... k (5.52)

i=1 i=—1
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The exactness constraint of equation (5.51) is frequently referred to as the
consistency constraint. Numerical multistep integration algorithms that sat-
isfy equation (5.51) are said to be “consistent.” For a desired polynomial
of degree k, these constraints can be satisfied by a wide variety of possibili-
ties. Several families of methods have been developed by pre-defining some
of the relationships between the coe [ciehts. The family of Adams methods
are defined by setting the coe Lciehts a; = as = ... = a, = 0. By the consis-
tency constraint, the coe Lcieht ay must therefore equal 1.0. Thus, the Adams
methods are reduced to

P
Tn+1 = Tn + h Z b’Lf (xn—iatn—i) (553)
1=—1
where p = k — 1. The Adams methods can be further classified by the choice
of implicit or explicit integration. The explicit class, frequently referred to as
the “Adams-Bashforth” methods, is specified by setting 5_; = 0 and applying
the second exactness constraint as:

k—1 ) 1
DU =" =1,k (5.54)
=0 J
In matrix form, equation (5.54) becomes
1 1 1 ... 1 bo 1
0 -1 -2 ... —=(k-1 by %
0 1 4 oo (—(k—1))? b | = |3 (5.55)
0 (- (=)0 (== ] L] [

By choosing the desired degree & (and subsequently the order p), the remaining
b; coe Lciehts may be found from solving equation (5.55).

Example 5.2
Find the third-order Adams-Bashford integration method.

Solution 5.2 Setting k& = 3 yields the following linear system:

Solving this system yields

23
b=,
16
="
by = >
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Thus the third-order Adams-Bashforth method is given by:

X1 = Xn+ ONI23F (xn, ) = 16 (Xn1, tr-1) + 5F (xn-2,ta-2)] (5.56)
When implementing this algorithm, the values of Xn, Xn—1, and Xn,—2 must be

saved in memory.

The implicit versions of the Adams methods haveb_; & 0,p = (k —2), are
called the *Adams-MoultonZ methods, and are given by

kf2—
Xn+1 = Xn* h bif (Xn—i, th—i) (5.57)
i=—1
The second exactness constraint yields

k

(0= b j=1,. K (5.58)
i=—1 J
or in matrix form:
1 111 [ 1
11 1 1 . 1 b_1 1
-1 -2 . —(k—=2) Ho

10 () (=D (=k=2)*D  beo

Example 5.3

Find the third-order Adams-Moulton integration method.

Solution 5.3 Setting k = 3 yields the following linear system:

C1 N I N N N | I
11 1 b 1
[3l0—1 Cp), C=1 CIIC]
10 1 by 2
Solving this system yields
5
1= 15
8
b= 15
1
by = —
RV

Thus the third-order Adams-Moulton method is given by:

1
Xn+1 = Xn + 12h [5f (Xn+1, tn+1) + 8 f (Xn, tn) - f (Xn—]_, tn—l)] (5.60)
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When implementing this algorithm, the values of x, and xns 1 must be saved
in memory and the equations must be solved iteratively if the functionf (x)
is nonlinear.

The Adams-Moulton method is implicit and must be solved iteratively using
the Newton-Raphson method (or other similar method) as shown in equation
(5.49). lterative methods require an initial value for the iterative process to re-
duce the number of required iterations. The explicit Adams-Bashforth method
is frequently used to estimate the initial value for the implicit Adams-Moulton
method. If su ciently high-order predictor methods are used, the Adams-
Moulton method iteration will typically converge in only one iteration. This
process is often called gredictor-corrector approach; the Adams-Bashforth
method predicts the solution and the implicit Adams-Moulton corrects the
solution.

Another implementation issue for multistep methods is how to start up
the integration at the beginning of the simulation since a high order method
requires several previous values. The usual procedure is to use a high-order
one-step method or to increase the number of steps of the method with each
time step to generate the required number of values for the desired multistep
method.

5.2.2 Geares Methods

Another well-known family of multistep methods are the Geares methods [14].
This family of methods is particularly well suited for the numerical solution
of sti systems. As opposed to the Adams family of methods where all theg;
Coe cients except ap are zero, Gearss methods are identi“ed by having all of
the by coe cients equal to zero excepthby 1. Obviously sincebs; =0, all Geares
methods are implicit methods. The k-th order Geares algorithm is obtained
by setting p= kS 1andhy = by = ... =0 yielding

Xn+1 = @oXn + @Xng 1+ ...+ &g1Xnsk+1 + hbgaf (Xn+1 ,ther ) (5.61)

The k + 1 coe cients can be calculated explicitly by applying the exactness
constraints as illustrated with the Adams methods:

1 1 1. 10 g 1
0 S1 S2... SkS11 ar 1
0 1 4.[5kSHF2 a - 1 (5.62)
6(é1)'5 (SZ)?...[S(kS 1)]k.k. bs 1

The solution of equation (5.62) uniquely determines thek + 1 coe cients of
the k-th order Geares method.
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Example 5.4
Find the third-order Geares integration method.

Solution 5.4 Setting k = 3 yields the following linear system:

1 1 10 a 1
051821 a _ 1
0 1 42 a 1
051583 51 1
Solving this system yields
6
bs1 = 1
_ 18
=1
< 9
a = S 11
a = 2
2T 1
Thus the third-order Geares method is given by:
18 . 9 2 6
Xn+1l = 11Xn S 11Xnél+ 11Xn32+ 11hf (Xn+1 ,the1 ) (5.63)

When implementing this algorithm, the values of x,, through xng 2> must be
saved in memory and the equations must be solved iteratively if the function
f (x) is nonlinear.

5.3 Accuracy and Error Analysis

The accuracy of numerical integration methods is impacted by two primary
causes: computer round-o error and truncation error. Computer round-o
error occurs as a result of the “nite precision of the computer upon which the
algorithm is implemented and little can be done to reduce this error short of
using a computer with greaer precision. A double precision word length is
normally used for scienti“c computation. The di erence between the exact
solution and the calculated solution is dominated by truncation error, which
arises from the truncation of the Taylor series or polynomial being used to
approximate the solution.

In the implementation of numerical integration algorithms, the most e ec-
tive methods are those methods that require the least amount of calculation to
yield the most accurate results. In general, higher order methods produce the
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most accurate results, but also require the greatest amount of computation.
Therefore, it is desirable to compute the solution as infrequently as possible
by taking the largest time step possible between intervals. Several factors
impact the size of the time step incuding the error introduced at each step
by the numerical integration process itself. This error is thelocal truncation
error (LTE) and arises from the truncation of the polynomial approximation
and/or the truncation of the Taylor series expansion depending on the method
used. The term local emphasizes that the error is introduced locally and is
not residual global error from earlier time steps. The error introduced at a
single step of an integration method is given by

7= X (the1 ) S Xnea (5.64)

where X (th+1 ) is the exact solution at time t,.; and Xp+1 is the numerical
approximation. This de“nition assumes that this is the error introduced in one
step therefore x(tn) = Xn. The local truncation error is shown graphically
in Figure 5.4. To compute the error, the solution x (t,5 ) is expanded about

thet :

Xnsi = X(thsi) =
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FIGURE 5.7
Region of absolute stability for Geares third-order method

Adams-Moulton
The region of absolute stability of the Adams-Moulton methods can be
developed from equation (5.100) by settingp = k S 1, and a;, ay, ... = 0:

ejk S aoe' (kS1)

T bsiek + e kS 4 g kS2) + |+ bhes,d (5.103)

After substituting in the third-order coe cients, the expression for the region
of absolute stability as a function of is given by
3 & o
h ()= ¢ -3iss-fg1 . (5.104)
12ej 12ej 12ej
The region of absolute stability of the Adams-Moulton third-order method
is shown as the shaded region of Figure 5.8.

Adams-Bashforth
The stability of the family of Adams-Bashforth methods can be derived

from equation (5.100) by settingp= k S 1, bs1 =0, and &y, a,,...,= 0:
- gk § g,d (kSD)
h ()= e (31 + b, d®82 + . + bay (5.105)
s o
N O= gy g ey (5.106)

2342 & 164 5
12ej 812ej + 12
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FIGURE 5.8
Region of absolute stability for Adams-Moulton third-order method

A Im(hL )

Re(hL )

FIGURE 5.9
Region of absolute stability for Adams-Bashforth third-order method
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The region of absolute stability of the Adams-Bashforth method is shown
as the shaded region in Figure 5.9.

This example illustrates one of the primary di erences between implicit
and explicit methods. For the same order, the two implicit methods (Geares
and Adams-Moulton) exhibit much larger regions of absolute stability than
does the explicit method (Adams-Bashforth). The Geares region of absolute
stability contains nearly the entire left half h plane; thus, for any stable
dynamic system, the step size can be chosen as large as desired without any
consideration for numerical stability. Even the Adams-Moulton region of ab-
solute stability is quite large compared to the Adams-Bashforth. Typically,
the region of stability of explicit methods is much smaller than the region of
absolute stability of corresponding order implicit methods. For this reason,
implicit methods are frequently used in commercial integration packages so
that the integration step size can be f©iosen based purely on the local trunca-
tion error criteria. The region of absolute stability shrinks as the order of the
method increases, wheresithe accuracy increasesThis is a trade-0 between
accuracy, stability, and numerical e ciency in integration algorithms.

5.5 Sti Systems

Geares methods were originally developed for the solution of systems ati
ordinary di erential equations. Sti s ystems are systems that exhibit a wide-
range of time varying dynamics from svery fastZ to every slow.Z A sti linear
system exhibits eigenvalues that span several orders of magnitude. A nonlin-
ear system is sti if its associated Jacobian matrix exhibits widely separated
eigenvalues when evaluated at the operating points of interest. For e cient
and accurate solutions of sti di erential equations, it is desirable for a multi-
step method to be esti y stable.Z An appropriate integration algorithm will
allow the step size to be varied over a wide range of values and yet will remain
numerically stable. A stiy stable method exhibits the three stability regions
shown in Figure 5.10 such that:

1. Region | is a region of absolute stability
2. Region Il is a region of accuracy and stability

3. Region Il is a region of accuracy and relative stability

Only during the initial period of the solution of the ODE do the large nega-
tive eigenvalues signi“cantly impact the solution, yet they must be accounted
for throughout the whole solution. Large negative eigenvalues (< 0) will
decay rapidly by a factor of /e intime 1/ . If h = +]j |, then the change
in magnitude in one step ise . If 0, where de“nes the interface
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FIGURE 5.10
Regions required for sti stability

between Regions | and I, then the component is reduced by at least in one

step. After a “nite number of steps, the impact of the fast components is neg-
ligible and their numerical accuracy is unimportant. Therefore the integration

method is required to be absolutely stable in Region I.

Around the origin, numerical accuracy becomes more signi“cant and rela-
tive or absolute stability is required. A region of relative stability consists of
those values ofh for which the extraneous eigenalues of the characteristic
polynomial of equation (5.97) are less in magnitude than the principal eigen-
value. The principal eigenvalue is the eigenvalue which governs the system
response most closely. If the method iselatively stable in Region lll, then
the system response will be dominated by the principal eigenvalue in that
Region. If > > 0, one component of the system response is increasing by
at least e one step. This increase must be limited by choosing the step sizes
small enough to track this change.

If > , there are at least / 2 complete cycles of oscillation in one
step. Except in Region | where the respnse is rapidly decaying, and where

> is not used, the oscillatory responses must be captured. In practice,
it is customary to have eight or more time points per cycle (to accurately
capture the magnitude and frequency of the oscillation); thus, is chosen to
be bounded by / 4 in Region II.

Examination of the family of Adams-Bashforth methods shows that they
all fail to satisfy the criteria to be stiy stable and are not suitable for
integrating sti systems. Only the “rst and second order Adams-Moulton
(backward-Euler and trapezoidal, respectively) satisfy the stiy stable cri-
teria. Geares algorithms on the other hand were developed speci“cally to
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address sti system integration [14]. Geares algorithms up to order six satisfy
the sti properties with the following choice of  [6]:

Order
1 0
2 0
3 0.1
4 0.7
5 2.4
6 6.1

Example 5.7
Compare the application of the third-order Adams-Bashforth, Adams-Moulton,
and Geares method to the integration of the following system:

X1 =48x1 +98x, x31(0)=1 (5.107)
X2 = S49%; S 99x, x»(0)=0 (5.108)

Solution 5.7 The exact solution to Example 5.7 is

x1(t) = 2 65t § 550 (5.109)
Xa(t) = Sedt + 250 (5.110)

This solution is shown in Figure 5.11. Both states contain both fast and slow
components, with the fast component dominating the initial response and
the slow component dominating the longer term dynamics. Since the Geares,
Adams-Bashforth, and Adams-Moulton methods are multistep methods, each
method is initialized using the absolutely stable trapezoidal method for the
“rst two to three steps using a small step size.

The Adams-Bashforth algorithm with a time step of 0.0111 seconds is shown
in Figure 5.12. Note that even with a small step size of 0.0111 seconds the
inherent error in the integration algorithm eventually causes the system re-
sponse to exhibit numerical instabilities. The step size can be decreased to
increase the stability properties, but this requires more time steps in the in-
tegration window (t [0, 2]) than is computationally necessary.

The Adams-Moulton response to the sti system for an integration step size
of 0.15 seconds is shown in Figure 5.13. Although a much larger time step
can be used for integration as compared to the Adams-Bashforth algorithm,
the Adams-Moulton algorithm does not exhibit numerical absolute stability.
For an integration step size ofh = 0.15 seconds, the Adams-Moulton algo-
rithm exhibits numerical instability. Note that the solution is oscillating with
growing magnitude around the exact solution.
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FIGURE 5.13
Adams-Moulton sti system response with h = 0.15 s step size

Figure 5.14 shows the Geares method numerical solution to the sti system
using an integration step size of 0.15 s which is the same step size as used in the
Adams-Moulton response of Figure 5.13. The Geares method is numerically
stable since the global error decreases with increasing time.

The comparison of the three integraion methods supports the necessity
of using integration algorithms developed speci“cally for sti systems. Even
though both the third order Adams-Bashforth and Adams-Moulton have re-
gions of absolute stability, these regions are not su cient to ensure accurate
sti system integration.

5.6 Step-Size Selection

For computational e ciency, it is desirable to choose the largest integration
step size possible while satisfying a pre-etermined level of accuracy. The level
of accuracy can be maintained by constant vigilance of the local truncation
error of the method if the chosen method is numerically stable. If the function
x(t) is varying rapidly, the step size should be chosen small enough to cap-
ture the signi“cant dynamics. Conversely, if the function x(t) is not varying
signi“cantly (nearly linear) over a “nite time interval, then the integration
time steps can be chosen quite large over that interval while still maintaining
numerical accuracy. The true challeng to a numerical integration algorithm
is when the dynamic response ofk(t) has intervals of both rapid variance
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FIGURE 5.14
Gearss sti system response withh = 0.15 s step size

and latency. In this case, it is desirabk for the integration step size to have
the ability to increase or decrease throughout the simulation interval. This
can be accomplished by choosing the integration step size based on the local
truncation error bounds.

Consider the trapezoidal method absolute local truncation error:

_ 1. 3.0
= @ 0) (5.111)

The local truncation error is dependent on the integration step sizeh and the
third derivative of the function x® ( ). If the local truncation error is chosen
to be in the interval:

B, By (5.112)

where B and By represent the prespeci‘ed lower and upper bounds respec-
tively, then the integration step size can be bounded by

&

. 12By

@ () (5.113)
If x(t) is rapidly varying, the x® ( ) will be large and h must be chosen small
to satisfy Bu, Whereas ifx(t) is not varying rapidly, then x® () will be
small and h can be chosen relatively large while still satisfying  By. This
leads to the following procedure for calculating the integration step size:



Numerical Integration 169

Integration Step Size Selection

Attempt an integration step size hp.; to calculate Xp+1 from Xn,Xng 1, ...

1. Using Xn+1 , calculate the local truncation error .
2. 1fB. T By, then PASS, accepthp+1 , hnext = hn+1 , @nd continue.

3. If >B y, then FAIL ( hy.; is too large), sethy:y = h nep, repeat
integration for Xp+1 .

4. If By, then PASS, accepth.; , Sethpext = h n+1 , @and continue.

where )
k+1

- Bawg (5.114)
whereB. Baygy By andk is the degree of the method.

Some commercial integration packages implement an algorithm that is slightly
di erent than this one. In these packages, if the local truncation error is
smaller than the lower bound, then the attempted integration step size also
FAILS, and the integration step is re-attempted with a larger integration step
size. Once again, there is a trade o between the time spent in recalculating
Xn+1 With a larger step size and the additional computational e ort acquired
by simply accepting the current value and continuing on.

The di culty in implementing this step size selection approach is the cal-
culation of the higher order derivatives ofx(t). Since x(t) is not known analyt-
ically, the derivatives must be calculated numerically. One common approach
is to use di erence methods to approximate the derivatives. The (k + 1)
derivative to x( ) is approximated by

XKD () (K+ D) e Xner (5.115)
where 41 Xp+1 IS found recursively:
Xn+1 S Xn
X = N 5.116
v =S (5.116)
Xn S Xng 1
Xn = - 5.117
Xn = S ( )
(5.118)
Xne1 S 1Xn
X = . 5.119
27 thet VS ths 1 ( )
1Xn S 1Xn31
= - 5.120
2%n th Sths2 ( )
(5.121)

Xns1 S kX
1 Xy =Rk (5.122)
tn+1 StnSk
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Example 5.8
Find an expression for step size selectiorof the trapezoidal integration method
with an upper bound of 10°3 on the local truncation error.

Solution 5.8
The LTE for the trapezoidal method is given by
&
12By
3
X® () (5.123)
The “rst step is to “nd an expression for the third derivative:
x®() 3 3xpa (5.124)
2Xn+1 S 2Xn
= . 5.125
31 ther S tvnS 2 ( )
2Xntil S 2Xn
= 5.126
Pn+1 +hn+hnél. ( )
- 1 1 Xn+1 S Xn é Xn é Xné 1 é
hntr + hn+ hng1 hper + hy N+t hn
1 Xn S Xng1 & Xn51S Xng 2
S 5.127
hn + hns hn hns 1 ( )

Substituting the value for By and the approximation for the third derivative
into equation (5.123) yields the bound forh:

&

1 2
h : 5.128
107 e (5.128)

where 3Xp+1 iS given in equation (5.127).

5.7 Dierential-Algebraic Equations

Many classes of systems can be gerically written in the form of:
Fty®,y®)=0 (5.129)

whereF andy R™. In some cases, equation (5.129) can be rewritten as

F(tx(®,x @®),y®) =0 (5.130)
g(tx(®),y(®) =0 (5.131)
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In this form, the system of equations is typically known as a system of
di erential-algebraic equations, or DAESs [5]. This form of DAEs may be con-
sidered to be a system of di erential equations (equation (5.130)) constrained
to an algebraic manifold (equation(5.131)). Often the set of equations (5.131)
are invertible (i.e. y(t) can be obtained fromy(t) = g1 (t, x(t))) and equation
(5.130) can be rewritten as an ordinary di erential equation:

Foox(®),x (1,51 (6,x®) =f (tx(D),x (1) =0 (5.132)

Although the set of ODEs may be conceptually simpler to solve, there are
usually several compelling reasons to leave the system in its original DAE
form. Many DAE models are derived from physical problems in which each
variable has individual characteristics and physical signi“cance. Converting
the DAE into an ODE may result in a loss of physical information in the
solution. Furthermore, it may be more computationally expensive to obtain
the solution of the system of ODESs since inherent sparsity may have been lost.
Solving the original DAE directly provides greater information regarding the
behavior of the system.

A special case of DAEs is the semi-explicit DAE:

x=f(xy,t) x R" (5.133)
0=gkxy,t) y RT (5.134)

wherey has the same dimension ag. DAE systems that can be written in
semi-explicit form are often referred to asindex 1 DAE systems [5]. The “rst
concerted e ort to solve semi-explicit DAEs was proposed in [15] and later
re“ned in [16], and consisted of replacingk(t) by a k-step backwards di erence
formula (BDF) approximation

k
x =t i Xng i (5.135)
hn hn i=0

and then solving the resulting equations

nXn = hnf (Xn,¥n,tn) (5.136)
0=9Xn,Yn,tn) (5.137)

for approximations to x, and yy.

Various other numerical integration techniques have been studied for ap-
plication to DAE systems. Variable step size/“xed formula code has been
proposed to solve the system of DAEs [44]. Speci“cally, a classic fourth-order
Runge-Kutta method was used to solve forx
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Applying the trapezoidal algorithm to the transient stability equations
yields the following system of equations:

(n+1) = ﬂm+2[ﬂn+bé o+ 1MS o (5.153)
(n+1)=  1(n)+ 2 [f1(n+1)+ fo(n)] (5.154)
(n+1)= 2(n)+2[2(n+1)é o+ 2(MS o (5.155)
A0+ = o)+ DN+ )+ o) (5156)
s+ = sF 2L+ S o+ oS o] (5157)
s+D)= o)+ D s +1)+ fo(n)] (5158)

where

n
EZGi Ei E;j(Bj sin j (n+1)+ Gj cos j (n+1))

fi(n+1) = NT P,
I .
j =i

(5.159)
Since the transient stability equations are nonlinear and the trapezoidal
method is an implicit method, they must be solved iteratively using the
Newton-Raphson method at each time point. The iterative equations are

1(n+1)F S 4(n+1)*
1(n+ TS 4 (n+1)k

h 2N+ 1)K S H(n+1)k

3 y ]
IS 2 J(n+1) 2(n+1)k+1 IS 2(n+1)k =
s(n+1)*1 S 3(n+1)k
3(n+1)KT S s(n+1)k
Il((n+1) 1(n) I1‘(n+1)+ 1(nN)S2
1(n+1) () FA(n+1)+1 1(n)
K K 9
< 5+ & 2(n) gh kn+l+ (M2
S K(n+1) S »(n) S, tA(M+1)+f o(n) (5.160)
s(n+1) 3(n) Knel)+ (M)S2
sn+1) 3(n) £5(n+1)+1 5(n)
where
010000
f10f10f10
000100
1= f20f20%20 (5.161)
000001
fs fs fa
10 20 30
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FIGURE 5.18
Rotor angle response for Example 5.9

Note that LU factorization must be employed to solve the discretized equa-
tions. These equations are iterated at each time point until convergence of the
Newton-Raphson algorithm. The fault-on and post-fault matrices are substi-
tuted in at the appropriate times in the integration. The simulation results are
shown in Figures 5.18 and 5.19 for the rotor angles and angular frequencies,
respectively. From the waveforms shown in these “gures, it can be concluded
that the system remains stable since the waveforms do not diverge during the
simulation interval.

5.8.2 Mid-Term Stability Analysis

Reduction processes frequently destroy the natural physical structure and
sparsity of the full order system. Numerical solution algorithms which make
use of structure and sparsity for e cien cy perform poorly on the reduced-order
system even though the redged-order system is still quite large. After the “rst
few seconds of a power system disturbance, the classical model representation
may no longer be valid due to the dynamic behavior of the automatic voltage
regulator, the turbine/governor system, under-load-tap-changing transform-
ers, and the dynamic nature of some system loads. For mid-term stability
analyses, a more detailed model is required to capture a wider range of system
behavior. Since the behavior of loads may signi“cantly impact the stability of
the system, it is desirable to be able to retain individual load buses during the
simulation. This type of model is often referred to as a sstructure-preservingZ
model, since the physical structure of the power system is retained. The inclu-
sion of the load buses requires the solution of the set of power "ow equations
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FIGURE 5.19
Angular frequency response for Example 5.9

governing the system network. This constraint leads to the inclusion of the
algebraic power "ow equations in conjunction with the di erential equations
describing the states. One example of a structure-preserving DAE model is
given below:

TdOi Eqi = éEqi S Xd; S Xg; Idi + Efdi (5.162)
qui Edi = éEdi + Xqi S Xqi Iqi (5163)
i= iS s (5.164)
2H; - N . .
= Tm SEqla SEqlg S Xq Sxg lulg (5.165)
S
Te,Era, = S (Kg, + Sg, (Era,)) Era, + Vi, (5.166)
-~ KE,
Te.Re, = SR, + TF' Eta, (5.167)
Fi
. < Ka KE, .
TAiVRi = SVRi + KAiRFi S Te Efdi + KAi(Vrefi SVTI)(5168)
Ten, T, = STy, + 18 Kup: TrH, Pch, + K Tri, Psv, (5.169)
Ten, Ten;
Tch,Pch, = SPch, + Psy, (5.170)
TSVi PSVi = S SV + PCi é é ! (5171)
S
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and

0:Viei f+ rs"'jxdi (Idi +jIQi)ei(i§2)

S Eq + Xq Sxg lg+iE, €0:52) (5.172)
N
0=Vid I (I Sjlq)e(152) 8 Vi d(i8 S 1) (5173)
k=1
N . < o
0=P;+jQiS  ViVYieliS kS ) (5.174)
k=1

These equations describe the behavior of a two-axis generator model, a simple
automatic voltage regulator and exciter, a simple turbine/governor, and con-
stant power loads. This set of dynamic equations is listed here for illustration
purposes and is not intended to be inclusive of all possible representations. A
detailed development of these equations may be found in [42].

These equations may be modeled in a more general form as

x = f(x,y) (5.175)
0=9g(xYy) (5.176)

where the state vectorx contains the dynamic state variables of the gener-
ators. The vector y is typically much larger and contains all of the network
variables including bus voltage magnitude and angle. It may also contain
generator states such as currents that are not inherently dynamic. There are
two typical approaches to solving this set of di erential/algebraic equations.
The “rst is the method suggested by Gear whereby all equations are solved
simultaneously. The second approach is to solve the di erential and algebraic
sets of equations separatgl and iterate between each.

Consider the “rst approach applied to the DAE system using the trapezoidal
integration method:

x(n+1)= x(n)+ 2 [f x(n+1),y(n+1))+ f (x(n),y(n)] (5.177)
0=g(x(n+1),y(n+1)) (5.178)

This set of nonlinear equations must then be solved using the Newton-Raphson
method for the combined state vector k(n +1) y(n +1)] T
1S5 85, x(n+1)k* Sx(n+1)k

J 9 y+DKE Sy(n+ 1)k

x(n+1)kSx(n)SH f x(n+1) y(n+1)k +f (x(n),y(n))
g x(n+1)k y(n+1)k
(5.179)

The advantages of this method are that since the whole set of system equations
is used, the system matrices are quite sparse and sparse solution techniques
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can be used e ciently. Secondly, since the set of equations are solved simul-
taneously, the iterations are more likely to converge since the only iteration
involved is that of the Newton-Raphson algorithm. Note, however, that in
a system of ODEs, the left hand side matrix (the matrix to be factored in
LU factorization) can be made to be diagonally dominant (and therefore well-
conditioned) by decreasing the step sizen. In DAE systems, however, the
left hand side matrix may be ill conditioned under certain operating points
where ¢ isill conditioned causing di culty in solving the system of equations.
This situation may occur during the simulation of voltage collapse where the
states encounter a bifurcation. The subgct of bifurcation and voltage collapse
is complex and outside the scope of this book; however, several excellent texts
have been published that study these phenomena in great detail [25] [42] [55].
The second approach to solving the system of DAES is to solve each of the
subsystems independently and iterativdy. The system of di erential equations
is solved “rst for x(n + 1) while holding y(n + 1) constant as an input. After
x(n + 1) has been found, it is then used as an input to solve the algebraic
system. The updated value ofy(n + 1) is then substituted back into the
di erential equations, and x(n+1) is recalculated. This back and forth process
is repeated until the valuesx(n+1) and y(n+1) converge. The solution is then
advanced to the next time point. The advantage of this method is simplicity in
programming, since each subsystem is solved independently and the Jacobian
elements ' and ¢ are not used. In some cases, this may speed up the

X
computation, although more iterations may be required to reach convergence.
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5.9 Problems
1. Determine a Taylor-series expansion for the solution of the equation
x=x% x(0)=1

about the point x = 0 (a McClaurin series expansion). Use this approx-
imation to compute x for x =0.2 andx = 1.2. Compare with the exact
solution and explain the results.

2. Use the following algorithms to solve the initial value problem
X1 = S2x, +2t? x1(0)= S4

1
X2 = 2x1 +2t x2(0)=0

ontheinterval 0 t 5 with a “xed integration step of 0.25 seconds.

(a) Backward Euler

(b) Forward Euler

(c) Trapezoidal Rule

(d) Fourth Order Runge Kutta

Compare the answers to the exact solution

x1(t) = S4cost
x2(t) = S2sint + t?

3. Consider a simple ecosystem consisting of rabbits that have an in“nite
food supply and foxes that prey upon the rabbits for their food. A
classical mathematical *predator-preyZ model due to Volterra describes
this system by a pair of non-linear, “rst-order di erential equations:

r
f

r+rf r (0)=rg
f+rf f (0)=fo

wherer = r(t) is the number of rabbits, f = f (t) is the number of foxes.
When = 0, the two populations do not interact, and so the rabbits
multiply and the foxes die o from starvation.

Investigate the behavior of this system for = S1, =0.01, =0.25,
and = S$0.01. Use the trapezoidal integration method withh = 0.1 and
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T =50, and the set of initial conditions ro =30+ 10 andfo =80 + 10.
Plot (1) tvs.r andf, and (2) r vs. f for each case.

4. Consider the following linear multistep formula
Xns1 = @0Xp + &1Xps 1+ @2Xps 2 + AXng 3 + hbsaf (Xns1 , ther )

(&) What are the number of steps in the formula?

(b) What is the maximum order that will enable you to determine all
the coe cients of the formula?

(c) Assuming uniform step sizeh, “nd all the coe cients of the formula
such that its order is the answer of part (b).

(d) Is the formula implicit or explicit?

(e) Assuming uniform step sizeh, “nd the expression for the Local
Truncation error of the formula.

(f) Is the formula absolutely stable?
(9) Is the formula sti y-stable?

5. Consider the following initial value problem:
x =100(sin(t) S x), x(0) = 0;
The exact solution is:

sin(t) S 0.01 cosf) + 0 .01¢> 100t

X0 = 1.0001

Solve the initial value problem with h = 0.02 s using the following
integration methods. Plot each of the numerical solutions against the
exact solution over the ranget [0, 3.0] seconds. Plot the global error
for each method over the ranga [0, 3.0] seconds. Discuss your results.
(a) Backward Euler

(b) Forward Euler

(c) Trapezoidal Rule

(d) Fourth Order Runge Kutta

(e) Repeat (a)-(d) with step size h =0.03 s.
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6. The following system of equations are known as the Lorenz equations:

x= (yS$x)
y= x SySxz
z=xyS z

Let =10, =28,and =2.67. Use the trapezoidal method to plot
the response of the system for 0 t 10 seconds using a “xed integra-
tion time step of h = 0.005 seconds and a Newton-Raphson convergence
error of 10°°. Plot x versusy in two dimensions andx vs. y vs. z in
three dimensions.

(@) Use [x(0) y(0) z(0)]" =[20 20 20T .

(b) Use [x(0) y(0) z(0)]" =[21 20 20] . Explain the dierence.

7. Consider the following system of ssti Z equations:

X1 = S2X1 + X, +100 x1(0)=0
X2 = 10%x1 S 10%°x, +50  x»(0) =0
(a) Determine the maximum step sizehmax for the forward Euler al-
gorithm to remain numerically stable.

(b) Use the forward Euler algorithm with step size h = 1hmax to solve
2
for x1(t) and x,(t) for t> 0.

(c) Repeat using a step sizeh = 2hmax.

(d) Use the backward Euler algorithm to solve the sti equations.
Choose the following step sizes in terms of the maximum step size

hmax.

i. h=10hmax

ii. h=100hmax
iii. h =1000hmax

iv. h=10,000hmax
(e) Repeat using the multistep method (Gearss method) of Problem 4.

8. Consider a multistep method of the form
Xn+2 éXnéz"’ (Xn+1 SXnSl): hl (frer +frs2)+ ]

(@) Show that the parameters , , and can be chosen uniquely so
that the method has order p = 6.

(b) Discuss the stability properties of this method. For what region is
it absolutely stable? Stiy stable?
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9. A power system can be described by the following ODE system:

i = iS s
n
Mi i = PiSE; ExYksin(iS kS «)
k=1

Using a step size oh = 0.01 s and the trapezoidal integration method,
determine whether or not this system is stable for a clearing time of 4
cycles.

Let

E1=1.05662.2717
E, =1.0502 19.7315
E;=1.017013.1752
P, =0.716
P, =1.630
Ps; =0.850

and the following admittance matrices:

Prefault:
0.846S j2.988 0287 +j 1.513 0210+ 1.226
0.287 +j1.513 04205 j2.724 0213+ 1.088
0.210+j1.226 0213 +j 1.088 0277S j 2.368

Fault-on:
0.657S j 3.816 0000 +j 0.000 0070 + j 0.631
0.000 + j 0.000 0000S j 5.486 0000 + j 0.000
0.070+ j 0.631 Q000+ j 0.000 0174S j2.796

Post-Fault:
1.1815j2.229 0138+ 0.726 0191 +j 1.079
0.138+0.726 03895 j 1.953 0199 +j 1.229
0.191+j1.079 0199 +j 1.229 0273S j 2.342
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FIGURE 5.20
Double pendulum system

10. A double pendulum system is shown in Figure 5.20. Masses; and m;
are connected by massless rods of lengthy and r,. The equations of
motion of the two masses, expressed in terms of the angleg and , as
indicated, are:

S(my+ ma)grisin 1 = (my+ m)rf 1+ marary 2cos(1 S 2)
+marir 5sin( 1S 2)
Smagrasin 2 = mard 5+ maryry 1cos(1 S 2)
Smarirp 2sin( 1S )
(@) Choosex; = 1,X2 = 1,X3 = 2,X4 = 2, show that [0;0;0;0] is
an equilibrium of the system.
(b) Show that the second—order Adams-Bashforth method(is given by:

3 .1
Xn#1 = Xn + N 2f (Xn,tn) S 2f (Xng 1,ths 1)

with 5
- ®3) 3
T= X ()h

(c) Show that the third-order Adams-Bashforth method is given by:
' (

23 16 5
Xn+1 = Xn + h 12f (Xn,tn) 12f (Xnélytnél)"' 12f (Xn§2,tn§2)
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with

3
r= X9 (Oht

(d) Let r; =1,r, =0.5, and g = 10. Using the second-order Adams-
Bashforth method with h=0.005, plot the behavior of the system
for an initial displacementof ; =25 and ,=10 ,for T [0,10]
with
i.r
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Thus the variance of e can be calculated from

ee’ =(z52)(z82)" g , (6.38)
= 13A ATWA P'ATW e | SWA ATWA °'AT (6.39)

The expected, or mean, value oke' is given by
" : # " o
Ee = ISAATWAS'ATW E e | SWA ATWA AT
) (6.40)
Recallthat E e€' is justthe covariance matrix R = W1, which is a diagonal
matrix. Thus
" . #" . #
Ee = ISAATWA STATW 18A ATWA >'ATW R (6.41)

The matrix " 81 #
ISA ATWA 7" ATW

has the unusual property that it is an idempotent matrix. An idempotent
matrix M has the property that M2 = M ; thus no matter how many times
M is multiplied by itself, it will still return the product M. Therefore,

n #II #

Ee = ISAATWA S'ATW 1SA ATWA “'ATW R(6.42)
" . #

= 18A ATWA >'ATW R (6.43)

=RSA ATwA °'AT (6.44)

= R (6.45)

To determine whether the estimated values dier signi“‘cantly from the
measured values, a useful statistical measure is the? (chi-squared) test of
inequality. This measure is based on the ? probability distribution which
di ers in shape depending on its degrees of freedork, which is the di erence
between the number of measurements and the number of states. By comparing
the weighted sum of errors with the 2 value for a particular degree of freedom
and signi“cance level, it can be determined whether the errors exceed the
bounds of what would be expected by chance alone. A signi“‘cance level
indicates the level of probability that the measurements are erroneous. A
signi“cance level of 0.05 indicates there is a 5% likelihood that bad data exist,
or conversely, a 95% level of con“dence in the goodness of the data. For
example, fork = 2 and a signi“‘cance level = 0.05, if the weighted sum
of errors does not exceed a ? of 5.99, then the set of measurements can
be assured of being good with 95% con“dence; otherwise the data must be
rejected as containing at least one bad data point. Although the 2 test is
e ective in signifying the presence of bad data, it cannot identify locations.
The identi“cation of bad data locations continues to be an open research topic.
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2 Values

0.10 0.05 0.01 o0.001
271 3.84 6.64 10.83
461 599 9.21 13.82
6.25 7.82 1135 16.27
7.78 9.49 13.23 18.47
9.24 11.07 15.09 20.52
10.65 12.59 16.81 22.46
12.02 14.07 18.48 24.32
13.36 1551 20.09 26.13
14.68 16.92 21.67 27.88
10 15.99 18.31 23.21 29.59
11 17.28 19.68 24.73 31.26
12 18,55 21.03 26.22 32.91
13 19.81 22.36 27.69 34.53
14 21.06 23.69 29.14 36.12
15 22.31 25.00 30.68 37.70
16 23.54 26.30 32.00 39.25
17 2477 2759 33.41 40.79
18 25.99 28.87 34.81 4231
19 27.20 30.14 36.19 43.82
20 28.41 31.41 37.67 45.32
21 29.62 32.67 38.93 46.80
22 30.81 33.92 40.29 48.27
23 32.00 35.17 41.64 49.73
24 33.20 36.42 4298 51.18
25 3438 37.65 4431 52.62
26 35.56 38.89 45.64 54.05
27 36.74 40.11 46.96 55.48
28 37.92 41.34 48.28 56.89
29 39.09 4256 49.59 58.30
30 40.26 43.77 50.89 59.70

OCO~NOUPRRWNELX
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A test procedure to test for the existence of bad data is given by:

Test Procedure for Bad Data
1. Usez to estimate X

2. Calculate the error
e=zS AX

3. Evaluate the weighted sum of squares
mo42
1
f = 3
i=1 !

4. For k = mS n and a speci‘ed probability , if f < ﬁ then the data
are good; otherwise at least one bad data point exists.

Example 6.3
Using the chi-square test of inequality with = 0.01, check for the presence
of bad data in the measurements of Example 6.1.

Solution 6.3 The number of states in Example 6.1 is 2 and the number of
measurements is 4; thereford = 4 S 2 = 2. The weighted sum of squares is
given by
m=4
f= e
iz |
=100(0.0141Y + 100(0.0108Y + 50($0.0616) + 50(0.0549)
=0.3720

From the table of chi-squared values, the chi-square value for this example
is 9.21. The weighted least squares error is less than the chi-square value;
thus, this indicates that the estimated values are good to a con“dence level
of 99%.

6.1.3 Nonlinear Least Squares State Estimation

As in the linear least squares estimation, the nonlinear least squares estima-
tion attempts to minimize the square of the errors between a known set of
measurements and a set of weighted nonlinear functions:

e= 12 [zi S hi(x)]? (6.46)
i=1

2 - AT

minimize f = e “=e

wherex R" is the vector of unknowns to be estimated;z R™ is the vector

of measurements, ? is the variance of thei®™ measurement, andh(x) is the
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function vector relating x to z, where the measurement vectoz can be a set
of geographically distributed measurements, such as voltages and power "ows.

In state estimation, the unknowns in the nonlinear equations are the state
variables of the system. The state values that minimize the error are found
by setting the derivatives of the error function to zero:

F(x)= HTRS1[zS h(x)] =0 (6.47)

where

X TX T
B NR e
X TX T

N NN
X X T
ERINETN

Hx= 0 7. (6.48)
G
X ke
and R is the matrix of measurement variances. Note that equation (6.47) is
a set of nonlinear equations that must be solved using Newton-Raphson or
another iterative numerical solver. In this case, the Jacobian ofF (x) is

Je(X) = HJ (x)RS? . [z h(x)] (6.49)
SHT(x)RSTH, (x) (6.50)
and the Newton-Raphson iteration becomes

HT X< RSIH, x* xkS18xk = HT xk RS! zSh(x¥)  (6.51)

which is solved repeatedly using LUfactorization. At convergence, xk*! is

equal to the set of states that minimize the error function f of equation

(6.46). The test procedure for bad data is the same as that for the linear
state estimation.

6.2 Linear Programming

Linear programming is one of the most successful forms of optimization. Lin-
ear programming can be used when a mblem can be expressed by a linear
objective (or cost) function to be maximized (or minimized) subject to linear
equality or inequality constraints. A general linear programming problem can
be formulated as

minimize  f (x) = ¢'x (6.52)
subjectto Ax b (6.53)
x 0 (6.54)

Note that almost any linear optimization problem can be put into this form
via one of the following tranformations:
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1. maximizing c' x is the same as minimizingSc' x

2. any constraint of the form a' x is equivalent to Sa'x S
3. any constraint of the form a"x = is equivalent to a’ x and
Sa'x S

4. if a problem does not requirex; to be nonnegative, then x; can be
replaced by the di erence of two variablesx; = u; S v; where u; and v;
are nonnegative.

Any linear programming problem described by @, b, ¢), there exists another
equivalent, or dual problem (SAT,Sc,Sh). If a linear programming problem
and its dual both have feasible points (i.e. any point that satis“es Ax

b, x 0orSATy S ¢, y 0 for the dual problem), then both problems
have solutions and their values are the negatives of each other.

6.2.1 Simplex Method

One of the most common methods of solving linear programming problems is
the well-known simplex method. The simplex method is an iterative method

that moves the x vector from one feasible basic vector to another in such
a way that f (x) always decreases. It gives the exact result after a number

of steps which is usually much less than n § m , generally taking 2m to

3m iterations at most (where m is the number of equality constraints) [7].
However, its worst-case complexity is exponential, as can be demonstrated
with carefully constructed examples.

The simplex method is often accomplished by representing the problem in
tableau form, which is then modi“ed in successive steps according to given
rules. Every step of the simplex method begins with a tableau. The top
row contains the coe cients that pertain to the objective function f (x). The
current value of f (x) is displayed in the top right corner of the tableau. The
next m rows in the tableau represent the equality constraints. The last row of
the tableau contains the currentx vector. The rows in the tableau pertaining
to the equality constraints can be transformed by elementary row operations
without altering the solution.

The rules of the tableau that must be satis“ed are:

1. The x vector must satisfy the equality constraints Ax = b
2. The x vector must satisfy the inequality x 0

3. There aren components ofx (designated nonbasic variable$ that are
zero. The remainingm components are usuallynonzero and are desig-
nated asbasic variables

4. In the matrix that de“nes the constraints, each basic variable occurs in
only one row.
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(=Y

Example of simplex method search

5. The objective function f (x) must be expressed only in terms of nonbasic
variables.

6. An arti“cial variable may be added to one or more constraints to obtain
a starting solution.

The Simplex Algorithm is summarized:
Simplex Algorithm

1. If all coe cients in f (x) (i.e. top row of the tableau) are greater than
or equal to zero, then the currentx vector is the solution.

2. Select the nonbasic variable whose coe cient inf (x) is the largest neg-
ative entry. This variable becomes the new basic variable; .

3. Divide eachly by the coe cient of the new basic variable in that row,
aj . The value assigned to the new basic variable is the least of these
ratios (i.e. x; = bd/ay).

4. Using pivot element ay; , create zeros in columnj of A with Gaussian
elimination. Return to 1.

The series of inequalities in equation (6.53) when taken together form inter-
secting hyperplanes. The feasible region is the interior of thisr-dimensional
polytope and the minimum f (x) must occur on an edge or vertex of this poly-
tope. The simplex method is an organized search of the vertices by moving
along the steepest edge of the polytope untik is obtained as shown in Figure
6.2.
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Example 6.4
Minimize
f(x): S6x:S 14x,
subject to the following constraints:
2X1+ X2 12
2X1 + 3 X 15

X1+ 7 X2 21
X1 0, x2 O

Solution 6.4 Introduce slack variablesxs, x4, and xs such that the problem
becomes:

Minimize
f(x): 56x1S 14x, +0x3+0x4 +0Xs

subject to the following constraints:

2X1 + X + X3 =12
2X1 + 3X> + Xg =15
X1+ 7X2 + X5 =21

X1 0, X2 0, X3 0, X4 0, X5 0

Form the tableau:

o O
= OO
cNeoNe]
gNn O

1 1
3 1
7 0 0 121
0121521

The starting vector is x = [00 12 15 211. The current value of f (x) is dis-
played in the top right corner. In the next step, the function f (x) is examined
to determine which variable will cause the greatest decrease. Sinc14 is more
negative than S6, a unit increase inx, will decreasef (x) faster than a unit
increase inx1. Therefore, hold x4, constant at zero and allowx, to increase as
much as possible (i.e. traverse one edge of the polytope to the next vertex).
To determine the new value ofx, consider the constraints:

0 x3:12§x2
0 x4=158S 3x,
0 x5=21S7x,
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From these constraints, the possible values of, arex, 12, xo 5, X2 3.
The most stringent is x, 3, thereforex, can be increased to 3, and

X3 =12 é Xo=9

X4 =158 3x,=6

X5 =21S7x,=0
yielding the new vectorx =[03 96 0]T and f (x) = S42.

The new basic (non-zero) variables arex,, x3, and X4, therefore f (x) must
be expressed in terms ok; and xs. By substitution,

21S x
o= @15
and
. . . < 218 . .
f(x)= S6x1 S 14x, = S6x1 S 14( 7X5) = S6x, +2x5 S 42

To satisfy the rule that a basic variable must occur in only one row, Gaussian
elimination is used to eliminate x, from every row but one using the pivot as
de“ned in Step 3 of the algorithm.

The new tableau after Gaussian elimination is:

S6000 2542
201087 9
11 "g
00183 6
1700 1 21
0396 0

The method is again repeated. Any increase inxs will increasef (x), so X1
is chosen to become a basic variable. Therefones is held at zero andx; is
allowed to increase as much as possible. The new constraints are:

~ 13
0 x3=9S 7X1
- 11
X4:6SV7X1
TX2 =21 S X3

orx: $3, x1 72,andxi 21. The most stringent constraintisx; 12

11’
therefore x; is set to ‘ﬁ and the new values ofx,, x3 and x4 are computed.

. T . . .
The new vector isx = 17 37 2200 and f (x) is rewritten in terms of X4
and Xs:

7 .
X1 = 11(63 X4)
f(x)= S6x1 +2x5S 42
714

42 -
= +
11x4 2X5 S 11
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FIGURE 6.3
Comparison of two di erent points in the interior

Since all coe cients in f (x) are positive, the simplex method terminates be-
cause any increase ix4 or x5 will increasef (x). This signi“es that the current

H H “ H 42 27 — & 630
x vector is the solution and the “nal value of f (x) isf 77,77 = ST57-

6.2.2 Interior Point Method

A di erent type of method for linear programming problems are interior point
methods (also known as Karmarkares methods), whose complexity is polyno-
mial for both average and worst case. The simplex method has the potential
to have a worst case scenario of expoméal complexity that can occur in the
situation in which the solution visits every vertexin the feasible region before
reaching the optimum. For this reason, interior point methods have received
considerable attention over the past few decades. Interior point methods con-
struct a sequence of strictly feasible points (i.e., lying in the interior of the
polytope but never on its boundary) that converges to the solution.

The interior point method constructs a series of feasible solutions®, x*, ...
that must satisfy Ax; = b. Since x° satis“es Ax® = b and the next point
must satisfy Ax® = b, the di erence in solutions must satisfy A x = 0. In
other words, each step must lie in the nullspace ofA, which is parallel to
the feasible set. ProjectingSc onto that nullspace gives the direction of most
rapid change. However, if the iteratex is close to the boundary (as withx¥ in
Figure 6.3), very little improvement will occur. If however, the current iterate
is near the center (as withx®) there could be signi“cant improvement. One of
the key aspects of the interior point method is that a tranformation is applied
such that the current feasible point is moved (through the transformation)
to the center of the interior. The new direction is then computed and the
interior point is transformed back to the original space.

This direction of change is the projected gradient direction, or p*, and the
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feasible points are updated through
Xkt = xk+ pk (6.55)

where > 0 is the steplength. Since the feasible points must lie in the null
space ofA, each p® must be orthogonal to the rows of A. The projection
matrix P 5

P=1SAT(AAT)1A (6.56)

will transform any vector v into Pv = p and p will be in the null space of A
becauseAP is the zero matrix.

Since projecting Sc onto the nullspace gives the direction of most rapid
change, then to maintain feasibility a new iterate must satisfyp* = SPc. To
remain in the interior of t he space, the steplength is chosen at each step to
ensure feasibility of the nonnegativity constraints. To ensure that the updates
remain in the interior of the feasible space, the steplength is chosen to be less
than the full distance to the boundary, usually 0.5 0.98.

The last aspect is the transformation required to center the iterate in the
feasible space. This is accomplished by a scaling, such that the iterate is
equidistant from all constraint boundaries in the transformed feasible space.
Therefore, after rescalingx® = e, wheree =[1 1 ... 1]7. Let D=diag(x¥)
be the diagonal matrix with each component of the current iterate x* on the
diagonals. This is accomplished by lettingx = Dx so that x* = e. The new
problem to be solved then becomes:

minimize c'x= z (6.57)
subjectto Ax b (6.58)
x 0 (6.59)

wherec= Dc and A = AD . After scaling, the projection matrix becomes:
P=13AT(AAT)SIA (6.60)

Hence, at each iterationk, the iterate x¥ is rescaled tox* = e and the update
is given by
x*t = e§ Pc (6.61)

and then the updated iterate is transformed back to the original space:
xk*t = pxk+t (6.62)

This process repeats until x*1 S xK < . This process is often referred to
as the Primal A ne interior point method [8]. The steps of the method are
summarized:
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Primal A ne Interior Point Method

1. Letk =0.
2. Let D=diag(x*)
3. Compute A = AD, c= Dc
4. Compute P from equation (6.60)
5. Setpk = Pc
6. Set = S min; p}‘. The factor is used to determine the maximum
steplength that can be taken before exiting the feasible region.
7. Compute
X = ex pf
8. Compute xk*1 = pxk*?
9. If x**1 Sx*X < | then done. Else sekk = k + 1. Go to step 2.
Example 6.5

Repeat Example 6.4 using the Primal A ne Interior Point Method.

Solution 6.5 The problem is restated (with slack variables included) for
convenience:

Minimize

f(x): S6x1S 14x +0x3+0x4+0X5= 2

subject to the following constraints:

A

2X1 + X + X3 =12
2X1 + 3X>o + X4 =15
X1+ 7X2 + X5 =21

X1 0, x2 0, x3 0,x4 0, x5 O

feasible initial starting solution is

x°=[119 10 13]

with z° = ¢"x% = $20. The “rst scaling matrix is
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The rescaled matrix A and objective function vector ¢ are computed as:

1
21100 1 219 00
A=AD= 23010 9 = 23010 O
17001 10 170 013
13
1 S6 S6
1 S14 S14
c= Dc= 9 0 = 0
10 0 0
13 0 0
The projection matrix P is:
P=1SAT(AAT)S!A
1 221 221 °F
1 137 219 00 137 219 0 0
= 1 S 900 23010 0 9 00 23010 0
1 010 O 170 013 010 O 170 013
1 0 013 0 013

0.922650.083650.195750.159550.0260
$0.0836 0725850.062150.201050.3844
= $0.195750.0621 00504 00578 00485
$0.159550.2010 00578 00922 01205
$0.026050.3844 00485 01205 02090

The projected gradient is

<

QOO N~

0.922650.083650.195750.159550.0260 S
$0.0836 0725850.062150.201050.3844 1
$0.195750.0621 00504 00578 00485
$0.159550.2010 00578 00922 01205
$0.026050.3844 00485 01205 02090

4.3657
9.6600

= $20435
§3.7711
§5.5373

o
=]
1
(0p8
U
(¢
1
(0p)8

Calculate = Smin; p° = 5.5373. Rescale the current iterate tox® =
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DS51x? = e and move tox! in the transformed space with =0.9:

1 1.7096
1 2.5701
x!= 1 + p%= 06679
1 0.3871
1 0.1000

Transforming this point back to the original space:

1.7096
2.5701
x!=Dx'= 6.0108
3.8707
1.3000

and the updated cost function isc” x* = S46.2383.
Performing one more iteration (and omitting the detailed text) yields:

3.4191 25701 60108 0 0
A= 34191 77102 0 38707 0
1.7096 179904 0 0 13000

$102574
$359809

c= 0
0

0

0.568850.058450.298650.3861 00606
$0.0584 00111 00285 0029550.0766
P= S0.2986 00285 01577 0.207050.0017
$0.3861 0.0295 02070 02822 00991
0.060650.076650.0017 00991 09803

3.7321
$0.2004

pt = $2.0373
§2.8975
$2.1345

2.1592
0.9378
xt= 0.3672
0.1000
0.3370
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3.6914
24101
x= 22072
0.3871
0.4381

and the updated cost function isc” x* = $558892.
This continues until xk*! S xk <  at which time the solution is:

3.8182
2.4545
x = 1.9091
0.0000
0.0000

and the updated cost function isc" x* = S57.2727 both of which are the same
as the simplex method.

6.3 Nonlinear Programming c

Continuous nonlinear optimization problems are typically of the following
form:

minimize f(x) x R" (6.63)
subjectto ¢(x)=0, i (6.64)
hi(x) 0, i (6.65)

where [g(x) h(x)] is an m-vector of nonlinear constraint functions such that
and are nonintersecting index sets. The function f (x) is sometimes referred
to as a ecostZ function. It is assumed throughout thatf , c, and
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Iteration 3
With u = 0.4661, solving forx; and x, again yields two values for each
with a corresponding cost function:

x; =0.5921 x, = S0.7278f =1.6271
x; = $3.5921 x, = 3.4565f =14.1799

The “rst set of values again leads to the minimum cost function, so they are
selected as the operating solution. The di erence in cost functions is

C® S c® =|1.6276S 1.6271|= 0.0005

which is greater than the stopping criterion. Substituting these values into
the gradient function yields C =0.0541 and the new value olu becomes:

u =u® s c
0.46613 (0.05)(0.0541)
=0.4634

Iteration 4
With u = 0.4634, solving forx; and X, again yields two values for each
with a corresponding cost function:

x; =0.5850 x, = S0.7315f =1.6270
x; = $3.5850 x, = 3.4385f =14.1370

The “rst set of values again leads to the minimum cost function, so they are
selected as the operating solution. The di erence in cost functions is

c® §c® =1.6271S 1.6270|= 0.0001

which satis“es the stopping criterion. Thus, the valuesx; = 0.5850,% =
$0.7315,and u = 0.4634 yield the minimum cost function f = 1.6270.

6.3.3 Sequential Quadratic Programming Algorithm

Gradient descent techniques work well for small nonlinear systems, but be-
come ine cient as the dimension of the search space grows. The nonlinear
sequential quadratic programming (SQP) optimization method is computa-
tionally e cient and has been shown to exhibit superlinear convergence for
convex search spaces [4]. The SQP mathl also attempts to solve the system

minimize f(x) x R" (6.105)
subjectto ¢(x)=0, i (6.106)
hi(x) 0, i (6.107)
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As before, the usual approach to solving this optimization problem is to use
Lagrangian multipliers and minimize the hybrid system:

L(x,)= f(xX)+ Te(x)+ Th(x)i=1,...,m (6.108)
The KKT conditions are

f(x)+ CT +HT =0

c(x)=0
h(x)+ s=0
Ts=0
,s 0

where is a vector of Lagrange multipliers for the equality constraints, is a
vector of Lagrange multipliers for the inequality constraints, s is a vector of
slack variables and

C= C)((X) (6.109)
h= N (6.110)
X
This nonlinear system can be solved forx, , , and s using the Newton-

Raphson method. Consider the case of onlx and . Applying the Newton-
Raphson method to solve fory =[x |7 with

.
Fy)=0o= | (XC)(;) c

and the Newton-Raphson update becomes
yk+l — yk é k[ Fk]él F(yk)

or in original variables

k+1 k 2 T S1
X X L c L

ki =k Sk d o ’ c (6.111)
where  is a positive steplength usually taken to be less than or equal to

one.

Example 6.9
Repeat Example 6.8 using the SQP method.

Solution 6.9 The problem is repeated here:
Minimize
C: x2+2x5+ u?=f (Xq,Xz,U) (6.112)
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subject to the following constraints:

0=x5S3x,+uS3 (6.113)
0=X1+ x2S 4u+2 (6.114)

Applying the KKT conditions yields the following nonlinear system of equa-
tions:

0=2Xx1+2 X1+ 2
0=4x,S3 1+ »
0=2u+ :54,
0=x3S3x,+uS3
O0=x1+x2S4u+2

The Newton-Raphsoniteration becomes

xi Toxg 242K 0 0 &k 13T ka2 kxka K
X2 X2 0 4 0 S3 1 axkS3 k+ K
u = u S 0 0 2 1S4 2uk+ kKS4k
1 1 2xk 83 1 00 (x¥)2S 3x5 + uk S 3
2 2 1 1S4 0 0 XK+ x5 S 4uk +2

(6.115)
Starting with an intitial guess: X1 XU 1 2 T = [11111] vyields the
following updates:

X1 X2 u 1 2 f(x)
1.0000 1.0000 1.0000 1.0000 1.000@.0000
0.5774 -0.7354 0.4605 -0.9859 -0.01624.6270
0.8462 -0.5804 0.5664 -0.7413 0.0979.7106
0.6508 -0.7098 0.4853 -0.9442 0.0066.6666
0.5838 -0.7337 0.4625 -0.9831 -0.0143.6314
0.5774 -0.7354 0.4605 -0.9859 -0.0164.6270

Gar,WNRFR,ROX

which is the same solution as previously.
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6.4 Power System Applications
6.4.1 Optimal Power Flow

Many power system applications, such as the power "ow, o er only a snap-
shot of the system operation. Frequently, the system planner or operator is
interested in the e ect that making adjustments to the system parameters will
have on the power "ow through lines or system losses. Rather than making
the adjustments in a random fashion, the system planner will attempt to op-
timize the adjustments according to some objective function. This objective
function can be chosen to minimize geneating costs, reservoir water levels,
or system losses, among others. The optimal power "ow problem is to for-
mulate the power "ow problem to “nd system voltages and generated powers
within the framework of the objective function. In this application, the in-
puts to the power "ow are systematically adjusted to maximize (or minimize)
a scalar function of the power "ow state variables. The two most common
objective functions are minimization of generating costs and minimization of
active power losses.

The time frame of optimal power "ow is on the order of minutes to one hour;
therefore it is assumed that the optimization occurs using only those units that
are currently on-line. The problem of determining whether or not to engage a
unit, at what time, and for how long is part of the unit commitment problem
and is not covered here. The minimization of active transmission losses saves
both generating costs and creates a higher generating reserve margin.

Usually generator cost curves (the curves that relate generated power to
the cost of such generation) are giveras piecewise linear incremental costs
curves. This has its origin in the simpli“cation of concave cost functions with
the valve points as cost curve breakpoints [19]. Piecewise linear incremental
cost curves correspond to piecewise quaatic cost curves by integrating the
incremental cost curves. This type of objective function lends itself easily to
the economic dispatch or -dispatch problem where only generating units are
considered in the optimization. In this process, system losses and constraints
on voltages and line powers are neglectedThis economic dispatch method is
illustrated in the following example.

Example 6.10
Three generators with the following cost functions serve a load of 952 MW.
Assuming a lossless system, calculatthe optimal generation scheduling.

Cy: Py +0.0625P% $hr
C,: P,+0.0125F% $hr
Cs: P3+0.0250F% $hr
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Solution 6.10 The “rst step in determining the optimal scheduling of the
generators is to construct the problem in the general form. Thus the opti-
mization statement is:

Minimize C: P; +0.0625P + P, + 0.0125F7 + P3 + 0.0250R?
Subject to: P1+ P,+ P3S952=0

From this statement, the constrained cost function becomes

C : P1+0.0625P?+ P,+0.0125P + P3+0.0250P2S (Py + P, + P3 S 952)
(6.116)
Setting the derivatives of C to zero yields the following set of linear equations:

0125 0 0 81 Py 81
0 0025 0 $1 P, _ 31
0 0 005081 P; ~ $1 (6.117)
1 1 1 0 952

Solving equation (6.117) yields

P, =112 MW
P, =560 MW
Ps =280 MW

= $15/MWhr

for a constrained cost of $7,616/hr.

This is the generation scheduling that minimizes the hourly cost of pro-
duction. The value of is the incremental or break-evencost of production.
This gives a company a price cut-o for buying or selling generation: if they
can purchase generation for less than, then their overall costs will decrease.
Likewise, if generation can be sold for greater than , their overall costs will
decrease. Also note that at the optimal scheduling:

=1+0.125P, =1+0.025P, =1+ 0 .050P; (6.118)

Since is the incremental cost for the system, this point is also called the point
of sequal incremental cost,Z and the generation schedule is said to satisfy the
eequal incremental cost criterion.Z Any deviation in generation from the equal
increment cost scheduling will result in an increase in the production costC.

Example 6.11
If a buyer is willing to pay $16/MW hr for generation, how much excess gener-
ation should be produced and sold, and what is the pro“t for this transaction?
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Solution 6.11 From Example 6.10, the derivatives of the augmented cost
function yield the following relationships between generation and :

P,=8( S1)
P,=40( S1)
P;=20( S1)

from which the equality constraint yields:
8( S1)+40( S1)+20( S1)S952=0 (6.119)

To determine the excess amount, the equality equation (6.119) will be aug-
mented and then evaluated at = $16/MW hr:

8(16S1)+40(16S 1)+20(16 S 1) S (952 + excess) = 0 (6.120)

Solving equation (6.120) yields a required excess of 68 MW, anB; = 120
MW, P, = 600 MW, and P3; = 300 MW. The total cost of generation becomes

C: P;+0.0625P*+ P, +0.0125P? + P53 +0.0250F = $8,670/hr (6.121)

but the amount recovered by the sale of generation is the amount of excess
times the incremental cost ,

68MW x $16/MWhr = $1,088/hr

Therefore, the total cost is $8,670...1,088 = $7,580/hr. This amount is $34/hr
less than the original cost of $7,616/hr; thus, $34/hr is the pro“t achieved
from the sale of the excess generation at $16/MW hr.

Figure 6.5 shows an incremental cost table for a medium size utility. The
incremental cost of geneation is listed vertically along the left hand side of
the table. The various generating units are listed across the top from least
expensive to most expensive (left to rignt). Nuclear units are among the least
expensive units to operate and the nuclear unitWashington at the far left
can produce up to 1222 MW at an incremental cost of 7.00 $/MW hr. This
incremental cost is half of the next least expensive unitAdams at 14 $/MW
hr which is a coal unit. As the available units become increasingly more
expensive to operate, the incemental cost also increases.

Example 6.12
What is the incremental cost for the utility to produce 4500 MW?

Solution 6.12 To “nd the incremental cost that corresponds to 4500 MW
from the Incremental Cost Table in Figure 6.5, the maximum generation avail-
able from each unit is summed until it equals 4500 MW. This amount is
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FIGURE 6.6
Figure for Example 6.13

reached by the gas unit ofMonroe 1-2. This corresponds to an incremental
cost of 28.00 $/MW hr. This is the breakeven point for 4500 MW.

If power can be purchased for less than 28.00 $/MW hr, the utility should
purchase generation.

The primary drawback with the equal incremental cost scheduling is that
it neglects all losses in the system. The only enforced equality constraint is
that the sum of the generation must equal the total load demand. In reality,
however, the sum of the generation must equal the load demand plus any
system losses. In the consideration of system losses, the equality constraints
must include the set of power "ow equatons, and the optimization process
must to be extended to the steepest descent, or similar, approach [10].

Example 6.13

Consider the three machine system shown in Figure 6.6. This system has the
same parameters as the three bus system of Example 3.9 except that bus 3 has
been converted to a generator bus with a voltage magnitude of 1.0 pu. The
total load and cost functions of the generators are the same as in Example
6.10. Using the equal cost criterion scheduling as a starting point, “nd the
optimal scheduling of this system considering losses.

Solution 6.13 Following the steepest descent procedure detailed in Section
6.3.2, the “rst step is to develop an expression for the gradient C, where

(6.122)

wheref is the sum of the generator costs:

f: Cyp+ Cp+ C3= Py+0.0625P” + P, + 0.0125F% + P3 +0.0250F
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g is the set of load "ow equations:
3
g 0=P2SP2SV,  ViYycos(2S iS 2)
i=1

®: 0=P3SP3SVz; ViYscos(3S iS a)
i=1
where P, denotes the active power load at bus, the set of inputs u is the
set of independent generation settings:

P>

u= Ps

and x is the set of unknown states

X =

3
The generator settingP; is not an input because it is the slack bus generation
and cannot be independently set. From these designations, the various partial
derivatives required for C can be derived:

9= 47 (6.123)
2 - Z z (6.124)
where
gi = Vo (ViY2sin( 2S 1S 21)+ VaYizsin(2S 35S 23))(6.125)
g: = S\VL\VsYarsin( 28 35 1) (6.126)
92 = §VaVhYossin( 38 28 ) (6.127)
g; = Va(V1Yizsin(3S 1S a1)+ VaYassin(3S 2S 3))(6.128)
and

f _ 1+0.025P

u 1+0.050R, (6.129)

Finding the partial derivative | is slightly more di cult since the cost

function is not written as a direct function of x. Recall, however, that P; is
not an input, but is actually a quantity that depends on X, i.e.,
Pi=Vi(\iYiicos(1S 1S 11)
+ VoY12c08(1S 2S5 12)+ VsYizcos(1S 3S 13) (6.130)
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Thus, using the chain rule,

Bﬂ - BJJDZ] {%Zl] (6.131)

ViVaYigsin (01 — 82 — ¢12)

. 6.132
ViVsYissin (61 — 63 — ¢13) ( )

= (1+0.125P) [

From the previous example, the initial values of P, = 0.56 pu and P; = 0.28

pu are obtained from the equal incremental cost rule. Using P, = 0.56 pu

and P; = 0.28 pu as inputs into the power flow yields the following states:

[02 03] =[0.0286 —0.0185]in radiansand P, = 0.1152. Converting the gen-

erated powers to MW and substituting these values into the partial derivatives
yields:

[0g] _ 10

[ou] _01} (6.133)

[09] _ [—13.3267  9.9366

|0z| — | 9.8434 —19.9219] (6.134)

[0f7 _ [15.0000

[ou] _15.0000] (6.135)

Of] _ —52.0136

[0z ] 15.4018 [—155.8040] (6.136)
which yields

_ [—0.3256
©= [—0.4648] (6.137)

Thus, the new values for the input generation are:

Py} _ [560] _ [—0.3256

[PB] - [280} 7 [—0.4648] (6.138)

With v = 1, the updated generation is P, = 560.3 and P; = 280.5 MW.

Already the gradient C is very small, indicating that the generation values
from the equal incremental cost process were relatively close to the optimal
values, even considering losses. Proceeding with one more iteration yields the
final generation values for all of the generators:

P 112.6
P, | = |560.0 MW
Ps 282.7

which yields a cost of $7,664/MW hr. Note that this amount is greater than
the calculated cost for the equal incremental cost function. This increase is
due to the extra generation required to satisfy the losses in the system.

Often the steepest descent method may indicate either states or inputs lie
outside of their physical constraints. For example, the algorithm may result



230 Computational Methods for Electric Power Systems

in a power generation value that exceeds the physical maximum output of the
generating unit. Similarly, the resulting bus voltages may lie outside of the
desired range (usually = 10% of unity). These are violations of the inequality
constraints of the problem. In these cases, the steepest descent algorithm must
be modified to reflect these physical limitations. There are several approaches
to account for limitations and these approaches depend on whether or not the
limitation is on the input (independent) or on the state (dependent).

6.4.1.1 Limitations on Independent Variables

If the application of the steepest descent algorithm results in an updated
value of input that exceeds the specified limit, then the most straightforward
method of handling this violation is simply to set the input state equal to its
limit and continue with the algorithm except with one less degree of freedom.

Example 6.14
Repeat Example 6.13 except that the generators must satisfy the following
limitations:

80 < P, <1200 MW
450 = P, =750 MW
150 < P; <250 MW

Solution 6.14 From the solution of Example 6.13, the output of generator
3 exceeds the maximum limit of 0.25 pu. Therefore after the first iteration
in the previous example, P; is set to 0.25 pu. The new partial derivatives
become:

[0g] 1

ou] = [0] (6.139)
%9 = same (6.140)
ke

of = [1+ 0.025P,] (6.141)
[Ou ]

of = same (6.142)
[0 |

From the constrained steepest descent, the new values of generation become:

P 117.1
P, | = |588.3 MW
Ps 250.0
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with a cost of $7,703/MW hr which is higher than the unconstrained cost of
generation of $7,664/MW hr. As more constraints are added to the system,
the system is moved away from the optimal operating point, increasing the
cost of generation.

6.4.1.2 Limitations on Dependent Variables

In many cases, the physical limitations of the system are imposed upon states
that are dependent variables in the system description. In this case, the in-
equality equations are functions of x and must be added to the cost function.
Examples of limitations on dependent variables include maximum line flows
or bus voltage levels. In these cases, the value of the states cannot be inde-
pendently set, but must be enforced indirectly. One method of enforcing an
inequality constraint is to introduce a penalty function into the cost function.
A penalty function is a function that is small when the state is far away from
its limit, but becomes increasingly larger the closer the state is to its limit.
Typical penalty functions include:

p(h) = e k>0 (6.143)
p(h) = 22" n k>0 (6.144)
p(h) = az®™ e +be* n k a,b>0 (6.145)

and the cost function becomes
C*: Cu,z) + N g(u, z) + p (h(u, x) — h™®) (6.146)

This cost equation is then minimized in the usual fashion by setting the ap-
propriate derivatives to zero. This method has the advantage of simplicity of
implementation, but also has several disadvantages. The first disadvantage is
that the choice of penalty function is often a heuristic choice and can vary by
application. A second disadvantage is that this method cannot enforce hard
limitations on states, i.e., the cost function becomes large if the maximum is
exceeded, but the state is allowed to exceed its maximum. In many applica-
tions this is not a serious disadvantage. If the power flow on a transmission
line slightly exceeds its maximum, it is reasonable to assume that the power
system will continue to operate, at least for a finite length of time. If, how-
ever, the physical limit is the height above ground for an airplane, then even a
slightly negative altitude will have dire consequences. Thus the use of penalty
functions to enforce limits must be used with caution and is not applicable
for all systems.

Example 6.15

Repeat Example 6.13, except use penalty functions to limit the power flow
across line 2-3 to 0.4 per unit.
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Solution 6.15 The power flow across line 2-3 in Example 6.13 is given by

Po3 = Vo V3Ya3 €08 (62 — 03 — ¢ha3) — Vi’ Ya3 COS o3 (6.147)
= 0.467 per unit

If P53 exceeds 0.4 per unit, then the penalty function

p(h) = (1000‘/2‘/35/23 cos (52 — 03 — ¢23) - 1000‘/223/23 Ccos ¢23 - 400)2
(6.148)
will be appended to the cost function. The partial derivatives remain the

same with the exception of [gﬂ which becomes:

of] | of oP; af 0Ps3
o) = Lon) o] Lome) o] 6149
ViVaYigsin (61 — 02 — ¢1,2)]
ViVaYizsin (61 — 03 — ¢1.3)
—V2V3Ya38in (62 — 63 — ¢a3)
) 6.150
VoV3Ya3sin (62 — 03 — ¢23) ( )

Proceeding with the steepest gradient algorithm iterations yields the final
constrained optimal generation scheduling:

= (1+0.125P) [

+2 (Pa3 — 400) [

P 128.5
Py | = |476.2 MW
Ps 349.9

and P,3 = 400 MW. The cost for this constrained scheduling is $7,882/MW
hr which is slightly greater than the non-constrained cost.

In the case where hard limits must be imposed, an alternate approach to
enforcing the inequality constraints must be employed. In this approach, the
inequality constraints are added as additional equality constraints with the
inequality set equal to the limit (upper or lower) that is violated. This in
essence introduces an additional set of Lagrangian multipliers. This is often
referred to as the dual variable approach, because each inequality has the
potential of resulting in two equalities: one for the upper limit and one for
the lower limit. However, the upper and lower limit cannot be simultaneously
violated; thus, out of the possible set of additional Lagrangian multipliers
only one of the two will be included at any given operating point and thus
the dual limits are mutually exclusive.

Example 6.16
Repeat Example 6.15 using the dual variable approach.

Solution 6.16 By introducing the additional equation
Py3 = VaV3Ya3 €08 (02 — 03 — hag) — Vi? Ya3 COS hoy = 0.400 per unit (6.151)
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to the equality constraints adds an additional equation to the set of g(x).
Therefore an additional unknown must be added to the state vector x to yield
a solvable set of equations (three equations in three unknowns). Either Pgo
or Pgs can be chosen as the additional unknown. In this example, Pg3 will
be chosen. The new system Jacobian becomes:

991 991 Og1
[89} | 3 %z b (6.152)
dr] | 35 853 633 '
Oxr1 Oxzp Oxz3z

where
991
6{E1
991
6{E2
991
6{E3
992
8331
992
8332
092
6{E3
993
6{E1
993
8332
993
8333

= Vo (V1 Yi28in (02 — 61 — ¢ho1) + V5Yi38in (02 — 85 — ¢ha3))
= =V, V3Y325iN (62 — 03 — ¢ha3)

=0

= —V3VaYassin (03 — 0y — ¢32)

= V3V1Yi38in (83 — 81 — ¢a1) + VaYas Sin (65 — 02 — h32)
=1

= —V,V3Ya3sin (62 — 83 — ha3)

= V,V3Ya38in (62 — 83 — ha3)

=0

and

1
dg | _ . of | _
L?J - [8] | [%] ~ [+ 0.0250]

Similar to Example 6.13, the chain rule is used to obtain [gﬂ

of| _ | 9C | [0FPc oC 1 [0Pgs

[ax] B [613(;1} { O }Jf [6PGJ { o ] (6.153)
V1VaYia sin (01 — 02 — ¢12)

= (1+0.125Pg1) | VaVaYigsin (61 — 03 — ¢13) | + (1 + 0.050Pg3) x

0

- VaVaYspsin (93 — s — ¢32)
Vs (V1Y13 sin (63 - 51 — (]531) + V5Y538In (53 - 52 - ¢32)) (6154)
0
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Substituting these partial derivatives into the expression for C of equation
(6.122) yields the same generation scheduling as Example 6.15.

6.4.2 State Estimation

In power system state estimation, the estimated variables are the voltage
magnitudes and the voltage phase angles at the system buses. The input to
the state estimator is the active and reactive powers of the system, measured
either at the injection sites or on the transmission lines. The state estimator is
designed to give the best estimates of the voltages and phase angles minimizing
the eledts of the measurement errors. Another consideration for the state
estimator is to determine if a su [cieht number of measurements are available
to fully estimate the power system. This is the notion of system observability.

A set of specified measurements of a power system is said to be observable
if the entire state vector of bus voltage magnitude and phase angles can be
estimated from the set of available measurements. An unobservable system
is one in which the set of measurements do not span the entire state space.
The power system is observable if the matrix H, in equation (6.47) has rank
n (full rank), where the number of measurements m is greater than or equal
to the number of system states n. A redundant measurement is one whose
addition to the measurement does not increase the rank of the matrix H,.

The observability of a power system can be determined by examining the
measurement set and the structure of the power system. A tree is a set of
measurements (either bus or line) that spans the entire set of power system
buses. In other words, by graphically connecting the buses and lines that
contribute to the set of measurements, the entire set of system buses can
be connected by a single connected graph. A power system can be made
observable by adding measurements at those lines that will connect disjoint
trees.

Example 6.17
The SCADA system for the power network shown in Figure 6.7 reports the
following measurements and variances:
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7.1 The Power Method

The power method is one of the most commmon methods of finding the domi-
nant eigenvalue of the n <n matrix A. The dominant eigenvalue is the largest

eigenvalue in absolute value. Therefore if Ay, Xo,..., A\, are eigenvalues of A,
then )\; is the dominant eigenvalue of A if
M| > |\l (7.5)

forall i =2,... n.

The power method is actually an approach to finding the eigenvector v,
corresponding to the dominant eigenvalue of the matrix A. Once the eigen-
vector is obtained, then the eigenvalue can be extracted from the Rayleigh

quotient:
A
A= 00 (7.6)
U,V
The approach to finding the eigenvector v; is an interative approach. There-
fore, from an initial guess vector v°, a sequence of approximations v* is con-
structed which hopefully converges as k goes to oco. The iterative algorithm

for the power method is straightforward:
The Power Method
1. Let & = 0 and choose v° to be a non-zero n x 1 vector.

2. whtl = Ak

3. app = wht!

k41 — wk+1
4- v = ak+1

5. if vF*1 —o* < ¢ then done. Else, k = k + 1, go to Step 2.

The division by the norm of the vector in Step 4 is not a necessary step,
but it keeps the size of the values of the eigenvector close to 1. Recall that a
scalar times an eigenvector of A is still an eigenvector of A, therefore scaling
has no adverse consequence. However, without Step 4 and o* = 1 for all k&,
the values of the updated vector may increase or decrease to the extent that
the computer accuracy is aledted.

Example 7.1
Use the power method to find the eigenvector corresponding to the dominant
eigenvalue of the following matrix:

1=573)
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Solution 7.1 Start with the initial guess v° =[1 1]7. Then

w!'= A U0:|: 4]

5
ol = w' =6.4031
1 _ [ 0.6247
Y= 1 -0.7809

The second iteration follows:

) Ul:{ 5.3099}

= —7.3402
o? = w? =9.059
2 _ | 0.5861
Y7 |-0.8102
Continuing to convergence yields the eigenvalue:
«_ | 0.5851
~ | —0.8110

From the eigenvector, the corresponding eigenvalue is calculated

[0.5851 —0.8110] [ 6 ‘2} [ 0.5851

- -8 3 —0.8110] _8.7720
B 0.5851} B

[0.5851 —0.8110] {_0 2110

245

which is exactly the largest eigenvalue of A (the smaller eigenvalue is 0.2280).

To see why the power method converges to the dominant eigenvector, let

the initial guess vector v° be expressed as the linear combination:

n
W= B
i=1

(7.7)

where v; are the actual eigenvectors of A and the coe Lciehts 3; are chosen to
make equation (7.7) hold. Then applying the power method (without loss of

generality it can be assumed that o* = 1 for all k) yields

VP = Aph = A%F T = = ARTLO

n n k
= Z NAL g0, = N By + Z ) Bivs
= ' = \A

%
1
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Because

’Ai <1 i=2,...,n

A1

then as & successively increases, these terms go to zero, and only the compo-
nent corresponding to v is left.

The power method will fail if there are two largest eigenvalues of the same
absolute magnitude. Recall that the eigenvalues of a real matrix A are in
general complex and occur in conjugate pairs (which necessarily have the
same absolute value). Therefore if the largest eigenvalue of A is not real, then
the power method will certainly fail to converge. For this reason, it is sensible
to apply the power method only to matrices whose eigenvalues are known to
be real. One class of real eigenvalue matrices are symmetric matrices.

There are also cases in which the power method may not converge to the
eigenvector corresponding to the dominant eigenvalue. This would occur in
the case in which 8, = 0. This implies that the initial guess v° contains
no component of the eigenvector v;. In this case, the method will converge
to the eigenvector contained in the decomposition of v* of the next largest
eigenvalue.

The rate of convergence of the power method is determined by the ratio
|§i|. Thus if |Az] is only slightly smaller than ||, then the power method
will converge slowly and a large number of iterations will be required to meet
the required accuracy.

There are several extensions to the power method. For example, if instead of
the dominant eigenvalue, the smallest eigenvalue was desired, then the power
method can be applied to A~!. Since the eigenvalues of A~! are ! !

AT Ay
the inverse power method should converge to Aln.

Another extension is the spectral shift. This approach uses the fact that the
eigenvalues of A —al are A\; —a, ..., A\, —a. Thus having computed the first
eigenvalue \{, the power method can be reapplied using the shifted matrix
A — X\ I. This reduces the first eigenvalue to zero and the power method now

converges to the largest in absolute value of Ao — Ay, ..., A, — A1,

7.2 The QR Algorithm

Many methods for solving the eigenvalue problem are based on a sequence of
similarity transformations with orthogonal matrices. Thus, if P is any non-
singular matrix, then the matrices A and PAP~! have the same eigenvalues.
Furthermore, if v is an eigenvector of A, then Pv is an eigenvector of PAP~!.
If the matrix P is othogonal, then the condition of the eigenproblem is not
aledted. This is the basis for the similarity transformation methods.



Eigenvalue Problems 247

The QR method [20], [52], [53] is one of the most widely used decompo-
sition methods for calculating eigenvalues of matrices. It uses a sequence of
orthogonal similarity transformations [13] [28] such that A = Ay, Ay, Ao, ...
is computed by

Ai:QiRia RiQi:Ai+17 7;:071727"'7

Similar to the LU factorization, the matrix A can also be factored into two
matrices such that
A=QR (7.8)
where @ is a unitary matrix and R is an upper triangular matrix. The matrix
Q is unitary if
QR =Q Q=1 (7.9)
where () denotes complex conjugate transpose.
Examples of unitary matrices are

0, = [(ié] Qn = [cose—sine]

sinf cos@

It also follows that the inverse of a unitary matrix is also its conjugate trans-
pose, i.e.,

Q' =q"

This decomposition yields the column vectors [aq, as, . . ., a,] of A and column
vectors [q¢1, g2, - - ., gn] Of Q such that

k

ar =Y rawg, k=1...n (7.10)

=1
The column vectors aq, as, ..., a, must be orthonormalized from the left to
right into an orthonormal basis ¢1, ¢, ..., ¢x.

In the implementation of the QR algorithm, it is common practice to trans-
form A into a Hessenberg matrix H having the same eigenvalues and then
apply the QR matrix to H. In the end, the matrix becomes upper triangular
and the eigenvalues can be read o [df the diagonal. A Hessenberg matrix is
essentially an upper triangular matrix with one extra set of non-zero elements
directly below the diagonal. The reason for reducing A to a Hessenberg ma-
trix is that this greatly reduces the total number of operations required for
the QR algorithm.

The Householder method is one method used to reduce A to a Hessenberg
matrix. For each n %< n matrix A, there exist n — 2 Householder matrices
H.{ H,,...,H,_5, such that for

Q = Hn,Q...HQHl

the matrix

P=Q"AQ
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is a Hessenberg matrix [27]. A matrix H is a Householder matrix if

H=1-2"
v*v
Note that Householder matrices are also unitary matrices. The vector v is
chosen to satisfy
vi=a;xe; a; 5 (711)

where the choice of sign is based upon the requirement that v , should not
be too small, e; is the it column of I, and q; is the it column of A.

Example 7.2
Find the QR decomposition of the matrix A:
1348
_ 12123
A= 4358
9274

Solution 7.2 The first transformation will be applied to zero out the first
column of A below the subdiagonal, thus

v =ayter ay 4

1 .
_ 12 0
=4 + 10.0995 0
19 0
[11.0995
_ | 2.0000
~ | 4.0000
| 9.0000
leading to
_ V1]
H =1-
' (viv1)
(1000 11.0995
_|o0100 2 2.0000
10010 2941990 | 4.0000 [11.0995 2.0000 4.0000 9.0000]
10001 9.0000

[ —0.0990 —0.1980 —0.3961 —0.8911
—0.1980 0.9643 —0.0714 —0.1606
—0.3961 —0.0714 0.8573 —0.3211
—0.8911 —0.1606 —0.3211 0.2774
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and
—10.0995 —3.4655 —9.0103 —8.1192

0 —0.1650 —0.3443 0.0955
0 0.6700 0.3114 2.1910
0 —3.2425 —3.5494 —9.0702

HlA:

The second iteration will operate on the part of the transformed matrix
that excludes the first column and row. Therefore

Vg =ag tex az ,
[—0.1650]

1
= | 0.6700| +3.3151 |0
| —3.2425 | 0

3.1501]
= | 0.6700
| —3.2425 |

which results in

V2V
(v3v2)
1 0 0 0
0 0.0498 —0.2021 0.9781

0 —0.2021 0.9570 0.2080
0 0.9781 0.2080 —0.0068

HQZI_Z

and
—10.0995 —3.4655 —9.0103 —8.1192

HyH A = 0 —3.3151 —3.5517 —9.3096

0 0 —0.3708 0.1907
0 0 —0.2479 0.6108
Continuing the process yields
_ | 0.0752
Y3 = | —0.2479
[10 0 0
. = 01 0 0
®71000.8313 0.5558
| 000.5558 —0.8313
which results in
—10.0995 —3.4655 —9.0103 —8.1192
R= HyH H A= 0 —3.3151 —3.5517 —9.3096

0 0 —0.4460 0.4980
0 0 0 —0.4018
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and
—0.0990 —0.8014 —0.5860 —0.0670

—0.1980 —0.0946 0.2700 —0.9375
—0.3961 —0.4909 0.7000 0.3348
—0.8911 0.3283 —0.3060 0.0670

Q = HHyH3 =

It can be verified that A = QR and further that Q* = Q.

The elimination by QR decomposition can be considered as an alternative to
Gaussian elimination. However, the number of multiplications and divisions
required is more than twice the number required for Gaussian elimination.
Therefore QR decomposition is seldom used for the solution of linear systems,
but it does play an important role in the calculation of eigenvalues.

Although the eigenvalue problem gives rise to a simple set of algebraic
equations to determine the solution to

det (A—\I) =0

the practical problem of solving this equation is di [Ccult. Computing the roots
of the characteristic equation or the nullspace of a matrix is a process that is
not well suited for computers. In fact, no generalized direct process exists for
solving the eigenvalue problem in a finite number of steps. Therefore iterative
methods for calculation must be relied upon to produce a series of successively
improved approximations to the eigenvalues of a matrix.

The QR method is commonly used to calculate the eigenvalues and eigenvec-
tors of full matrices. As developed by Francis [13], the QR method produces
a series of similarity transformations

A = QpAr—1Qr QrQr =1 (7.12)

where the matrix Ay is similar to A. The QR decomposition is repeatedly per-
formed and applied to A as the subdiagonal elements are iteratively driven to
zero. At convergence, the eigenvalues of A in descending order by magnitude
appear on the diagonal of Ay.

Example 7.3
Find the eigenvalues and eigenvectors of the matrix of Example 7.2.

Solution 7.3 The first objective is to find the eigenvalues of the matrix A
using the QR method. From Example 7.2, the first QR factorization yields
the Oy matrix

—0.0990 0.8014 0.5860 —0.0670

_ | —0.1980 0.0946 —0.2700 —0.9375
Qo = —0.3961 0.4909 —0.7000 0.3348
—0.8911 —0.3283 0.3060 0.0670
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Using the given A matrix as Ay, the first update A; is found by

A1 = QpA0Qo
12.4902 —10.1801 —1.1599 0.3647
—10.3593 —0.9987 —0.5326 —1.2954
0.2672 0.3824 —0.4646 0.1160
0.3580 0.1319 —0.1230 —0.0269

The QR factorization of A; yields

—0.7694 —0.6379 —0.0324 —0.0006

_ 0.6382 —0.7660 —0.0733  0.0252
Q= —0.0165 0.0687 —0.9570 —0.2812
—0.0221 0.0398 —0.2786 0.9593

and the A, matrix becomes

Ay = Q1A10Q
17.0913 4.8455 —0.2315 —1.0310
4.6173 —5.4778 —1.8116 0.6064
—0.0087 0.0373 —0.5260 —0.1757
0.0020 —0.0036 0.0254 —0.0875

Note that the elements below the diagonals are slowly decreasing to zero. This
process is carried out until the final A matrix is obtained:

18.0425 0.2133 —0.5180 —0.9293
0 —6.4172 —1.8164 0.6903
0 0 —0.5269 —0.1972
0 0 0 —0.0983

The eigenvalues are on the diagonals of A, and are in decreasing order by
magnitude. Thus the eigenvalues are

18.0425
—6.4172
—0.5269
—0.0983

A, 4=

The next step is to find the eigenvectors associated with each eigenvalue.
Recall that

for each eigenvalue and corresponding eigenvector ¢ = 1,...,n. Equation
(7.14) may also be written as

A’Ui - /\ivi =0
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In other words, the matrix defined by A — \;I is singular; thus, only three of
its rows (or columns) are independent. This fact can be used to determine
the eigenvectors once the eigenvalues are known. Since A — \;I is not of full
rank, one of the elements of the eigenvector v; can be chosen arbitrarily. To
start, partition A — \;I as

A_)\ZI: |: all al,?n :|

a2n,1 A2n,2n

where aq; is a scalar, a2, is a 1% (n — 1) vector, as,; is a (n — 1) % 1 vector,
and agp, 2, is an (n — 1) x (n — 1) matrix of rank (n —1). Then let v;(1) =1
and solve for the remaining portion of the eigenvector as

vi(2)
i (3) .
. = —a2n72na2n,1vi(l) (715)
vi(n)
Now update v;(1) from
vi(2)
1 i (3)
v (1) =— Qa2n,1 .
a1 :
vi(n)
Then the eigenvector corresponding to \; is
vi(2)
vy = .
vi(n)
The last step is to normalize the eigenvector; therefore,
— Ui
V; —
Vg

Thus, for the vector of eigenvalues
A = [18.0425 —6.4172 —0.5269 —0.0983 |

the corresponding eigenvectors are:

0.4698 0.6158 0.3673 0.0932
0.2329 0.0539 —0.5644 0.9344
0.5800| | 0.2837 |’ | —0.5949 |’ | —0.2463

0.6234 —0.7330 0.4390 —0.2400
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7.2.1 Shifted QR

The QR iterations can converge very slowly in many instances. However, if
some information about one or more of the eigenvalues is known a priori,
then a variety of techniques can be applied to speed up convergence of the
iterations. One such technique is the shifted QR method, in which a shift o
is introduced at each iteration such that the QR factorization at the k' is
performed on

Ak —ol = QkRk

and
A1 = QL (A — o) Qr + ol

If o is a good estimate of an eigenvalue, then the (n,n — 1) entry of Ag
will converge rapidly to zero, and the (n,n) entry of A; will converge to the
eigenvalue closest to o. Once this has occurred, an alternate shift can be
applied.

Example 7.4
Repeat Example 7.3 using shifts.

Solution 7.4 Start with using a shift of ¢ = 15. This is near the 18.0425 eigen-
value; so, convergence to that particular eigenvalue should be rapid. Starting
with the original A matrix as Ay, the QR factorization of Ag — oI yields

_0.8124 0.0764 0.2230 0.5334
| 0.1161-0.9417 —0.0098 0.3158
Qo= 1 02321 02427 —071220.6164
0.5222 02203 0.6655 0.4856

and the update 4; = Q5 (Ao —cl) Qo + ol

—4.9024 0.8831 —1.6174 2.5476
—0.2869 0.0780 —0.1823 1.7775
—2.9457 0.5894 —1.5086 2.3300

2.5090 1.0584 3.1975 17.3330

Alz

The eigenvalue of interest (A = 18.00425) will now appear in the lower right
corner since as the iterations progress Axi+1(n,n) — o will be the smallest
diagonal in magnitude. Recall that the eigenvalues are ordered on the diagonal
from largest to smallest and since the largest eigenvalue is “shifted” by o,
it will now have the smallest magnitude. The convergence can be further
increased by updating o at each iteration, such that o411 = Ag4+1(n,n). The
iterations proceed as in Example 7.3.



254 Computational Methods for Electric Power Systems

7.2.2 Deflation

The speed of convergence of the QR method for calculating eigenvalues de-
pends greatly on the location of the eigenvalues with respect to one another.
The matrix A — oI has the eigenvalues \; —o for i =1,... n. If o is chosen
as an approximate value of the smallest eigenvalue \,, then )\, — o becomes
small. This will speed up the convergence in the last row of the matrix, since

|/\n - Ul

1
[An—1— ol

Once the elements of the last row are reduced to zero, the last row and column
of the matrix may be neglected. This implies that the smallest eigenvalue is
“deflated” by removing the last row and column. The procedure can then be
repeated on the remaining (n—1) < (n—1) matrix with the shift o chosen close
to \,_1. Using the shift and deflation in combination can significantly improve
convergence. Additionally, if only one eigenvalue is desired of a particular
magnitude, this eigenvalue can be isolated via the shift method. After the
last row has been driven to zero, the eigenvalue can be obtained and the
remainder of the QR iterations abandoned.

7.3 Arnoldi Methods

In large interconnected systems, it is either impractical or intractable to find
all of the eigenvalues of the system state matrix due to restrictions on com-
puter memory and computational speed. The Arnoldi method has been de-
veloped as an algorithm that iteratively computes & eigenvalues of an n < n
matrix A, where k is typically much smaller than n. This method therefore
bypasses many of the constraints imposed by large matrix manipulation re-
quired by methods such as the QR decomposition. If the k& eigenvalues are
chosen selectively, they can yield rich information about the system under
consideration, even without the full set of eigenvalues. The Arnoldi method
was first developed in [2], but sulerkd from poor numerical properties such
as loss of orthogonality and slow convergence. Several modifications to the
Arnoldi method have overcome these shortcomings. The Modified Arnoldi
Method (MAM) has been used frequently in solving eigenvalue problems in
power system applications [29], [51]. This approach introduced precondition-
ing and explicit restart techniques to retain orthogonality. Unfortunately
however, an explicit restart will often discard useful information. The restart
problem was solved by using implicitly shifted QR steps [45] in the Implicitly
Restarted Arnoldi (IRA) method. Several commercial software packages have
been developed around the IRA method, including the well known ARPACK
and the Matlab speig routines.
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The basic approach of the Arnoldi method is to iteratively update a low
order matrix H whose eigenvalues successively approximate the selected eigen-
values of the larger A matrix, such that

AV=VH, V*'V=I (7.16)

where V' is an n % k& matrix and H is a k % k Hessenberg matrix. As the
method progresses, the eigenvalues of A are approximated by the diagonal
entries of H yielding

HV,=V,D (7.17)

where V; is a k < k& matrix whose columns are the eigenvalues of H (approxi-
mating the eigenvectors of A) and D is a k %< k& matrix whose diagonal entries
are the eigenvalues of H (approximating the eigenvalues of A). The Arnoldi
method is an orthogonal projection method onto a Krylov subspace.

The Arnoldi procedure is an algorithm for building an orthogonal basis of
the Krylov subspace. One approach is given as:

The k-step Arnoldi Factorization
Starting with a vector v; of unity norm, for j =1,... k compute:

1. H(Gi,j)=vlAv;j fori=1,...j
2. wj =Avj—zg:1 H{(i, j)v;

3. HG+1,5)= wj; ,

4. If H(j +1,5) =0, then stop

5

= w
C UL T H(H1,)
At each step, the algorithm multiplies the previous Arnoldi vector v; by

A and then orthonormalizes the resulting vector w; against all previous v;’s.
The k-step Arnoldi factorization is shown in Figure 7.1, and is given by

AVy = Vi Hy, + wyel (7.18)

The columns V' = [vy, va,...,vx] form an orthonormal basis for the Krylov
subspace and H is the orthogonal projection of A onto this space. It is desir-
able for wj to become small because this indicates that the eigenvalues of H
are accurate approximations to the eigenvalues of A. However, this “conver-
gence” often comes at the price of numerical orthogonality in V. Therefore,
the k-step Arnoldi factorization is “restarted” to preserve orthogonality.

Implicit restarting provides a means to extract rich information from very
large Krylov subspaces while avoiding the storage and poor numerical proper-
ties associated with the standard approach. This is accomplished by continu-
ally compressing the information into a fixed size k-dimensional subspace, by
using a shifted QR mechanism. A (k + p)-step Arnoldi factorization

AVip = VirpHirp + Whip€isy (7.19)
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A ank ank Hk fe-Ik— ¢
k
} k
X = X +
- N—» k k k
FIGURE 7.1
A k-step Arnoldi factorization
A an(k+p) an(k+p) Hk+p feLp
k p
3 3 w ‘
‘n :
X i = i X +

FIGURE 7.2
A (k + p)-step Arnoldi factorization

is compressed to a factorization of length & that retains the eigen-information
of interest. This is accomplished using QR steps to apply p shifts to yield

AVip = Vip Hip + Wi (7.20)

where Viy, = Vi pQ, Hip = Q*Hi1,Q, and @1 = wiypeq, Q. 1t may be
shown that the first k£ — 1 entries of the vector ef+pQ are zero [46]. Equating
the first & columns on both sides yields an updated k-step Arnoldi factoriza-
tion. This now provides the “restart” vectors for extending the k-step Arnoldi
factorization to the k + p-step Arnoldi factorization, shown in Figure 7.2.

The implicitly restarted Arnoldi algorithm consists of three main steps:
initialization, iteration/refinement, and final calculation of the eigenvalues
and eigenvectors.

Implicity Restarted Arnoldi Algorithm

1. Initialization
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Using the vector v, as a starting vector, generate a k-step Arnoldi factor-
ization. At each step k of the factorization, the vector Vj, is augmented
by a vector vy satisfying equation (7.18). Note that Hj, is a Hessenberg
matrix. The shaded regions in Figure 7.1 represent non-zero entries.
The unshaded region of fel is a zero matrix of (k — 1) columns. The
last column of fel is f. The Arnoldi factorization is entirely dependent
on the choice of initial vector v;.

2. lteration/Refinement

(a) Extend the k-step factorization by p steps.

Each of the p additions represents an eigenvalue/eigenvector that
can be discarded at the end of the iteration if it does not meet
the chosen criteria. In general, the choice of p is a trade-o[HQe-
tween the length of factorization that may be tolerated and the
rate of convergence. For most problems, the size of p is determined
experimentally. The only requirement is that 1 <p <n — k.

(b) Calculate eigenvalues of H6
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of minimizing the error between the actual time-varying function and the pro-
posed function by estimating the magnitude, phase, and damping parameters
of the fitting function. In the problem of estimating a nonlinear waveform by
a series of functions, the minimization function is given by:

N n 2
minf = [Z [ake(bkti) cos (wit; + 6;@)} - yi} (7.33)

i=1 Lk=1

where n is the number of desired modes of the approximating waveform, N
is the number of data samples, y; is the sampled waveform, and

T
[al bl w1 017 sy Ap bn Wn 011]

are the parameters to be estimated.

There are several approaches to estimating the modal content of a time
varying waveform. The Prony method is well-known and widely used in power
systems applications. The matrix pencil approach was introduced for extract-
ing poles from antennas’ electromagnetic transient responses. The Levenberg-
Marquardt iteratively updates the modal parameters by an analytic optimiza-
tion to minimize the error between the resulting waveform and the input data.

7.5.1 Prony Method

One approach to estimate the various parameters is the Prony method [23].
This method is designed to directly estimate the parameters for the exponen-
tial terms by fitting the function

g(t) = Aze” cos (wit + ¢;) (7.34)
=1
to an observed measurement for y(t), where y(t) consists of V samples
y(@r) =y(k), £=0,1,.... N—1

that are evenly spaced by a time interval A¢. Since the measurement signal
y(t) may contain noise or dc o[Sek, it may have to be conditioned before the
fitting process in applied.

The basic Prony method is summarized as

Prony Method
1. Construct a discrete linear prediction model from the measurement set
2. Find the roots of the characteristic polynomial of the model

3. Using the roots as the complex modal frequencies for the signal, deter-
mine the amplitude and phase for each mode
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These steps are performed in the z-domain, translating the eigenvalues to the
s-domain as a final step.
Note that equation (7.34) can be recast in complex exponential form as:

g(t) =>_ BN (7.35)
i=1
which can be translated to
g(k) = Bizf (7.36)
=1
where
z; = eMiAY (7.37)
The system eigenvalues A can be found from the discrete modes by
_ In(z)
A = At (7.38)

The z; are the roots of the n-th order polynomial
2" = (alz”_l +a92" 2+ .+ anzo) =0 (7.39)

where the a; coe Lciehts are unknown and must be calculated from the mea-
surement vector as:

y(n—1) y(n—2) ... y(0) a1 y(n)
y(n — 0) y(n:— . : y(:l) (1:2 _ | ytn+1) 7.40)
YN =2) y(N =3) ... y(N=n—1) | |an y(N —1)

Note that this is a system of N equations in n unknowns and therefore must
be solved by the least squares method to find the best fit.

Once z; has been computed from the roots of equation (7.39), then the
eigenvalues \; can be calculated from equation (7.38). The next step is to
find the B; that produces 7(k) = y(k) for all k. This leads to the following
relationship:

29 28 L0020 B y(0)
R B, B y(1) (7.41)
AN 2N | B, y(N —1)

7ZB=Y (7.42)
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Note that the matrix B is n < N; therefore, equation (7.42) must also be
solved by the least squares method. The estimating waveform 7 (¢) is then
calculated from equation (7.35). The reconstructed signal 7(¢) will usually
not fit y(t) exactly. An appropriate measure for the quality of this fit is a
“signal to noise ratio (SNR)” given by

SNR =20log /¥ (7.43)
y

where the SNR is given in decibels (dB).

Since the fit for this method may be inexact, it is desirable to have control
over the level of error between the fitting function and the original waveform.
In this case, a nonlinear least squares can provide improved results.

7.5.2 The Matrix Pencil Method

The Prony method described in the previous section is a “polynomial” method
in that it includes the process of finding the poles z; of a characteristic polyno-
mial. The matrix pencil (MP) method produces a matrix whose roots provide
z;. The poles are found as the solution of a generalized eigenvalue problem
[24]-[41]. The matrix pencil is given by

[Yo] = A[Y1] = [Z1] [BI{[Zo] — A 1]} [Z2] (7.44)
where
y(0) y(1) ()
y(1) y(2) cy(L+1)
Yl= : : : (7.45)
(N =L y(N—L+1)... y()
[Zo] = diag [z1, 22, - - - , 2n] (7.46)
o1 1 ... 1
z=| . L T (7.47)
_ZiN—'L—l) ZéN—.L—Z) Z7(LN—.L—1)
(1 2 ... zlL_l
L—1
A ] (7.48)
17,2

[B] = matrix of residuals
[I] = n % n identity matrix
n = desired number of eigenvalues
L = pencil parameter, suchthatn=L<=N —n
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Matrix Pencil Method
1. Choose L suchthatn=L<N—n
2. Construct the matrix [Y]

3. Perform a singular value decomposition of [Y] to obtain
[Y]=[UIsIvV]” (7.49)

where [U] and [V] are unitary matrices and contain the eigenvectors of
[YI[Y]" and [Y]7[Y] respectively.
4. Construct the matrices [V1] and [V2] such that

Vl = [Ul V2 V3 ... ’Unfl] (750)
Vo=1[ve v3 v4 ... vy] (7.51)

where v; is the i-th right singular vector of V.

5. Construct [Y;] and [Y2]

V1] = Vil" V1]
[Ya] = [Va]"[VA]

6. The desired poles z; may be found as the generalized eigenvalues of the
matrix pair {[Y>];[Y1]}.

From this point, the remainder of the algorithm follows that of the Prony
method to calculate the eigenvalues A and the residual matrix B.

If the pencil parameter L is chosen such that L = N/2, then the perfor-
mance of the method is very close to the optimal bound [24].

It has been shown that under noise, the statistical variance of the poles
found from the Matrix Pencil method is always less than that of the Prony
Method [24].

7.5.3 The Levenberg-Marquardt Method

The nonlinear least squares for data fitting applications has the general form
N

minimize f(z) = > [z, t:) =y’ (7.52)
k=1

where y; is the output of the system at time ¢;, and x is the vector of magni-
tudes, phases, and damping coe [ciehts of equation (7.34), which arise from
the eigenvalues of the state matrix of the system.
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To find the minimum of f(z), the same procedure for developing the Newton-

Raphson iteration is applied. The function f(z) is expanded about some xg
by the Taylor series:

f@) = f(zo) + (z — x0)" f'(wo) + ;(l’ — 20)" f"(wo)(x —wo) + ... (7.53)

where
fl(x) = of forj=1,....n
BCEJ‘
0% f
" —_ - —_
f(x) = D0 for j,k=1,...,n

If the higher order terms in the Taylor’s expansion are neglected, then mini-
mizing the quadratic function on the right hand side of equation (7.53) yields

w1 = x0 = [f" @)l f' (0) (7.54)

which yields an approximation for the minimum of the function f(x). This
is also one Newton-Raphson iteration update for solving the necessary mini-
mization condition

f(@)=0
The Newton-Raphson equation (7.54) may be rewritten as the iterative linear
system

A(zr) (@1 — 21) = g(xk) (7.55)
where
o)== @
J
_ 0*f
ajk(r) = Oz 0z, (@)

and the matrix A is the system Jacobian (or similar iterative matrix).
The derivatives of equation (7.52) are

Of \ — oo 1 O
o, @ =221 = o, @

and

o2 f [ O, 0T e 0%
=2 + —
NEMCEDS {8% @ g0 @)+ = ) ) @]
In this case, the matrix element a;;, contains second derivatives of the func-
tions ;. These derivatives are multiplied by the factor [7;(x) — y;] and will
become small during the minimization of f. Therefore the argument can be
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made that these terms can be neglected during the minimization process.
Note that if the method converges, it will converge regardless of whether the
exact Jacobian is used in the iteration. Therefore the iterative matrix A can
be simplified as

95 1,y 07
ajp = ZZ 3;1{] i (@) (7.56)

and note that a;;(z) > 0.
The Levenberg-Marquardt method modifies equation (7.55) by introducing
the matrix A with entries

aj; = (1+7)ay;
ajk = Qjk ] =k
where ~ is some positive parameter. Equation (7.55) becomes
A(xo)(xl —x9) =g (7.57)

For large ~, the matrix A will become diagonally dominant. As ~ approaches
zero, equation (7.57) will turn into the Newton-Raphson method. The Levenberg-
Marquardt method has the basic feature of varying ~ to select the optimal
characteristics of the iteration. The basic Levenberg-Marquardt algorithm is
summarized:

Levenberg-Marquardt Method
1. Set £ = 0. Choose an initial guess x(, v and a factor «.
2. Solve the linear system of equation (7.57) to obtain x4 1.

3. If f(zrs1) > f(xr), reject xi1 as the new approximation, replace ~ by
a7y, and repeat step 2.

4. If f(zrp+1) < f(zr), accept xp4+1 as the new approximation, replace -y
by v/a, set k = k + 1, and repeat step 2.

5. Terminate the iteration when
Th+1 — Tk <€

In the problem of estimating a nonlinear waveform by a series of functions,
the minimization function is given by:

N m 2
minimizef = Z lz [ake(bkt” cos (wyt; + Hk)} - y1] (7.58)

=1 Lk=1

where m is the number of desired modes of the approximating waveform, and
x=1[a; by w1 01 ...am by Wi Gm]T.
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As with all of the nonlinear iterative methods, the ability of the Levenberg-
Marquardt method to converge to a solution depends on the choice of initial
guess. In this case, it is wise to use the results of the matrix pencil or the
Prony method to provide the initial values.

7.5.4 The Hilbert Transform

The shape of a signal that contains a rapidly oscillating component that ver-
ies slowly with time is called the “envelope.” With the use of the Hilbert
transform, the rapid oscillations can be removed from the signal to produce
the representation of the envelope.

The Hilbert transform for x(t) is:

Xu@) == a)= [Or) = F {FGXG}  (759)

The Fourier transform of (—wt)’1 is 7 sgn w, which is +: for positive w and
—i for negative w. The Hilbert transformation is equivalent to a filter in
which the amplitudes of the spectral components are left unchanged, but their
phases are altered by /2, positively or negatively according to the sign of w.
The Hilbert transforms of even functions are odd and those of odd functions
are even. The cosine component transforms into negative sine components
and sine components transform into cosine components. A more in-depth
explanation of the Hilbert transform can be in found in [22].

The impulse response function of a single-degree-of-freedom system is an
exponential damped sinusoid. The Hilbert transform is used to calculate a
new time signal from the original signal. Both the signals are combined to
form the analytical signal

2(t) = 2(t) — iXx(t) (7.60)

The magnitude of the analytic signal is the envelope of the original time
signal. When the envelope is plotted in the dB scale, the graph is a line.
Then the slope of the line is related to the damping ratio. The impulse
response function of a single-degree-of-freedom system can be described with
the following equation:

2(t) = Ae=€nt sin (wn (\/1 - 52) t) (7.61)

where w,, is the natural frequency, £ is the damping ratio, and A is the residue.
The Hilbert transform of equation (7.61) is

X (t) = Ae—9nt cos (wn (\/1 - 52) t) (7.62)
The analytic signal is

2(t) = Ae—ont (sin (wn (\/1 - 52) t) +icos (wn (\/1 - 52) t)) (7.63)
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The magnitude of the analytic signal eliminates the oscillatory component
and gives the envelope:

|2(t)| = \/(Ae—fwnt)Q (sin2 (wn (ﬂ - 52) t) + €082 (wn (ﬂ - 52) t))
= Ae~twnt
Taking the natural log of each side yields
In|2(#)] = In (Ae=8nt)
=InA— &wpt

This is the equation of a straight line in ¢. If the slope of the line is calculated,
the estimate of the damping ratio becomes

slope
Wn,

£E= (7.64)
The Hilbert transform provides an approach to estimate the number of modes
in a waveform when the number of modes is not known beforehand.

7.5.5 Examples

The e [edtiveness of these methods will be illustrated with several examples
ranging from a simple three mode linear system to an actual power system
oscillation.

Simple Example

The application of the methods will initially consider the waveform shown in
Figure 7.3 which is generated from

3
x(t) = Z aieb‘t (cosw;t +6;)

=1
where

mode a; b; wj 0;
1 1.0 -0.01 8.0 0.0
2 06 -0.03 170 «
3 05 004 47 n/4

If the problem were approached as if the system data were not known,
applying the Hilbert transform would be the first step to estimate the number
of modes in the system. The frequency response from the Hilbert transform
is shown in Figure 7.4. From this figure, there are obviously three dominant
modes at 4.7,8.0 and 17 radians which agree with the given data very well.
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X(t)
o

5
time (seconds)

FIGURE 7.3
Three mode waveform

Furthermore, the amplitudes are 0.48,0.9 and 0.51 respectively, which also
correspond relatively well. The damping at each resonance frequency can
be determined if each natural frequency is isolated and the impulse response
frequency is calculated for each mode. The slope of the envelope of impulse
response can be used to estimate ¢ for each frequency. After estimating the
damping ratio of each mode, the eigenvalues can be calculated.

Each of the three methods described previously is used to estimate the
signal parameters and to reconstruct the waveform.

Prony:

mode a; b; wj 0;
1 0.9927 -0.0098 7.9874 0.0617
2 0.6009 -0.0304 17.0000 3.1402
3 0.5511 0.0217 4.6600 0.9969

Matrix Pencil

a; b; wj 0;
1 1.0121 -0.0130 8.0000 0.0008
2 0.6162 -0.0361 16.9988 3.1449
3 0.5092 0.0364 4.6953 0.7989
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FIGURE 7.4
Frequency response of Figure 7.3

Levenberg-Marquardt

mode a; b; wj 0;
1 1.0028 -0.0110 7.9998 0.0014
2 0.6010 -0.0305 16.9994 3.1426
3 0.5051 0.0378 4.6967 0.7989

The reconstruction error in each waveform is measured

N m 2
error =y [Z [ake(bkt‘) cos (wyt; + 91@)} - yi]

i=1 Lk=1

and the errors for each method are:

Method error
Matrix Pencil 0.1411
Levenberg-Marquardt 0.0373
Prony 3.9749

275

(7.65)

Not surprisingly, the Levenberg-Marquardt yielded the best results since
it is an iterative method, whereas the other estimation methods are linear

non-iterative methods.

Power System Example

In this example, the accuracy of the methods will be compared using the
dynamic response of PSS/E simulation of a large Midwestern utility system
shown in Figure 7.5. This simulation contains several hundred states compris-
ing a wide range of responses. The number of dominant modes is not known.
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FIGURE 7.5
PSS/E waveform
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FIGURE 7.6
FFT of PSS/E waveform
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Levenberg-Marquardt

mode a; b; wj 0;
1 1.8604 -0.5297 3.6774 -1.3042
2 1.1953 -0.0578 4.8771 -1.3405
3 0.8164 0.0242 6.2904 -0.2537
4 1.9255 -0.2285 7.6294 2.1993
5 0.6527 -0.2114 8.3617 -1.5187

The error in each method as determined by equation (7.65) and the relative
computation times are:

method CPU  Error
Prony 0.068 228.16
Matrix Pencil 39.98 74.81

Levenberg-Marquardt 42.82* 59.74

* Depends on initial condition

Note that the Prony method is the most computationally e [cieht since it
only requires two least squares solutions. The Matrix Pencil method is more
computationally expensive since it requires a singular value decomposition
of a relatively large matrix. It also requires an eigensolution, but since the
matrix itself is relatively small (the size of the number of required modes), it is
not overly burdensome. Not surprisingly, the Levenberg-Marquardt method
is the most computationally expensive since it is an iterative method. Its
computational burden is directly related to the initial guess: the better the
initial guess, the faster the method converges. It is wise to choose the initial
guess as the parameters obtained from either the Prony or the Matrix Pencil
methods.

Similarly, the level of error in each method varies with the complexity of
the method. The Levenberg-Marquardt method yields the best results, but
with the greatest computational e [aft. The Prony has the largest error, but
this is o [Sek by the relative speed of computation.

7.6 Power System Applications
7.6.1 Participation Factors

In the analysis of large scale power systems, it is sometimes desirable to have
a measure of the impact that a particular state has on a selected system
mode (or eigenvalue). In some cases, it is desirable to know whether a set
of physical states has influence over an oscillatory mode such that control of
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that component may mitigate the oscillations. Another use is to identify which
system components contribute to an unstable mode. One tool for identifying
which states significantly participate in a selected mode is the method of
participation factors [57]. In large scale power systems, participation factors
can also be used to identify inter-area oscillations versus those that persist
only within localized regions (intra-area oscillations).

Participation factors provide a measure of the influence each dynamic state
has on a given mode or eigenvalue. Consider a linear system

&= Az (7.66)

The participation factor py; is a sensitivity measure of the i*" eigenvalue to
the (k, k) diagonal entry of the system A matrix. This is defined as

O\

; 7.67
Pk g (7.67)

where )\; is the i*" eigenvalue and ayy, is the k" diagonal entry of A. The
participation factor py, relates the k" state variable to the i*" eigenvalue. An
equivalent, but more common expression for the participation factor is also
defined as Wik
i = g (7.68)
w; v
where wy; and v; are the k entries of the left and right eigenvectors as-
sociated with X;. As with eigenvectors, participation factors are frequently
normalized to unity, such that

> pki=1 (7.69)
k=1

When the participation factors are normalized, they provide a straightforward
measure of the percent of impact each state has on a particular mode. Par-
ticipation factors for complex eigenvalues (and eigenvectors) are defined in
terms of magnitudes, rather than complex guantities. In the case of complex
eigenvalues, the participation factors are defined

s = ik [ lwhl
’ Z?:l ik | |wp |

In some applications, it may be preferred to retain the complex nature of the
participation factors to yield both phase and magnitude information [29].

(7.70)
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FIGURE 7.8
Waveform for Problem 3

7.7 Problems

1. Find the eigenvalues and eigenvectors of the following matrices

[5411]
4511
1142

(1124

(2 34]

Ay=|7-13

1-15)

Ay

2. Find the eigenvalues of the follow matrix using the shifted-QR method.

001
A=1(100
010

3. Generate the waveform shown in Figure 7.8 on the interval ¢ [0, 10]
with a time step of 0.01 seconds

3
z(t) = Z aieb‘t (cosc;t + d;)

=1
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where

mode a; b; C; d;
1 1.0 -0.01 8.0 0.0
2 06 -003 170 «
3 0.5 004 47 =x/4

(a) Using 100 equidistant points on the interval [0, 10], estimate the six

(b)

(©

(d)

(e)

()

@

system eigenvalues using Prony analysis. How do these compare
with the actual eigenvalues?

Using 100 equidistant points on the interval [0, 10], estimate the
six system eigenvalues using Levenberg-Marquardt. How do these
eigenvalues compare with the actual eigenvalues? with those ob-
tained from the Prony analysis?

Using 100 equidistant points on the interval [0, 10], estimate the
six system eigenvalues using the matrix pencil method. How do
these eigenvalues compare with the actual eigenvalues? with those
obtained from the Prony analysis?

Using all of the points, estimate the six system eigenvalues using
Prony analysis. How do these compare with the actual eigenvalues?

Using all of the points, estimate the six system eigenvalues us-
ing Levenberg-Marquardt. How do these compare with the actual
eigenvalues?

Using all of the points, estimate the six system eigenvalues using
the matrix pencil method. How do these compare with the actual
eigenvalues?

Using all of the points, estimate the two dominant modes (two
complex eigenvalue pairs) of the system response using the matrix
pencil method. Substitute the estimated parameters into

2
xz(t) = Z a;ebit (cos ¢t + d;)
i=1

and plot this response versus the three mode response. Discuss the
di Lerknces and similarities.
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