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Preface

This book evolved from lecture notes developed over the past 20+ years of teach-
ing this material, mostly in Applied Mathematics 585-6 at the University of Washington.
The course is taken by first-year graduate students in our department, along with graduate
students from mathematics and a variety of science and engineering departments.

Exercises and student projects are an important aspect of any such course and many
have been developed in conjunction with this book. Rather than lengthening the text, they
are available on the book’s Web page:

www.siam.org/books/0T98

Along with exercises that provide practice and further exploration of the topics in each
chapter, some of the exercises introduce methods, techniques, or more advanced topics not
found in the book.

The Web page also contains MATLAB® m-files that illustrate how to implement
finite difference methods, and that may serve as a starting point for further study of the
methods in exercises and projects. A number of the exercises require programming on the
part of the student, or require changes to the MATLAB programs provided. Some of these
exercises are fairly simple, designed to enable students to observe first hand the behavior
of numerical methods described in the text. Others are more open-ended and could form
the basis for a course project.

The exercises are available as PDF files. The IfIEX source is also provided, along
with some hints on using I&IgX for the type of mathematics used in this field. Each ex-
ercise is in a separate file so that instuctors can easily construct customized homework
assignments if desired. Students can also incorporate the source into their solutions if they
use IATEX to typeset their homework. Personally I encourage this when teaching the class,
since this is a good opportunity for them to learn a valuable skill (and also makes grading
homework considerably more pleasurable).

Organization of the Book

The book is organized into two main parts and a set of appendices. Part I deals with
steady-state boundary value problems, starting with two-point boundary value problems in
one dimension and then elliptic equations in two and three dimensions. Part I concludes
with a chapter on iterative methods for large sparse linear systems, with an emphasis on
systems arising from finite difference approximations.

xiii
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Xiv Preface

Part II concerns time-dependent problems, starting with the initial value problem
for ODEs and moving on to initial-boundary value problems for parabolic and hyperbolic
PDEs. This part concludes with a chapter on mixed equations combining features of ordi-
nary differential equations (ODEs) and parabolic and hyperbolic equations.

Part III consists of a set of appendices covering background material that is needed at
various points in the main text. This material is collected at the end to avoid interrupting the
flow of the main text and because many concepts are repeatedly used in different contexts
in Parts T and II.

The organization of this book is somewhat different from the way courses are struc-
tured at many universities, where a course on ODEs (including both two-point boundary
value problems and the initial value problem) is followed by a course on partial differential
equations (PDEs) (including both elliptic boundary value problems and time-dependent
hyperbolic and parabolic equations). Existing textbooks are well suited to this latter ap-
proach, since many books cover numerical methods for ODEs or for PDEs, but often not
both. However, I have found over the years that the reorganization into boundary value
problems followed by initial value problems works very well. The mathematical tech-
niques are often similar for ODEs and PDEs and depend more on the steady-state versus
time-dependent nature of the problem than on the number of dimensions involved. Con-
cepts developed for each type of ODE are naturally extended to PDEs and the interplay
between these theories is more clearly elucidated when they are covered together.

At the University of Washington, Parts I and II of this book are used for the second
and third quarters of a year-long graduate course. Lectures are supplemented by material
from the appendices as needed. The first quarter of the sequence covers direct methods for
linear systems, eigenvalue problems, singular values, and so on. This course is currently
taught out of Trefethen and Bau [91], which also serves as a useful reference text for the
material in this book on linear algebra and iterative methods.

It should also be possible to use this book for a more traditional set of courses, teach-
ing Chapters 1, 5, 6, 7, and 8 in an ODE course followed by Chapters 2, 3,9, 10, and 11 in
a PDE-oriented course.

Emphasis of the Book

The emphasis is on building an understanding of the essential ideas that underlie
the development, analysis, and practical use of finite difference methods. Stability theory
necessarily plays a large role, and I have attempted to explain several key concepts, their
relation to one another, and their practical implications. I include some proofs of con-
vergence in order to motivate the various definitions of “stability” and to show how they
relate to error estimates, but have not attempted to rigorously prove all results in complete
generality. I have also tried to give an indication of some of the more practical aspects of
the algorithms without getting too far into implementation details. My goal is to form a
foundation from which students can approach the vast literature on more advanced topics
and further explore the theory and/or use of finite difference methods according to their
interests and needs.

I am indebted to several generations of students who have worked through earlier
versions of this book, found errors and omissions, and forced me to constantly rethink
my understanding of this material and the way I present it. I am also grateful to many
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Preface XV

colleagues who have taught out of my notes and given me valuable feedback, both at the
University of Washington and at more than a dozen other universities where earlier versions
have been used in courses. I take full responsibility for the remaining errors.

I have also been influenced by other books covering these same topics, and many
excellent ones exist at all levels. Advanced books go into more detail on countless subjects
only briefly discussed here, and 1 give pointers to some of these in the text. There are
also a number of general introductory books that may be useful as complements to the
presentation found here, including, for example, [27], [40], [49], [72], [84], and [93].

As already mentioned, this book has evolved over the past 20 years. This is true
in part for the mundane reason that I have reworked (and perhaps improved) parts of it
each time I teach the course. But it is also true for a more exciting reason—the field itself
continues to evolve in significant ways. While some of the theory and methods in this book
were very well known when I was a student, many of the topics and methods that should
now appear in an introductory course had yet to be invented or were in their infancy. I
give at least a flavor of some of these, though many other developments have not been
mentioned. I hope that students will be inspired to further pursue the study of numerical
methods, and perhaps invent even better methods in the future.

Randall J. LeVeque
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Chapter 1

Finite Difference
Approximations

Our goal is to approximate solutions to differential equations, i.e., to find a function (or
some discrete approximation to this function) that satisfies a given relationship between
various of its derivatives on some given region of space and/or time, along with some
boundary conditions along the edges of this domain. In general this is a difficult problem,
and only rarely can an analytic formula be found for the solution. A finite difference method
proceeds by replacing the derivatives in the differential equations with finite difference
approximations. This gives a large but finite algebraic system of equations to be solved in
place of the differential equation, something that can be done on a computer.

Before tackling this problem, we first consider the more basic question of how we can
approximate the derivatives of a known function by finite difference formulas based only
on values of the function itself at discrete points. Besides providing a basis for the later
development of finite difference methods for solving differential equations, this allows us
to investigate several key concepts such as the order of accuracy of an approximation in
the simplest possible setting.

Let u(x) represent a function of one variable that, unless otherwise stated, will always
be assumed to be smooth, meaning that we can differentiate the function several times and
each derivative is a well-defined bounded function over an interval containing a particular
point of interest X.

Suppose we want to approximate u’(X) by a finite difference approximation based
only on values of u at a finite number of points near Xx. One obvious choice would be to

use _— B
Diu(F) = M (1.1)

for some small value of /. This is motivated by the standard definition of the derivative as
the limiting value of this expression as # — 0. Note that D u(X) is the slope of the line
interpolating u at the points X and X + / (see Figure 1.1).

The expression (1.1) is a one-sided approximation to u’ since u is evaluated only at
values of x > X. Another one-sided approximation would be

u(x) —u(x —h)

D_u(x) = 7

(12)
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4 Chapter 1. Finite Difference Approximations

slope Diu(x)
slope D_u(x)

slope u/(x)

slope Dou ()

u(x)

Figure 1.1. Various approximations to u'(X) interpreted as the slope of secant lines.

Each of these formulas gives a first order accurate approximation to u’(X), meaning that
the size of the error is roughly proportional to / itself.

Another possibility is to use the centered approximation

Dou(p) = YEFM U&=l 1) G+ Do) (1.3)
2h 2

This is the slope of the line interpolating u at X — /& and X + /4 and is simply the average
of the two one-sided approximations defined above. From Figure 1.1 it should be clear
that we would expect Dou(X) to give a better approximation than either of the one-sided
approximations. In fact this gives a second order accurate approximation—the error is
proportional to 4% and hence is much smaller than the error in a first order approximation
when /£ is small.

Other approximations are also possible, for example,

Diu(x) = %[Zu(fc + h) + 3u(x) — 6u(x — h) + u(x — 2h)]. (1.4)

It may not be clear where this came from or why it should approximate #’ at all, but in fact
it turns out to be a third order accurate approximation—the error is proportional to 43 when
h is small.

Our first goal is to develop systematic ways to derive such formulas and to analyze
their accuracy and relative worth. First we will look at a typical example of how the errors
in these formulas compare.

Example 1.1. Let u(x) = sin(x) and x = 1; thus we are trying to approximate
u'(1) = cos(1) = 0.5403023. Table 1.1 shows the error Du(x) — u’(x) for various values
of /i for each of the formulas above.

We see that Du and D_u behave similarly although one exhibits an error that is
roughly the negative of the other. This is reasonable from Figure 1.1 and explains why
Dou, the average of the two, has an error that is much smaller than both.
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1.1.

Truncation errors

Table 1.1. Errors in various finite difference approximations to u'(X).

h Diu(x) D_u(x) Dou(x) Dsu(x)
1.0e—01 | —4.2939e—02 4.1138e—02 —9.0005e—04 6.8207e—05
5.0e—02 | —2.1257e—02 2.0807e—02 —2.2510e—04 8.6491e—06
1.0e—02 | —4.2163e—03 4.1983e—03 —9.0050e—06 6.9941e—08
5.0e—03 | —2.1059e—03 2.1014e—03 —2.2513e—06 8.7540e—09
1.0e—03 | —4.2083e—04 4.2065¢e—04 —9.0050e—08 6.9979e—11

We see that

Diu(x) —u'(X) ~ —0.42h,
Dou(x) —u'(X) ~ —0.0942,
Dsu(x) —u'(X) ~ 0.007h3,

confirming that these methods are first order, second order, and third order accurate,
respectively.

Figure 1.2 shows these errors plotted against /2 on a log-log scale. This is a good way
to plot errors when we expect them to behave like some power of 4, since if the error E (/)
behaves like

E(h) ~ Ch?,

then
log|E(h)| ~ log|C| + plogh.

So on a log-log scale the error behaves linearly with a slope that is equal to p, the order of
accuracy.

1.1  Truncation errors

The standard approach to analyzing the error in a finite difference approximation is to
expand each of the function values of u in a Taylor series about the point X, e.g.,

u(x +h) = uX) + hu' (%) + %hzu”(i) + éh3u”’(5c) + O(h*), (1.52)
u(x —h) = u(x) — hu'(x) + %hzu”(fc) — é/ﬁu’”@) + O(h*). (1.5b)

These expansions are valid provided that u is sufficiently smooth. Readers unfamiliar with

the “big-oh” notation O(/*) are advised to read Section A.2 of Appendix A at this point

since this notation will be heavily used and a proper understanding of its use is critical.
Using (1.5a) allows us to compute that

Diu(¥) = w =u'(X)+ %hu”()@) + éhzu”’(i) + 0(h%).
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Figure 1.2. The errors in Du(x) from Table 1.1 plotted against h on a log-log scale.

Recall that X is a fixed point so that u”(X), u"”’(x), etc., are fixed constants independent of
h. They depend on u of course, but the function is also fixed as we vary /.

For £ sufficiently small, the error will be dominated by the first term %hu’ ’(X) and all
the other terms will be negligible compared to this term, so we expect the error to behave
roughly like a constant times /1, where the constant has the value %u’ '(%).

Note that in Example 1.1, where u(x) = sinx, we have %u”(l) = —0.4207355,
which agrees with the behavior seen in Table 1.1.

Similarly, from (1.5b) we can compute that the error in D_u(Xx) is

D_u(x) —u'(x) = —%hu”(i) + éhzu”’(i) + 0(h%),

which also agrees with our expectations.
Combining (1.5a) and (1.5b) shows that

u(® + h) — u(® —h) = 2h' (%) + %h3u”’(5c) +0(h®)

so that :
Dou (%) —u'(¥) = gh%/”(;%) + O(h*). (1.6)

This confirms the second order accuracy of this approximation and again agrees with what
is seen in Table 1.1, since in the context of Example 1.1 we have

1 1

gu’”(i) =< cos(l) = —0.09005038.

Note that all the odd order terms drop out of the Taylor series expansion (1.6) for Dou(X).
This is typical with centered approximations and typically leads to a higher order approxi-
mation.
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1.2. Deriving finite difference approximations 7

To analyze Dsu we need to also expand u (X — 2/) as
u(x —2h) = u(x) — 2hu'(x) + %(Zh)zu”(fc) - é(Zh)3u’”(>E) + O(h*). (1.7
Combining this with (1.5a) and (1.5b) shows that
Diu(%) = u'(X) + %h3u(4)(i) + O(h*), (1.8)
where u® is the fourth derivative of u.

1.2 Deriving finite difference approximations

Suppose we want to derive a finite difference approximation to #’(X) based on some given
set of points. We can use Taylor series to derive an appropriate formula, using the method
of undetermined coefficients.

Example 1.2. Suppose we want a one-sided approximation to u’(X) based on u(X),
u(x — h), and u(x — 2h) of the form

Dru(x) = au(x) + bu(x — h) + cu(x — 2h). (1.9)

We can determine the coefficients a, b, and ¢ to give the best possible accuracy by expand-
ing in Taylor series and collecting terms. Using (1.5b) and (1.7) in (1.9) gives

Dyu(x) = (a+ b+ )u(x) — (b + 2c)hu’ (x) + %(b + do)h*u' ()
- é(b +8c)n3u" (X) 4 -+ .

If this is going to agree with u’(¥) to high order, then we need

a+b+c=0,
b+2c=-1/h, (1.10)
b+4c=0.

We might like to require that higher order coefficients be zero as well, but since there are
only three unknowns a, b, and ¢, we cannot in general hope to satisfy more than three such
conditions. Solving the linear system (1.10) gives

a = 3/2h, b=-=-2/h, c=1/2h
so that the formula is
1
Dru(x) = ﬂ[3u(5c)—4u(5c—h)+u()€—2h)]. (1.11)

This approximation is used, for example, in the system of equations (2.57) for a 2-point
boundary value problem with a Neumann boundary condition at the left boundary.
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8 Chapter 1. Finite Difference Approximations

The error in this approximation is

Dyu(X) —u' () = —l(b + 8c)h3u"(X) + - --
16 (1.12)
= Bh%/”(;%) + o).

There are other ways to derive the same finite difference approximations. One way
is to approximate the function u(x) by some polynomial p(x) and then use p’(X) as an ap-
proximation to u’(X). If we determine the polynomial by interpolating u at an appropriate
set of points, then we obtain the same finite difference methods as above.

Example 1.3. To derive the method of Example 1.2 in this way, let p(x) be the
quadratic polynomial that interpolates u at X, X — & and X — 2/, and then compute p’(Xx).
The result is exactly (1.11).

1.3 Second order derivatives

Approximations to the second derivative u”(x) can be obtained in an analogous manner.
The standard second order centered approximation is given by

D*u(x) = iz[u(x —h) —2u(X) + u(x + h)]
h 1 (1.13)
— u//()—c) + Ehzu””(i) + 0(/’14)

Again, since this is a symmetric centered approximation, all the odd order terms drop out.
This approximation can also be obtained by the method of undetermined coefficients, or
alternatively by computing the second derivative of the quadratic polynomial interpolating
u(x)atx —h, x¥,and X + h, as is done in Example 1.4 below for the more general case of
unequally spaced points.

Another way to derive approximations to higher order derivatives is by repeatedly
applying first order differences. Just as the second derivative is the derivative of u’, we can
view D?u(x) as being a difference of first differences. In fact,

D*u(x) = Dy D_u(x)
since

Dy (D_u(x)) = %[D_u(i +h) — D_u(x)]

L[ fu(x +h) —u(x) u(x) —u(x —h)
-5 () ()]
= D*u(x).

Alternatively, D?(X) = D_D.u(X), or we can also view it as a centered difference of
centered differences, if we use a step size //2 in each centered approximation to the first
derivative. If we define

. 1 h h
Dou(x)zz(u(x+§)—u(x—z)),
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1.4. Higher order derivatives 9

then we find that

bty = | (L5 DO (4O )

Example 1.4. Suppose we want to approximate u” (x,) based on data values Uy, U,
and U3, at three unequally spaced points x1, X, and x3. This approximation will be used
in Section 2.18. Let &; = x, — x; and i, = x3 — x,. The approximation can be found by
interpolating by a quadratic function and differentiating twice. Using the Newton form of
the interpolating polynomial (see Section B.2.3),

p(x) = Ulx{] + Ulxy, x2](x — x1) + Ulxy, x2, x3](x —x1)(x — Xx2),

we see that the second derivative is constant and equal to twice the second order divided
difference,

P’ (x2) = 2U|[x1, x2, x3]

U3—U2 Uz—Ul
_z( T )/(h1+h2) (1.14)

=c1U; + Uz + ¢3Us,
where
2 2 2
= GQ=—7—0—, =
hi(hy + h») hihy ha(hy + h2)
This would be our approximation to u”(x,). The same result can be found by the method
of undetermined coefficients.

To compute the error in this approximation, we can expand u(x) and #(x3) in Taylor
series about x, and find that

1 (1.15)

cru(xy) + cau(xz) + czu(xs) —u(x2)

1 1

3 3
= _(hZ —hl)u(3)(x2) + — (M) H(4)(XZ) 4een, (1.16)

3 12\ hy + h,y

In general, if h; # h;, the error is proportional to max(/1, /7) and this approximation is
“first order” accurate.

In the special case i1 = &, (equally spaced points), the approximation (1.14) reduces
to the standard centered approximate D?u(x;) from (1.13) with the second order error
shown there.

1.4 Higher order derivatives

Finite difference approximations to higher order derivatives can also be obtained using any
of the approaches outlined above. Repeatedly differencing approximations to lower order
derivatives is a particularly simple approach.

Example 1.5. As an example, here are two different approximations to "’ (x). The
first is uncentered and first order accurate:
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10 Chapter 1. Finite Difference Approximations

D, D*u(x) = /11—3(»[(;2 +2h) = 3u(x + h) + 3u(x) —u(x — h))
=u"(X) + %hu””(i) + O(h?).
The next approximation is centered and second order accurate:
DoDyD_u(x) = zlﬁ(u(i +2h) —2u(x + h) + 2u(x —h) —u(x — 2h))
=u" (%) + %hzu’””(i) + O(h*).

Another way to derive finite difference approximations to higher order derivatives
is by interpolating with a sufficiently high order polynomial based on function values at
the desired stencil points and then computing the appropriate derivative of this polynomial.
This is generally a cumbersome way to do it. A simpler approach that lends itself well to
automation is to use the method of undetermined coefficients, as illustrated in Section 1.2
for an approximation to the first order derivative and explained more generally in the next
section.

1.5 A general approach to deriving the coefficients

The method illustrated in Section 1.2 can be extended to compute the finite difference co-
efficients for computing an approximation to % (X), the kth derivative of u(x) evaluated
at X, based on an arbitrary stencil of n > k + 1 points x1, ..., x,. Usually X is one of the
stencil points, but not necessarily.

We assume u(x) is sufficiently smooth, namely, at least # + 1 times continuously
differentiable in the interval containing X and all the stencil points, so that the Taylor series
expansions below are valid. Taylor series expansions of u at each point x; in the stencil
about u(x) yield

1
u(x;) = u(x) + (x; — ' (%) + -+ i - Fu® (x) + - (1.17)
fori =1, ..., n. We want to find a linear combination of these values that agrees with
u®) (%) as well as possible. So we want
cru(xy) + cau(xa) 4 - + cau(xy) = u®(X) + O(h?), (1.18)

where p is as large as possible. (Here /1 is some measure of the width of the stencil. If
we are deriving approximations on stencils with equally spaced points, then / is the mesh
width, but more generally it is some “average mesh width,” so that max<;<y |x;—Xx| < Ch
for some small constant C'.)

Following the approach of Section 1.2, we choose the coefficients ¢; so that

1 n ) ei 1
7(,-_1).261-@]-—2)("“:{1 ifi = 1=k, (1.19)
Tj=1

0 otherwise

fori =1, ..., n. Provided the points x; are distinct, this # X n Vandermonde system is
nonsingular and has a unique solution. If # < k (too few points in the stencil), then the
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1.5. A general approach to deriving the coefficients 11

right-hand side and solution are both the zero vector, but for n > k the coefficients give a
suitable finite difference approximation.

How accurate is the method? The right-hand side vector has a 1 inthe i = k + 1
row, which ensures that this linear combination approximates the kth derivative. The 0 in
the other component of the right-hand side ensures that the terms

n
Yol =HY a0 (%)

Jj=1

drop out in the linear combination of Taylor series for i — 1 # k. Fori — 1 < k this
is necessary to get even first order accuracy of the finite difference approximation. For
i —1 > k (which is possible only if n > k + 1), this gives cancellation of higher order
terms in the expansion and greater than first order accuracy. In general we expect the order
of accuracy of the finite difference approximation to be at least p > n — k. It may be even
higher if higher order terms happen to cancel out as well (as often happens with centered
approximations, for example).

In MATLAB it is very easy to set up and solve this Vandermonde system. If xbar is
the point X and x (1 :n) are the desired stencil points, then the following function can be
used to compute the coefficients:

function ¢ = fdcoeffVv(k,xbar, x)
A = ones(n,n);

xrow = (x(:)-xbar)’; % displacements as a row vector.
for i=2:n

A(i,:) = (xrow .~ (i-1)) ./ factorial(i-1);

end
b = zeros(n,1); % b is right hand side,
b(k+1l) = 1; % so k’th derivative term remains
c = A\b; % solve system for coefficients
c =c’; % row vector

If u is a column vector of n values u(x;), then in MATLAB the resulting approximation to
u%) (%) can be computed by c*u.

This function is implemented in the MATLAB function £dcoef £V .m available on
the Web page for this book, which contains more documentation and data checking but is
essentially the same as the above code. A row vector is returned since in applications we
will often use the output of this routine as the row of a matrix approximating a differential
operator (see Section 2.18, for example).

Unfortunately, for a large number of points this Vandermonde procedure is numeri-
cally unstable because the resulting linear system can be very poorly conditioned. A more
stable procedure for calculating the weights is given by Fornberg [30], who also gives a
FORTRAN implementation. This modified procedure is implemented in the MATLAB
function fdcoef £F.m on the Web page.

Finite difference approximations of the sort derived in this chapter form the basis for
finite difference algorithms for solving differential equations. In the next chapter we begin
the study of this topic.
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Chapter 2

Steady States and Boundary
Value Problems

We will first consider ordinary differential equations (ODEs) that are posed on some in-
terval @ < x < b, together with some boundary conditions at each end of the interval.
In the next chapter we will extend this to more than one space dimension and will study
elliptic partial differential equations (ODEs) that are posed in some region of the plane or
three-dimensional space and are solved subject to some boundary conditions specifying the
solution and/or its derivatives around the boundary of the region. The problems considered
in these two chapters are generally steady-state problems in which the solution varies only
with the spatial coordinates but not with time. (But see Section 2.16 for a case where [a, b]
is a time interval rather than an interval in space.)

Steady-state problems are often associated with some time-dependent problem that
describes the dynamic behavior, and the 2-point boundary value problem (BVP) or elliptic
equation results from considering the special case where the solution is steady in time, and
hence the time-derivative terms are equal to zero, simplifying the equations.

2.1 The heat equation

As a specific example, consider the flow of heat in a rod made out of some heat-conducting
material, subject to some external heat source along its length and some boundary condi-
tions at each end. If we assume that the material properties, the initial temperature distri-
bution, and the source vary only with x, the distance along the length, and not across any
cross section, then we expect the temperature distribution at any time to vary only with
x and we can model this with a differential equation in one space dimension. Since the
solution might vary with time, we let u(x, ) denote the temperature at point x at time ¢,
where a < x < b along some finite length of the rod. The solution is then governed by the
heat equation

e (X, 1) = (¥ (X, ) + Y (X, 0), @.1)
where «(x) is the coefficient of heat conduction, which may vary with x, and ¥ (x, ) is
the heat source (or sink, if ¥ < 0). See Appendix E for more discussion and a derivation.
Equation (2.1) is often called the diffusion equation since it models diffusion processes
more generally, and the diffusion of heat is just one example. It is assumed that the basic

13
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14 Chapter 2. Steady States and Boundary Value Problems

theory of this equation is familiar to the reader. See standard PDE books such as [55]
for a derivation and more introduction. In general it is extremely valuable to understand
where the equation one is attempting to solve comes from, since a good understanding of
the physics (or biology, etc.) is generally essential in understanding the development and
behavior of numerical methods for solving the equation.

2.2 Boundary conditions

If the material is homogeneous, then x(x) = « is independent of x and the heat equation
(2.1) reduces to
ut(xvl) ZKMxx(x,l)'i‘l/f(x,l). (22)

Along with the equation, we need initial conditions,
u(x, 0) = u’(x),
and boundary conditions, for example, the temperature might be specified at each end,
u(a,t) = a(t), u(b,t) = B(). (2.3)

Such boundary conditions, where the value of the solution itself is specified, are called
Dirichlet boundary conditions. Alternatively one end, or both ends, might be insulated, in
which case there is zero heat flux at that end, and so u, = 0 at that point. This boundary
condition, which is a condition on the derivative of u rather than on u itself, is called a
Neumann boundary condition. To begin, we will consider the Dirichlet problem for (2.2)
with boundary conditions (2.3).

2.3 The steady-state problem

In general we expect the temperature distribution to change with time. However, if ¥ (x, ),
a(t), and B(¢) are all time independent, then we might expect the solution to eventually
reach a steady-state solution u (x), which then remains essentially unchanged at later times.
Typically there will be an initial transient time, as the initial data u°(x) approach u(x)
(unless u°(x) = u(x)), but if we are interested only in computing the steady-state solution
itself, then we can set #; = 0 in (2.2) and obtain an ODE in x to solve for u(x):

u’(x) = f(x), 2.4

where we introduce f(x) = —y(x)/k to avoid minus signs below. This is a second order
ODE, and from basic theory we expect to need two boundary conditions to specify a unique
solution. In our case we have the boundary conditions

ua) = «a, u(b) = B. 2.5)

Remark: Having two boundary conditions does not necessarily guarantee that there
exists a unique solution for a general second order equation—see Section 2.13.

The problem (2.4), (2.5) is called a 2-point (BVP), since one condition is specified at
each of the two endpoints of the interval where the solution is desired. If instead two data
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2.4. A simple finite difference method 15

values were specified at the same point, say, u(¢) = «,u’(a) = o, and we want to find
the solution for ¢ > a, then we would have an initial value problem (IVP) instead. These
problems are discussed in Chapter 5.

One approach to computing a numerical solution to a steady-state problem is to
choose some initial data and march forward in time using a numerical method for the time-
dependent PDE (2.2), as discussed in Chapter 9 on the solution of parabolic equations.
However, this is typically not an efficient way to compute the steady state solution if this is
all we want. Instead we can discretize and solve the 2-point BVP given by (2.4) and (2.5)
directly. This is the first BVP that we will study in detail, starting in the next section. Later
in this chapter we will consider some other BVPs, including more challenging nonlinear
equations.

2.4 A simple finite difference method

As a first example of a finite difference method for solving a differential equation, consider
the second order ODE discussed above,

u'(x) = f(x) for 0 <x <1, (2.6)
with some given boundary conditions
u(0) = «, u(l) = pg. 2.7

The function f'(x) is specified and we wish to determine #(x) in the interval 0 < x < 1.
This problem is called a 2-point BVP since boundary conditions are given at two distinct
points. This problem is so simple that we can solve it explicitly (integrate f(x) twice
and choose the two constants of integration so that the boundary conditions are satisfied),
but studying finite difference methods for this simple equation will reveal some of the
essential features of all such analysis, particularly the relation of the global error to the
local truncation error and the use of stability in making this connection.

We will attempt to compute a grid function consisting of values Uy, Uj, ..., Uy,
Um+1, where U; is our approximation to the solution u(x;). Here x; = jhand h =
1/(m + 1) is the mesh width, the distance between grid points. From the boundary
conditions we know that Uy = « and U,,4+1 = f, and so we have m unknown values
Ui, ..., Uy to compute. If we replace u”(x) in (2.6) by the centered difference approxi-
mation

1
DZU]' = h_z(Uj_l —ZUj + Uj+1),
then we obtain a set of algebraic equations
1 .
h_Z(Uj_l —2Uj+Ujy1) = f(x;) for j=1,2, ..., m. (2.8)

Note that the first equation (j = 1) involves the value Uy = « and the last equation
(j = m) involves the value Uy,+1 = B. We have a linear system of m equations for the m
unknowns, which can be written in the form

AU = F, 2.9
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16 Chapter 2. Steady States and Boundary Value Problems
where U is the vector of unknowns U = [Uy, Us, ..., Um]T and
[ -2 1 | [ SG) —a/h* ]
1 -2 1 J(x2)
| 1 =2 1 f(x3)
A= o . F= : (2.10)
=21 S ¥m—1)
! Io-2 ] L fCom) = B/ 0

This tridiagonal linear system is nonsingular and can be easily solved for U from any right-
hand side F.

How well does U approximate the function u#(x)? We know that the centered differ-
ence approximation D2, when applied to a known smooth function u(x), gives a second or-
der accurate approximation to u”(x). But here we are doing something more complicated—
we know the values of u” at each point and are computing a whole set of discrete values
Ui, ..., Uy with the property that applying D? to these discrete values gives the desired
values f(x;). While we might hope that this process also gives errors that are O(h?) (and
indeed it does), this is certainly not obvious.

First we must clarify what we mean by the error in the discrete values Uy, ..., Uy
relative to the true solution u(x), which is a function. Since U is supposed to approximate
u(xj), itis natural to use the pointwise errors U; —u(x ;). If we let U be the vector of true
values

u(xy)

. u(xz)
U = . , 2.11)

u();m)

then the error vector E defined by
E=U-U

contains the errors at each grid point.

Our goal is now to obtain a bound on the magnitude of this vector, showing that it is
O(h?) as h — 0. To measure the magnitude of this vector we must use some norm, for
example, the max-norm

[Elloo = max [E;| = max |Uj—u(x;)l.
1<j<m 1<j<m

This is just the largest error over the interval. If we can show that || E || = O(/?), then it
follows that each pointwise error must be O(/?) as well.

Other norms are often used to measure grid functions, either because they are more
appropriate for a given problem or simply because they are easier to bound since some
mathematical techniques work only with a particular norm. Other norms that are frequently
used include the 1-norm

m
IEI =) |Ej]
j=1
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2.5. Local truncation error 17

and the 2-norm
1/2

m
IENla=|h > |E;?

Jj=1

Note the factor of / that appears in these definitions. See Appendix A for a more thorough
discussion of grid function norms and how they relate to standard vector norms.

Now let’s return to the problem of estimating the error in our finite difference solution
to BVP obtained by solving the system (2.9). The technique we will use is absolutely basic
to the analysis of finite difference methods in general. It involves two key steps. We first
compute the local truncation error (LTE) of the method and then use some form of stability
to show that the global error can be bounded in terms of the LTE.

The global error simply refers to the error U — U that we are attempting to bound.
The LTE refers to the error in our finite difference approximation of derivatives and hence
is something that can be easily estimated using Taylor series expansions, as we have seen in
Chapter 1. Stability is the magic ingredient that allows us to go from these easily computed
bounds on the local error to the estimates we really want for the global error. Let’s look at
each of these in turn.

2.5 Local truncation error

The LTE is defined by replacing U; with the true solution u(x;) in the finite difference
formula (2.8). In general the true solution u(x ;) won’t satisfy this equation exactly and the
discrepancy is the LTE, which we denote by 7;:

1
T = h_z(”(xj—l)_zu(xj)+”(xj+1))_f(xj) (2.12)

for j =1, 2, ..., m. Of course in practice we don’t know what the true solution u(x) is,
but if we assume it is smooth, then by the Taylor series expansions (1.5a) we know that

T = [u”(xj) + %hzu””(xj) + O(h“)} — f(x)). (2.13)
Using our original differential equation (2.6) this becomes
T = ll—zhzu””(xj) + O(h*).
Although #”” is in general unknown, it is some fixed function independent of /, and so

tj = O(h*)ash — 0.
If we define 7 to be the vector with components t;, then

t=AU-F ,
where U is the vector of true solution values (2.11), and so

AU = F + . (2.14)
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18 Chapter 2. Steady States and Boundary Value Problems

2.6 Global error

To obtain a relation between the local error t and the global error £ = U — 0, we subtract
(2.14) from (2.9) that defines U, obtaining

AE = —1. (2.15)

This is simply the matrix form of the system of equations
1 .
h—Z(Ej_l—ZEj+Ej+1)=—‘C(Xj) for j =1,2, ..., m

with the boundary conditions
Ey=FEu1 =0

since we are using the exact boundary data Uy = « and U,4+1 = f. We see that the
global error satisfies a set of finite difference equations that has exactly the same form as
our original difference equations for U except that the right-hand side is given by —t rather
than F.

From this it should be clear why we expect the global error to be roughly the same
magnitude as the local error T. We can interpret the system (2.15) as a discretization of the
ODE

e’'(x)=—-t(x) for0<x <1 (2.16)

with boundary conditions
e(0) =0, e(l)=0.

Since 7(x) ~ %hzu’ "’(x), integrating twice shows that the global error should be roughly
1 2.1 1 2 " " "
e(x) ~ _Eh u”(x) + Eh (u”(0) + x(u"(1) — u"(0)))

and hence the error should be O(h?).

2.7 Stability

The above argument is not completely convincing because we are relying on the assump-
tion that solving the difference equations gives a decent approximation to the solution of
the underlying differential equations (actually the converse now, that the solution to the dif-
ferential equation (2.16) gives a good indication of the solution to the difference equations
(2.15)). Since it is exactly this assumption we are trying to prove, the reasoning is rather
circular.
Instead, let’s look directly at the discrete system (2.15), which we will rewrite in the
form
AMER = 1, (2.17)

where the superscript / indicates that we are on a grid with mesh spacing /. This serves as
a reminder that these quantities change as we refine the grid. In particular, the matrix A” is
an m X m matrix with # = 1/(m + 1) so that its dimension is growing as i1 — 0.
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2.9. Convergence 19

Let (A")~! be the inverse of this matrix. Then solving the system (2.17) gives
Eh = —(ah) 1o
and taking norms gives
IE"| = N4~ ")
< I "

We know that ||| = O(h?) and we are hoping the same will be true of || E”|. It is
clear what we need for this to be true: we need ||(4”)~"|| to be bounded by some constant
independent of 4 as i — 0:

(A"~ < C forall & sufficiently small.

Then we will have
IE"| < Cl<"| (2.18)

and so | E”|| goes to zero at least as fast as |[7”||. This motivates the following definition
of stability for linear BVPs.

Definition 2.1. Suppose a finite difference method for a linear BVP gives a sequence of
matrix equations of the form A"U" = F" where h is the mesh width. We say that the
method is stable if (A")™" exists for all h sufficiently small (for h < ho, say) and if there is

a constant C, independent of h, such that

1AM < C forall h < h. (2.19)

2.8 Consistency

We say that a method is consistent with the differential equation and boundary conditions
if
<" — 0 as h — 0. (2.20)

This simply says that we have a sensible discretization of the problem. Typically | 7% =

O(h?) for some integer p > 0, and then the method is certainly consistent.

2.9 Convergence

A method is said to be convergent if || E"|| — 0 as & — 0. Combining the ideas introduced
above we arrive at the conclusion that

consistency + stability — convergence. (2.21)
This is easily proved by using (2.19) and (2.20) to obtain the bound

IEM < 1AM~ =" < Clie?| — 0 as & — 0.
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20 Chapter 2. Steady States and Boundary Value Problems

Although this has been demonstrated only for the linear BVP, in fact most analyses of finite
difference methods for differential equations follow this same two-tier approach, and the
statement (2.21) is sometimes called the fundamental theorem of finite difference methods.
In fact, as our above analysis indicates, this can generally be strengthened to say that

O(h?) local truncation error + stability =—  O(h*) global error. (2.22)

Consistency (and the order of accuracy) is usually the easy part to check. Verifying sta-
bility is the hard part. Even for the linear BVP just discussed it is not at all clear how to
check the condition (2.19) since these matrices become larger as 4 — 0. For other prob-
lems it may not even be clear how to define stability in an appropriate way. As we will see,
there are many definitions of “stability” for different types of problems. The challenge in
analyzing finite difference methods for new classes of problems often is to find an appro-
priate definition of “stability” that allows one to prove convergence using (2.21) while at
the same time being sufficiently manageable that we can verify it holds for specific finite
difference methods. For nonlinear PDEs this frequently must be tuned to each particular
class of problems and relies on existing mathematical theory and techniques of analysis for
this class of problems.

Whether or not one has a formal proof of convergence for a given method, itis always
good practice to check that the computer program is giving convergent behavior, at the rate
expected. Appendix A contains a discussion of how the error in computed results can be
estimated.

2.10 Stability in the 2-norm

Returning to the BVP at the start of the chapter, let’s see how we can verify stability and
hence second order accuracy. The technique used depends on what norm we wish to con-
sider. Here we will consider the 2-norm and see that we can show stability by explicitly
computing the eigenvectors and eigenvalues of the matrix 4. In Section 2.11 we show
stability in the max-norm by different techniques.

Since the matrix A from (2.10) is symmetric, the 2-norm of A is equal to its spectral
radius (see Section A.3.2 and Section C.9):

[4ll2 = p(4) = max [A,].
1<p=m

(Note that A ,, refers to the pth eigenvalue of the matrix. Superscripts are used to index the
eigenvalues and eigenvectors, while subscripts on the eigenvector below refer to compo-
nents of the vector.)

The matrix A~ is also symmetric, and the eigenvalues of A" are simply the inverses
of the eigenvalues of 4, so

—1
1y 1y 1y _ .
470 = ™) = max (671 = (| min 14,1

So all we need to do is compute the eigenvalues of 4 and show that they are bounded
away from zero as # — 0. Of course we have an infinite set of matrices 4" to consider,
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2.10. Stability in the 2-norm 21

as h varies, but since the structure of these matrices is so simple, we can obtain a general
expression for the eigenvalues of each A”. For more complicated problems we might
not be able to do this, but it is worth going through in detail for this problem because
one often considers model problems for which such an analysis is possible. We will also
need to know these eigenvalues for other purposes when we discuss parabolic equations
in Chapter 9. (See also Section C.7 for more general expressions for the eigenvalues of
related matrices.)

We will now focus on one particular value of # = 1/(m + 1) and drop the superscript
h to simplify the notation. Then the m eigenvalues of A are given by

2
Ap = h—z(cos(pnh)— 1) for p=1,2, ..., m. (2.23)
The eigenvector u? corresponding to A, has components uﬁ.’ forj =1,2, ..., m
given by
u? = sin(pmjh). (224

This can be verified by checking that Au? = A,u”. The jth component of the vector
Au? is

1
() = g (o = 2] + )
1
= 5 Gin(p(j — D) = 25in(pjh) + sin(p(j + D)

1
= h—z(sin(pnjh) cos(pmh) —2sin(pwjh) + sin(pmjh)cos(prh))

p

:Apuj.

Note that for j = 1 and j = m the jth component of Au? looks slightly different (the

u® _yor u® 41 term is missing) but that the above form and trigonometric manipulations are

still valid provided that we define

p_ P _
Uy = Upyq =0,

as is consistent with (2.24). From (2.23) we see that the smallest eigenvalue of A (in
magnitude) is

AL = hz—z(cos(nh) -1

2 (1 1
= (—Enzhz + ﬂn“h“ + 0(h6))

= -2+ 0(h?).

This is clearly bounded away from zero as &7 — 0, and so we see that the method is stable
in the 2-norm. Moreover we get an error bound from this:

1
h hy—=1p_ 1 +h h
1E 2 = IAD T l2li7ll2 ~ —5 172
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22 Chapter 2. Steady States and Boundary Value Problems

Since r]’.’ ~ h?u""(x ), we expect ||t |2 ~ L2 ||u”"|» = k2| f”|2. The 2-norm of

the function " here means the grid-function norm of this function evaluated at the discrete
points x ;, although this is approximately equal to the function space norm of f” defined
using (A.14).

Note that the eigenvector (2.24) is closely related to the eigenfunction of the corre-
sponding differential operator %. The functions

u? (x) = sin(pmx), p=1,2,3 ...,

satisfy the relation
2

ﬁ”p(x) = ppu”(x)
with eigenvalue u, = —p?n2. These functions also satisfy u?(0) = u?(1) = 0, and

hence they are eigenfunctions of % on [0, 1] with homogeneous boundary conditions.
The discrete approximation to this operator given by the matrix A has only m eigenvalues
instead of an infinite number, and the corresponding eigenvectors (2.24) are simply the first
m eigenfunctions of % evaluated at the grid points. The eigenvalue A , is not exactly the
same as /i p, but at least for small values of p it is very nearly the same, since Taylor series
expansion of the cosine in (2.23) gives

2 Vs 20 0 b4 44
p:h_z(_ipﬂh +ﬁpnh + .-

=—p*n?+ O(h*) ash — 0 for p fixed.

This relationship will be illustrated further when we study numerical methods for the heat
equation (2.1).

2.11 Green’s functions and max-norm stability

In Section 2.10 we demonstrated that A from (2.10) is stable in the 2-norm, and hence that
| E|l2 = O(h®). Suppose, however, that we want a bound on the maximum error over the
interval, i.e., a bound on || £ ||oc = max |E;|. We can obtain one such bound directly from
the bound we have for the 2-norm. From (A.19) we know that

1
|Elloo < ==l Ell = O*?) as h—o0.
However, this does not show the second order accuracy that we hope to have. To show
that ||Elloc = O(h?) we will explicitly calculate the inverse of 4 and then show that
|47 leo = O(1), and hence

1Elloo < 147 ool Tlloo = OG?)

since || 7]l = O(h?). As in the computation of the eigenvalues in the last section, we
can do this only because our model problem (2.6) is so simple. In general it would be
impossible to obtain closed form expressions for the inverse of the matrices A” as / varies.
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2.11. Green’s functions and max-norm stability 23

But again it is worth working out the details for this simple case because it gives a great
deal of insight into the nature of the inverse matrix and what it represents more generally.
Each column of the inverse matrix can be interpreted as the solution of a particular
BVP. The columns are discrete approximations to the Green’s functions that are commonly
introduced in the study of the differential equation. An understanding of this is valuable
in developing an intuition for what happens if we introduce relatively large errors at a few
points within the interval. Such difficulties arise frequently in practice, typically at the
boundary or at an internal interface where there are discontinuities in the data or solution.
We begin by reviewing the Green’s function solution to the BVP

u’(x) = f(x) for0 <x <1 (2.25)
with Dirichlet boundary conditions
u(0) = «, u(l) = . (2.26)

To keep the expressions simple below we assume we are on the unit interval, but everything
can be shifted to an arbitrary interval [a, b].

For any fixed point ¥ € [0, 1], the Green’s function G(x; X) is the function of x that
solves the particular BVP of the above form with f(x) = §(x —X) andow = § = 0.
Here §(x — X) is the “delta function” centered at X. The delta function, §(x), is not an
ordinary function but rather the mathematical idealization of a sharply peaked function that
is nonzero only on an interval (—e, €) near the origin and has the property that

/oo Pe(x)dx = ‘ Pe(x)dx = 1. (2.27)

For example, we might take

(e+x)/e if —e<x <0,
Pe(x) =1 (e—x)/e if0<x<e, (2.28)
0 otherwise.

This piecewise linear function is the “hat function” with width € and height 1/€. The
exact shape of ¢, is not important, but note that it must attain a height that is O(1/¢) in
order for the integral to have the value 1. We can think of the delta function as being a
sort of limiting case of such functions as ¢ — 0. Delta functions naturally arise when we
differentiate functions that are discontinuous. For example, consider the Heaviside function
(or step function) H(x) that is defined by

H(x) = { (1) i;gj (2.29)

What is the derivative of this function? For x # 0 the function is constant and so H'(x) =
0. At x = 0 the derivative is not defined in the classical sense. But if we smooth out
the function a little bit, making it continuous and differentiable by changing H(x) only on
the interval (—e¢, €), then the new function H(x) is differentiable everywhere and has a
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24 Chapter 2. Steady States and Boundary Value Problems

derivative H.(x) that looks something like ¢¢(x). The exact shape of H/(x) depends on
how we choose H¢(x), but note that regardless of its shape, its integral must be 1, since

/ H!(x)dx = H.(x)dx

= He(e) — He(—¢)
=1-0=1.

This explains the normalization (2.27). By letting ¢ — 0, we are led to define
H (x) = §(x).

This expression makes no sense in terms of the classical definition of derivatives, but it can
be made rigorous mathematically through the use of “distribution theory”; see, for example,
[31]. For our purposes it suffices to think of the delta function as being a very sharply
peaked function that is nonzero only on a very narrow interval but with total integral 1.

If we interpret the problem (2.25) as a steady-state heat conduction problem with
source ¥ (x) = —f(x), then setting f(x) = §(x — X) in the BVP is the mathematical
idealization of a heat sink that has unit magnitude but that is concentrated near a single
point. It might be easier to first consider the case f(x) = —§(x —X), which corresponds to
a heat source localized at x, the idealization of a blow torch pumping heat into the rod at a
single point. With the boundary conditions #(0) = u(1) = 0, holding the temperature fixed
at each end, we would expect the temperature to be highest at the point X and to fall linearly
to zero to each side (linearly because u”(x) = 0 away from x). With f(x) = §(x — X),
a heat sink at X, we instead have the minimum temperature at X, rising linearly to each
side, as shown in Figure 2.1. This figure shows a typical Green’s function G (x; x) for one
particular choice of X. To complete the definition of this function we need to know the
value G(X; x) that it takes at the minimum. This value is determined by the fact that the
jump in slope at this point must be 1, since

X+e
W(x+e)—u'(x—e) = [ u” (x)dx
Xte 2.30
= [ 8(x —X)dx (2.30)
= 1.
0 X 1

Figure 2.1. The Green’s function G(x; X) from (2.31).
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2.11. Green’s functions and max-norm stability 25

A little algebra shows that the piecewise linear function G(x; X) is given by

o &G=Dx for0=x=x,
Glx:x) = { fx—1) fors<x<l. @30
Note that by linearity, if we replaced f(x) with ¢§(x — X) for any constant ¢, the solution
to the BVP would be ¢ G(x; X). Moreover, any linear combination of Green’s functions at
different points x is a solution to the BVP with the corresponding linear combination of
delta functions on the right-hand side. So if we want to solve

u”(x) = 38(x —0.3) — 58(x — 0.7), (2.32)

for example (with #(0) = u(1) = 0), the solution is simply
u(x) =3G(x;0.3) = 5G(x;0.7). (2.33)
This is a piecewise linear function with jumps in slope of magnitude 3 at x = 0.3 and —5

at x = 0.7. More generally, if the right-hand side is a sum of weighted delta functions at
any number of points,

n
Sx) =) erdx —xp), (2.34)
k=1
then the solution to the BVP is
n
u(x) =Y exGx:xp). (2.35)
k=1

Now consider a general source f(x) that is not a discrete sum of delta functions.
We can view this as a continuous distribution of point sources, with f(¥) being a density
function for the weight assigned to the delta function at x, i.e.,

1
f(x) = /0 F(®)8(x — ¥)dx. (2.36)

(Note that if we smear out § to ¢, then the right-hand side becomes a weighted average of
values of f very close to x.) This suggests that the solution to u”(x) = f(x) (still with
u(0) =u(l) =0)is

1
u(x)z/0 f(X)G(x;x)dx, (2.37)

and indeed it is.

Now let’s consider more general boundary conditions. Since each Green’s function
G(x;x) satisfies the homogeneous boundary conditions #(0) = u(1) = 0, any linear
combination does as well. To incorporate the effect of nonzero boundary conditions, we
introduce two new functions G (x) and G (x) defined by the BVPs

Gl(x) =0, Go(0)=1, Go(1)=0 (2.38)
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26 Chapter 2. Steady States and Boundary Value Problems

and
G{(x)=0, G{(0)=0, Gi(1)=1. (2.39)

The solutions are

Go(x) =1—x,

G1(x) = x. (2.40)

These functions give the temperature distribution for the heat conduction problem with
the temperature held at 1 at one boundary and O at the other with no internal heat source.
Adding a scalar multiple of Go(x) to the solution u(x) of (2.37) will change the value
of u(0) without affecting u”(x) or u(1), so adding &Gy (x) will allow us to satisfy the
boundary condition at x = 0, and similarly adding 8G1 (x) will give the desired boundary
value at x = 1. The full solution to (2.25) with boundary conditions (2.26) is thus

1
u(x) = aGo(x) + BG1(x) + /0 S(X)G(x;x)dx. (2.41)

Note that using the formula (2.31), we can rewrite this as

X 1
u(x) = (a—/o >‘cf(>2)d>z) (1—x)+ (ﬂ+/ ()'C—l)f()?)d)?) x. (242

Of course this simple BVP can also be solved simply by integrating the function f twice,
and the solution (2.42) can be put in this same form using integration by parts. But for
our current purposes it is the form (2.41) that is of interest, since it shows clearly how the
effect of each boundary condition and the local source at each point feeds into the global
solution. The values «, B, and f'(x) are the data for this linear differential equation and
(2.41) writes the solution as a linear operator applied to this data, analogous to writing the
solution to the linear system AU = FasU = A7 F.

We are finally ready to return to the study of the max-norm stability of the finite
difference method, which will be based on explicitly determining the inverse matrix for the
matrix arising in this discretization. We will work with a slightly different formulation of
the linear algebra problem in which we view Uy and U,, 41 as additional “unknowns” in
the problem and introduce two new equations in the system that simply state that Uy = o
and u,,11 = B. The modified system has the form AU = F, where now

r a2 0 T r Uo 7 B o T

-2 1 Uy S(xp)

1 1 -2 1 U2 f()Cz)

A= h—z .. . . U= : . b= :
-2 1 Um—1 Sxm—1)

12 Un 1 Com)
L 0 h? | L Un+1 | L B
(2.43)

While we could work directly with the matrix A from (2.10), this reformulation has two
advantages:
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2.11. Green’s functions and max-norm stability 27

1. It separates the algebraic equations corresponding to the boundary conditions from
the algebraic equations corresponding to the ODE u”(x) = f(x). In the system
(2.10), the first and last equations contain a mixture of ODE and boundary conditions.
Separating these terms will make it clearer how the inverse of A relates to the Green’s
function representation of the true solution found above.

2. In the next section we will consider Neumann boundary conditions #’(0) = o in
place of u(0) = «. In this case the value Uy really is unknown and our new formula-
tion is easily extended to this case by replacing the first row of A with a discretization
of this boundary condition.

Let B denote the (m + 2) x (m + 2) inverse of A from (2.43), B = A~'. We will
index the elements of B by Bgg through By, 11,441 in the obvious manner. Let B; denote
the jth column of B for j =0, 1, ..., m + 1. Then

ABj =é€j,

where ¢; is the jth column of the identity matrix. We can view this as a linear system to
be solved for B;. Note that this linear system is simply the discretization of the BVP for
a special choice of right-hand side F in which only one element of this vector is nonzero.
This is exactly analogous to the manner in which the Green’s function for the ODE is
defined. The column By corresponds to the problem with = 1, f(x) = 0, and 8 = 0,
and so we expect By to be a discrete approximation of the function G (x). In fact, the first
(i.e., j = 0) column of B has elements obtained by simply evaluating G at the grid points,

Bio = Go(x,-) =1 — Xj. (2.44)

Since this is a linear function, the second difference operator applied at any point yields
zero. Similarly, the last (; = m + 1) column of B has elements

Bimt1 = Gi(x;) = x;. (2.45)

The interior columns (1 < j < m) correspond to the Green’s function for zero boundary
conditions and the source concentrated at a single point, since F; = 1 and F; = 0 for
i # j. Note that this is a discrete version of #6(x — x) since as a grid function F is
nonzero over an interval of length / but has value 1 there, and hence total mass /. Thus
we expect that the column B; will be a discrete approximation to the function 21G (x; x ).
In fact, it is easy to check that

N e h(xj—l)x,-, i=1,2,...,j,
Bij = hGlxizxj) = { h(x; —Dxj, i=j, j+1, ..., m. (2:46)
An arbitrary right-hand side F for the linear system can be written as

m
F =aeo+ Bemsr + Y _ fie). (2.47)

j=1

and the solution U = BF is

m
U=aBo+BBmi1+ Y fiBj (2.48)

j=1
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28 Chapter 2. Steady States and Boundary Value Problems

with elements

U; =Oé(1 —x,-)+,3x,- +hijG(x,-;xj). (2.49)
j=1

This is the discrete analogue of (2.41).
In fact, something more is true: suppose we define a function v(x) by

vx) =a(l—x)+Bx+hY_ fjG(x:x)). (2.50)

Jj=1

Then U; = v(x;) and v(x) is the piecewise linear function that interpolates the numerical
solution. This function v(x) is the exact solution to the BVP

V() =h Y fx)Sx—x)). v0)=ea v(l) =4 (2.51)

Jj=1

Thus we can interpret the discrete solution as the exact solution to a modified problem in
which the right-hand side f'(x) has been replaced by a finite sum of delta functions at the
grid points x j, with weights i1/ (x;) ~ f;]’:l/j f(x)dx.

To verify max-norm stability of the numerical method, we must show that || B| oo is
uniformly bounded as # — 0. The infinity norm of the matrix is given by

m+1
IBllo = max > |Byl.
0§]§m+1j=0

the maximum row sum of elements in the matrix. Note that the first row of B has Bgg = 1
and Bg; = 0 for j > 0, and hence row sum 1. Similarly the last row contains all zeros
except for By 4+1,m+1 = 1. The intermediate rows are dense and the first and last elements
(from columns By and B,,+;) are bounded by 1. The other m elements of each of these
rows are all bounded by / from (2.46), and hence

m+1
Z|B,-j|§l+l+mh<3
=0

since 4 = 1/(m + 1). Every row sum is bounded by 3 at most, and so || 4! || < 3 for all
h, and stability is proved.

While it may seem like we’ve gone to a lot of trouble to prove stability, the explicit
representation of the inverse matrix in terms of the Green’s functions is a useful thing to
have, and if it gives additional insight into the solution process. Note, however, that it
would not be a good idea to use the explicit expressions for the elements of B = A~! to
solve the linear system by computing U = BF. Since B is a dense matrix, doing this
matrix-vector multiplication requires O(m?) operations. We are much better off solving
the original system AU = F by Gaussian elimination. Since A is tridiagonal, this requires
only O(m) operations.
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2.12. Neumann boundary conditions 29

The Green’s function representation also clearly shows the effect that each local trun-
cation error has on the global error. Recall that the global error E is related to the local
truncation error by A E = —rt. This continues to hold for our reformulation of the problem,
where we now define 7 and 7,41 as the errors in the imposed boundary conditions, which
are typically zero for the Dirichlet problem. Solving this system gives £ = —Bzt. If we
did make an error in one of the boundary conditions, setting Fy to o + 79, the effect on
the global error would be 79 Bg. The effect of this error is thus nonzero across the entire
interval, decreasing linearly from the boundary where the error is made at the other end.
Each truncation error t; for 1 < i < m in the difference approximation to u” (x;) = f(x;)
likewise has an effect on the global error everywhere, although the effect is largest at the
grid point x;, where itis 2G(x;; x;)7;, and decays linearly toward each end. Note that since
7; = O(h?), the contribution of this error to the global error at each point is only O(/3).
However, since all m local errors contribute to the global error at each point, the total effect
is O(mh?®) = O(h?).

As a final note on this topic, observe that we have also worked out the inverse of the
original matrix 4 defined in (2.10). Because the first row of B consists of zeros beyond
the first element, and the last row consists of zeros, except for the last element, it is easy
to check that the inverse of the m x m matrix from (2.10) is the m x m central block of B
consisting of By through By, ,,. The max-norm of this matrix is bounded by 1 for all %, so
our original formulation is stable as well.

2.12 Neumann boundary conditions

Now suppose that we have one or more Neumann boundary conditions instead of Dirichlet
boundary conditions, meaning that a boundary condition on the derivative u’ is given rather
than a condition on the value of u itself. For example, in our heat conduction example we
might have one end of the rod insulated so that there is no heat flux through this end, and
hence u’ = 0 there. More generally we might have heat flux at a specified rate giving
u’' = o at this boundary.

We will see in the next section that imposing Neumann boundary conditions at both
ends gives an ill-posed problem that has either no solution or infinitely many solutions. In
this section we consider (2.25) with one Neumann condition, say,

W(O0)=0,  u(l)=8B. (2.52)

Figure 2.2 shows the solution to this problem with f(x) = e*, 0 = 0, and 8 = 0 as one
example.

To solve this problem numerically, we need to determine Uy as one of the unknowns.
If we use the formulation of (2.43), then the first row of the matrix A must be modified to
model the boundary condition (2.52).

First approach. As a first try, we might use a one-sided expression for u/(0),

such as Ui —U
- 2= (2.53)
h
If we use this equation in place of the first line of the system (2.43), we obtain the following
system of equations for the unknowns Uy, Uy, ..., Uy, Upt1:

e
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3.2 10

102k /

3.1
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(a) 22 0.2 0.4 0.6 0.8 1 (b) 10"2 1(;"

Figure 2.2. (a) Sample solution to the steady-state heat equation with a Neumann
boundary condition at the left boundary and Dirichlet at the right. The solid line is the true
solution. The plus sign shows a solution on a grid with 20 points using (2.53). The circle
shows the solution on the same grid using (2.55). (b) A log-log plot of the max-norm error
as the grid is refined is also shown for each case.

r—h h Ar Up 7 r o 7
1 =2 1 U, f(x1)
-2 1 U, S (x2)
1 1 -2 1 U3 f(X3) 254
i DU 0 I B @3
1 =2 1 Un—1 Sm—1)
1 -2 1 Un S(xm)
L 0 /12 1L Um-l—l . L ﬁ .

Solving this system of equations does give an approximation to the true solution (see Fig-
ure 2.2), but checking the errors shows that this is only first order accurate. Figure 2.2 also
shows a log-log plot of the max-norm errors as we refine the grid. The problem is that the
local truncation error of the approximation (2.53) is O(%), since

0 = hl—z(hu(xl) — hu(xg)) — 0o

1
= u'(xo) + Ehu"(xo) +0(*) -0

1
5/m”(xo) + O(h?).

This translates into a global error that is only O(#) as well.

Remark: It is sometimes possible to achieve second order accuracy even if the local
truncation error is O(h) at a single point, as long as it is O(/#?) everywhere else. This is
true here if we made an O(h) truncation error at a single interior point, since the effect on
the global error would be this 7; B, where B; is the jth column of the appropriate inverse
matrix. As in the Dirichlet case, this column is given by the corresponding Green’s function
scaled by 4, and so the O(h) local error would make an O(h?) contribution to the global
error at each point. However, introducing an O(%) error in 7o gives a contribution of to By
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2.12. Neumann boundary conditions 31

to the global error, and as in the Dirichlet case this first column of B contains elements that
are O(1), resulting in an O(/) contribution to the global error at every point.

Second approach. To obtain a second order accurate method, we can use a centered
approximation to #’(0) = o instead of the one-sided approximation (2.53). We might in-
troduce another unknown U_; and, instead of the single equation (2.53), use the following
two equations:

1

h_Z(U—l —2Up + Uy) = f(x0),
| (2.55)
E(Ul — U_1) = 0.

This results in a system of 71 4 3 equations.

Introducing the unknown U_; outside the interval [0, 1] where the original problem
is posed may seem unsatisfactory. We can avoid this by eliminating the unknown U_; from
the two equations (2.55), resulting in a single equation that can be written as

1 h
E(_UO +U) =0+ Ef(xo)- (2.56)

We have now reduced the system to one with only m + 2 equations for the unknowns
Uo, Uy, ..., Up+1. The matrix is exactly the same as the matrix in (2.54), which came
from the one-sided approximation. The only difference in the linear system is that the first
element in the right-hand side of (2.54) is now changed from o to o + % f(x0). We can
interpret this as using the one-sided approximation to u'(0), but with a modified value for
this Neumann boundary condition that adjusts for the fact that the approximation has an
O(h) error by introducing the same error in the data o.

Alternatively, we can view the left-hand side of (2.56) as a centered approximation
to u’(xo + /1/2) and the right-hand side as the first two terms in the Taylor series expansion
of this value,

h h h
u’(xo+5) =u’(xo)+Eu”(xo)+---=a+Ef(xo)+---.

Third approach. Rather than using a second order accurate centered approximation
to the Neumann boundary condition, we could instead use a second order accurate one-
sided approximation based on the three unknowns Uy, U;, and U;. An approximation of
this form was derived in Example 1.2, and using this as the boundary condition gives the
equation

13U 2U+1U =
AR 1ty ) =0
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This results in the linear system

A7 Uy 7 o

1 =2 1 U, f(x1)

1 -2 1 U, f(x2)
1 1 -2 1 U3 f(X3) 257
- E E (257)

1 -2 1 Upn—1 Sm—1)

1 -2 1 Unm f(xm)

L 0 /12 1L Um-l—l . L ﬁ .

This boundary condition is second order accurate from the error expression (1.12).
The use of this equation slightly disturbs the tridiagonal structure but adds little to the
cost of solving the system of equations and produces a second order accurate result. This
approach is often the easiest to generalize to other situations, such as higher order accurate
methods, nonuniform grids, or more complicated boundary conditions.

2.13 Existence and uniqueness

In trying to solve a mathematical problem by a numerical method, it is always a good idea
to check that the original problem has a solution and in fact that it is well posed in the sense
developed originally by Hadamard. This means that the problem should have a unique
solution that depends continuously on the data used to define the problem. In this section
we will show that even seemingly simple BVPs may fail to be well posed.

Consider the problem of Section 2.12 but now suppose we have Neumann boundary

conditions at both ends, i.e., we have (2.6) with
u’(0) = oo, u'(1) = oy.

In this case the techniques of Section 2.12 would naturally lead us to the discrete system

r —h h Ir Uy 7 oo + %f(xo)
1 -2 1 U1 f(xl)
1 -2 1 U, S(x2)
1 =2 1 Uy |- f(x3)
h? . . - :
1 -2 1 Unm I (Xm)
i h —=h L Unir I | =01 + 2 foms) |

(2.58)
If we try to solve this system, however, we will soon discover that the matrix is singular,
and in general the system has no solution. (Or, if the right-hand side happens to lie in the
range of the matrix, it has infinitely many solutions.) It is easy to verify that the matrix is
singular by noting that the constant vector e = [1, 1, ..., 1]7 is a null vector.

This is not a failure in our numerical model. In fact it reflects that the problem we
are attempting to solve is not well posed, and the differential equation will also have either
no solution or infinitely many solutions. This can be easily understood physically by again
considering the underlying heat equation discussed in Section 2.1. First consider the case
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2.13. Existence and uniqueness 33

where g9 = 01 = 0 and f(x) = 0 so that both ends of the rod are insulated, there is
no heat flux through the ends, and there is no heat source within the rod. Recall that the
BVP is a simplified equation for finding the steady-state solution of the heat equation (2.2)
with some initial data #°(x). How does u(x, t) behave with time? In the case now being
considered the total heat energy in the rod must be conserved with time, so fol u(x,t)ydx =

fol u®(x) dx for all time. Diffusion of the heat tends to redistribute it until it is uniformly
distributed throughout the rod, so we expect the steady state solution u(x) to be constant
in x,

u(x) =c, (2.59)

where the constant ¢ depends on the initial data #°(x). In fact, by conservation of energy,
c = fol u®(x) dx for our rod of unit length. But notice now that any constant function
of the form (2.59) is a solution of the steady-state BVP, since it satisfies all the conditions
u”(x) = 0,u’(0) = u'(1) = 0. The ODE has infinitely many solutions in this case. The
physical problem has only one solution, but in attempting to simplify it by solving for the
steady state alone, we have thrown away a crucial piece of data, which is the heat content
of the initial data for the heat equation. If at least one boundary condition is a Dirichlet
condition, then it can be shown that the steady-state solution is independent of the initial
data and we can solve the BVP uniquely, but not in the present case.

Now suppose that we have a source term f(x) that is not identically zero, say,
f(x) < 0 everywhere. Then we are constantly adding heat to the rod (recall that f = —y
in (2.4)). Since no heat can escape through the insulated ends, we expect the temperature
to keep rising without bound. In this case we never reach a steady state, and the BVP has
no solution. On the other hand, if f is positive over part of the interval and negative else-
where, and the net effect of the heat sources and sinks exactly cancels out, then we expect
that a steady state might exist. In fact, solving the BVP exactly by integrating twice and
trying to determine the constants of integration from the boundary conditions shows that a
solution exists (in the case of insulated boundaries) only if fol f(x)dx = 0, in which case
there are infinitely many solutions. If oy and/or oy are nonzero, then there is heat flow at
the boundaries and the net heat source must cancel the boundary fluxes. Since

1 1
u'(1) = u'(0) +/ u’(x)dx = / f(x)dx, (2.60)
0 0
this requires
1
/ f(x)dx = o1 — 0. (2.61)
0

Similarly, the singular linear system (2.58) has a solution (in fact infinitely many solutions)
only if the right-hand side F is orthogonal to the null space of A”. This gives the condition

h " h
2/ (x0) +hi§f(xi) + 5/ Cmy1) = 01 = 00, (2.62)

which is the trapezoidal rule approximation to the condition (2.61).
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34 Chapter 2. Steady States and Boundary Value Problems

2.14 Ordering the unknowns and equations

Note that in general we are always free to change the order of the equations in a linear sys-
tem without changing the solution. Modifying the order corresponds to permuting the rows
of the matrix and right-hand side. We are also free to change the ordering of the unknowns
in the vector of unknowns, which corresponds to permuting the columns of the matrix. As
an example, consider the difference equations given by (2.9). Suppose we reordered the un-
knowns by listing first the unknowns at odd numbered grid points and then the unknowns
at even numbered grid points, so that U = [Ui, Us, Us, ...,Us, Us, ...]T. If we also
reorder the equations in the same way, i.e., we write down first the difference equation
centered at Uy, then at Uz, Us, etc., then we would obtain the following system:

-2 1 17 U 7]
-2 1 1 Us
-2 1 1 Us
1 -2 1 1 Un-1
n|l 1 1 -2 U,
1 1 =2 U,
1 1 =2 Us
B 1 =2 | L Un
(2.63)
[ f(x1) —a/h* ]
S(x3)
S(xs)
_ S (xXm—1)
S(x2)
S(xq)
S(x6)
| S (xm) — B/ 1>

This linear system has the same solution as (2.9) modulo the reordering of unknowns, but it
looks very different. For this one-dimensional problem there is no point in reordering things
this way, and the natural ordering [U;, U,, Us, ...]T clearly gives the optimal matrix
structure for the purpose of applying Gaussian elimination. By ordering the unknowns so
that those which occur in the same equation are close to one another in the vector, we keep
the nonzeros in the matrix clustered near the diagonal. In two or three space dimensions
there are more interesting consequences of choosing different orderings, a topic we return
to in Section 3.3.
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2.15 A general linear second order equation

We now consider the more general linear equation

a(x)u”" (x) + b(x)u'(x) + c(x)u(x) = f(x), (2.64)
together with two boundary conditions, say, the Dirichlet conditions
ua) = «a, u(b) = B. (2.65)

This equation can be discretized to second order by
Ui—1 = 2U; + U; Uiy1 —Ui-
; i—1 i i+1 + bi i+1 i—1
h? 2h
where, for example, a; = a(x;). This gives the linear system AU = F, where A is the
tridiagonal matrix

[ (h2cq —2ay) (ay + hby/2)

) + Ui = fi, (2.66)

(ay —hby/2) (h2cy —2ay) (ay + hby/2)
=0
(am—1—hbpy—1/2) (hzcm—l —2am,—1) (am—1 + hbpy_1/2)
L (am — hbm/2) (h2cm — 2am) A
2.67)
and
Ui Si = a1/ * —by/2h)a
U, f2
U= , F = (2.68)
Um—l fm—l
Un Jm _(am/h2+bm/2h),3

This linear system can be solved with standard techniques, assuming the matrix is nonsin-
gular. A singular matrix would be a sign that the discrete system does not have a unique
solution, which may occur if the original problem, or a nearby problem, is not well posed
(see Section 2.13).

The discretization used above, while second order accurate, may not be the best dis-
cretization to use for certain problems of this type. Often the physical problem has certain
properties that we would like to preserve with our discretization, and it is important to un-
derstand the underlying problem and be aware of its mathematical properties before blindly
applying a numerical method. The next example illustrates this.

Example 2.1. Consider heat conduction in a rod with varying heat conduction prop-
erties, where the parameter k(x) varies with x and is always positive. The steady-state
heat-conduction problem is then

(k(x)u' (x)) = f(x) (2.69)

together with some boundary conditions, say, the Dirichlet conditions (2.65). To discretize
this equation we might be tempted to apply the chain rule to rewrite (2.69) as

k(X" (x) + &' ()’ (x) = f(x) (2.70)
and then apply the discretization (2.67), yielding the matrix
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-2k (i + huc} /2)
IV (k2 — hKh /2) —2kK5 (k2 + hih/2) —‘
A=— .
h? I i
(km—1 — /1’(;,,_1/2) —2Km—1 (km—1 + /1’(;,,_1/2)

L (tkm — hic)y /2) —2km J

271

However, this is not the best approach. It is better to discretize the physical problem (2.69)
directly. This can be done by first approximating « (x)u’(x) at points halfway between the
grid points, using a centered approximation

Uit —U;
K (xig1/2)u (Xigt1/2) = Kit1/2 (%)

and the analogous approximation at x;_1/,. Differencing these then gives a centered ap-
proximation to (xu’)’ at the grid point x;:

1 Uit1 — U; Ui —Ui—
e N e

1
= h_Z[Ki—l/ZUi—l —(ki—172 + kiv172)Ui + kiz1/2Uit1].

2.72)

This leads to the matrix

—(k1/2 +x3/2) K3/2
K3/2 —(k3/2 + K5/2) Ks/2
| . .
A= —
h? ’
L Km—3/2 —(km—3/2 + Km—1/2) Km—1/2
Km—1/2 —(Km—1/2 + Km+1/2)
(2.73)

Comparing (2.71) to (2.73), we see that they agree to O(h?), noting, for example, that

(i172) = K+ he(30) + O0) = k(1) — 3 (1) + OGP,

However, the matrix (2.73) has the advantage of being symmetric, as we would hope, since
the original differential equation is self-adjoint. Moreover, since k > 0, the matrix can be
shown to be nonsingular and negative definite. This means that all the eigenvalues are neg-
ative, a property also shared by the differential operator %K(X) % (see Section C.8). Itis
generally desirable to have important properties such as these modeled by the discrete ap-
proximation to the differential equation. One can then show, for example, that the solution
to the difference equations satisfies a maximum principle of the same type as the solution
to the differential equation: for the homogeneous equation with f(x) = 0, the values of
u(x) lie between the values of the boundary values « and 8 everywhere, so the maximum
and minimum values of u arise on the boundaries. For the heat conduction problem this is
physically obvious: the steady-state temperature in the rod won’t exceed what’s imposed
at the boundaries if there is no heat source.

|
|.
|
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2.16. Nonlinear equations 37

When solving the resulting linear system by iterative methods (see Chapters 3 and 4)
it is also often desirable that the matrix have properties such as negative definiteness, since
some iterative methods (e.g., the conjugate-gradient (CG) method in Section 4.3) depend
on such properties.

2.16 Nonlinear equations

We next consider a nonlinear BVP to illustrate the new complications that arise in this
case. We will consider a specific example that has a simple physical interpretation which
makes it easy to understand and interpret solutions. This example also illustrates that not
all 2-point BVPs are steady-state problems.

Consider the motion of a pendulum with mass m at the end of a rigid (but massless)
bar of length L, and let 8(¢) be the angle of the pendulum from vertical at time ¢, as illus-
trated in Figure 2.3. Ignoring the mass of the bar and forces of friction and air resistance,
we see that the differential equation for the pendulum motion can be well approximated by

0"(t) = —(g/L)sin(6(1)), (2.74)
where g is the gravitational constant. Taking g/L = 1 for simplicity we have
0" (t) = —sin(0(z)) (2.75)

as our model problem.
For small amplitudes of the angle 6 it is possible to approximate sin(f) ~ 6 and
obtain the approximate /inear differential equation

0" () = —0(r) (2.76)

Figure 2.3. (a) Pendulum. (b) Solutions to the linear equation (2.76) for various
initial 0 and zero initial velocity. (c) Solutions to the nonlinear equation (2.75) for various
initial 0 and zero initial velocity.
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38 Chapter 2. Steady States and Boundary Value Problems

with general solutions of the form A cos(t) + B sin(¢). The motion of a pendulum that is
oscillating only a small amount about the equilibrium at & = 0 can be well approximated
by this sinusoidal motion, which has period 27 independent of the amplitude. For larger-
amplitude motions, however, solving (2.76) does not give good approximations to the true
behavior. Figures 2.3(b) and (c) show some sample solutions to the two equations.

To fully describe the problem we also need to specify two auxiliary conditions in
addition to the second order differential equation (2.75). For the pendulum problem the
IVP is most natural—we set the pendulum swinging from some initial position 6(0) with
some initial angular velocity 6’(0), which gives two initial conditions that are enough to
determine a unique solution at all later times.

To obtain instead a BVP, consider the situation in which we wish to set the pendulum
swinging from some initial given location 6(0) = « with some unknown angular velocity
0’(0) in such a way that the pendulum will be at the desired location 8(7") = B at some
specified later time 7". Then we have a 2-point BVP

0"(t) = —sin(0(r)) for0 <t <T,

6(0) = o, 6(T) = B. (2.77)

Similar BVPs do arise in more practical situations, for example, trying to shoot a missile
in such a way that it hits a desired target. In fact, this latter example gives rise to the name
shooting method for another approach to solving 2-point BVPs that is discussed in [4] and
[54], for example.

2.16.1 Discretization of the nonlinear boundary value problem

We can discretize the nonlinear problem (2.75) in the obvious manner, following our ap-
proach for linear problems, to obtain the system of equations

1
h—2(9,-_1 —20; + 9,'4.1) + sin(@,-) =0 (2.78)

fori =1, 2, ..., m,where h = T/(m + 1) and we set 0y = « and 0,41 = B. Asin
the linear case, we have a system of m equations for m unknowns. However, this is now a
nonlinear system of equations of the form

G(6) =0, (2.79)

where G : R”™ — R™. This cannot be solved as easily as the tridiagonal linear systems
encountered so far. Instead of a direct method we must generally use some iterative method,
such as Newton’s method. If %] is our approximation to 6 in step k, then Newton’s method
is derived via the Taylor series expansion

GO%H1y = g%y + G/ (eI (plk+1T — glkly 4 ...
Setting G(A*+11) = 0 as desired, and dropping the higher order terms, results in

0= G(g[kl) + G’(g[kl)(g[kH] _ g[k])_
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This gives the Newton update
glk+11 — glkl | glk], (2.80)
where §¥] solves the linear system
J (UMK = G (plkl). (2.81)

Here J(0) = G’'(0) € R™™ is the Jacobian matrix with elements
Jij(0) = 9 G;(9)
ij = 39] i s

where G;(0) is the ith component of the vector-valued function G. In our case G;(0) is
exactly the left-hand side of (2.78), and hence

1/h? ifj=i—lorj=i+1,
Jij(0) = 3 —2/h* +cos(6;) if j =i,
0 otherwise,
so that
(=2 + h2 cos(6y)) 1
| ( 1 (=2 + h%cos(6y)) 1 —‘
J0) = 3 | : : . @82

1 (=24 h%cos(Om))

In each iteration of Newton’s method we must solve a tridiagonal linear system similar to
the single tridiagonal system that must be solved in the linear case.

Consider the nonlinear problem with 7" = 2w, « = f = 0.7. Note that the linear
problem (2.76) has infinitely many solutions in this particular case since the linearized
pendulum has period 27 independent of the amplitude of motion; see Figure 2.3. This is
not true of the nonlinear equation, however, and so we might expect a unique solution to the
full nonlinear problem. With Newton’s method we need an initial guess for the solution,
and in Figure 2.4(a) we take a particular solution to the linearized problem, the one with
initial angular velocity 0.5, as a first approximation, i.e., 91.[0] = 0.7 cos(#;) + 0.5sin(#;).
Figure 2.4(a) shows the different o] for k = 0, 1, 2, ... that are obtained as we iterate
with Newton’s method. They rapidly converge to a solution to the nonlinear system (2.78).
(Note that the solution looks similar to the solution to the linearized equation with 6’(0) =
0, as we should have expected, and taking this as the initial guess, 1% = 0.7 cos(t), would
have given even more rapid convergence.)

Table 2.1 shows ||§!%]|| o, in each iteration, which measures the change in the solution.
As expected, Newton’s method appears to be converging quadratically.

If we start with a different initial guess 81%) (but still close enough to this solution), we
would find that the method still converges to this same solution. For example, Figure 2.4(b)
shows the iterates 0% fork = 0, 1, 2, ... with a different choice of 8% = 0.7.

Newton’s method can be shown to converge if we start with an initial guess that is
sufficiently close to a solution. How close depends on the nature of the problem. For the
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40 Chapter 2. Steady States and Boundary Value Problems

1 1

(a) 0 1 2 3 4 5 6 7 (b) 0 1 2 3 4 5 6 7

Figure 2.4. Convergence of Newton iterates toward a solution of the pendulum
problem. The iterates O for k = 1, 2,... are denoted by the number k in the plots. (a)

Starting from 91.[0] = 0.7cos(t;) + 0.5sin(¢;). (b) Starting from 91.[0] =0.7.

Table 2.1. Change ||§!)|| o in solution in each iteration of Newton’s method.

k | Figure 2.4(a) \ Figure 2.5
0 | 3.2841e—01 | 4.2047e+00
1 | 1.7518¢—01 | 5.3899¢+00
2 | 3.1045e—02 | 8.1993e+00
3 | 2.3739e—04 | 7.7111e—01
4 | 1.5287¢—08 | 3.8154e—02
5| 5.8197e—15 | 2.2490e—04
6 | 1.5856e—15 | 9.1667e—09
7 1.3395e—15

problem considered above one need not start very close to the solution to converge, as seen
in the examples, but for more sensitive problems one might have to start extremely close.
In such cases it may be necessary to use a technique such as continuation to find suitable
initial data; see Section 2.19.

2.16.2 Nonuniqueness

The nonlinear problem does not have an infinite family of solutions the way the linear
equation does on the interval [0, 277], and the solution found above is an isolated solution in
the sense that there are no other solutions very nearby (it is also said to be locally unique).
However, it does not follow that this is the unique solution to the BVP (2.77). In fact phys-
ically we should expect other solutions. The solution we found corresponds to releasing
the pendulum with nearly zero initial velocity. It swings through nearly one complete cycle
and returns to the initial position at time 7.

Another possibility would be to propel the pendulum upward so that it rises toward
the top (an unstable equilibrium) at & = s, before falling back down. By specifying the
correct velocity we should be able to arrange it so that the pendulum falls back to 6 = 0.7
again at T = 2. In fact it is possible to find such a solution for any 7" > 0.
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Figure 2.5. Convergence of Newton iterates toward a different solution of the
pendulum problem starting with initial guess 91.[0] = 0.7 + sin(t; /2). The iterates k for
k =1, 2,... are denoted by the number k in the plots.

Physically it seems clear that there is a second solution to the BVP. To find it nu-
merically we can use the same iteration as before, but with a different initial guess 6L
that is sufficiently close to this solution. Since we are now looking for a solution where 6
initially increases and then falls again, let’s try a function with this general shape. In Fig-
ure 2.5 we see the iterates #1<] generated with data 91.[0] = 0.7 + sin(#; /2). We have gotten
lucky here on our first attempt, and we get convergence to a solution of the desired form.
(See Table 2.1.) Different guesses with the same general shape might not work. Note that
some of the iterates §%] obtained along the way in Figure 2.5 do not make physical sense
(since 0 goes above 7 and then back down—what does this mean?), but the method still
converges.

2.16.3 Accuracy on nonlinear equations

The solutions plotted above are not exact solutions to the BVP (2.77). They are only so-
lutions to the discrete system of (2.78) with # = 1/80. How well do they approximate
true solutions of the differential equation? Since we have used a second order accurate
centered approximation to the second derivative in (2.8), we again hope to obtain second
order accuracy as the grid is refined. In this section we will investigate this.

Note that it is very important to keep clear the distinction between the convergence
of Newton’s method to a solution of the finite difference equations and the convergence of
this finite difference approximation to the solution of the differential equation. Table 2.1
indicates that we have obtained a solution to machine accuracy (roughly 10~13) of the non
linear system of equations by using Newton’s method. This does not mean that our solution
agrees with the true solution of the differential equation to the same degree. This depends
on the size of £, the size of the truncation error in our finite difference approximation, and
the relation between the local truncation error and the resulting global error.

Let’s start by computing the local truncation error of the finite difference formula.
Just as in the linear case, we define this by inserting the true solution of the differential
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equation into the finite difference equations. This will not satisfy the equations exactly, and
the residual is what we call the local truncation error (LTE):

G = 23 (0-1) —200) + 6041) + sin(0(0))
= (0"(t;) + sin(8(;))) + ll—zhze””(z,-) + 0(h*) (2.83)
_ i 201 ¢y 4
= lzh 0" (1) + O(h*).

Note that we have used the differential equation to set 6”(¢;) + sin(6(¢;)) = 0, which holds
exactly since 6(¢) is the exact solution. The LTE is O(h?) and has exactly the same form
as in the linear case. (For a more complicated nonlinear problem it might not work out so
simply, but similar expressions result.) The vector t with components t; is simply G(é),
where 6 is the vector made up of the true solution at each grid point. We now want to
obtain an estimate on the global error E based on this local error. We can attempt to follow
the path used in Section 2.6 for linear problems. We have

G@) =0,
G@) =1,
and subtracting gives
GO)—-GO) = —r. (2.84)

We would like to derive from this a relation for the global error £ = 6 — 6. If G were linear
(say, G(8) = A6 — F), we would have G(0) — G(9) = A — 4O = A(6 — 0) = AE,
giving an expression in terms of the global error £ = 6 — 6. This is what we used in
Section 2.7. A A

In the nonlinear case we cannot express G(0) — G(0) directly in terms of 6 — 6.
However, we can use Taylor series expansions to write

G6) = G@) + JOE + O(|E|?),

where J (é) is again the Jacobian matrix of the difference formulas, evaluated now at the
exact solution. Combining this with (2.84) gives

JO)E = —t + O(| E||%).

If we ignore the higher order terms, then we again have a linear relation between the local
and global errors.

This motivates the following definition of stability. Here we let J" denote the Ja-
cobian matrix of the difference formulas evaluated at the true solution on a grid with grid
spacing /.

Definition 2.2. The nonlinear difference method G(0) = 0 is stable in some norm ||-|| if the
matrices (Jh)_1 are uniformly bounded in this norm as h — 0, i.e., there exist constants
C and hg such that

I < C  forall h < he. (2.85)
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It can be shown that if the method is stable in this sense, and consistent in this norm
(%] = 0), then the method converges and || E”|| — 0 as 4 — 0. This is not obvious
in the nonlinear case: we obtain a linear system for E only by dropping the O(|| E||?)
nonlinear terms. Since we are trying to show that E is small, we can’t necessarily assume
that these terms are negligible in the course of the proof, at least not without some care.
See [54] for a proof.

It makes sense that it is uniform boundedness of the inverse Jacobian at the exact
solution that is required for stability. After all, it is essentially this Jacobian matrix that is
used in solving linear systems in the course of Newton’s method, once we get very close to
the solution.

Warning: We state a final reminder that there is a difference between convergence
of the difference method as # — 0 and convergence of Newton’s method, or some other
iterative method, to the solution of the difference equations for some particular /. Stability
of the difference method does not imply that Newton’s method will converge from a poor
initial guess. It can be shown, however, that with a stable method, Newton’s method will
converge from a sufficiently good initial guess; see [54]. Also, the fact that Newton’s
method has converged to a solution of the nonlinear system of difference equations, with an
error of 10713, say, does not mean that we have a good solution to the original differential
equation. The global error of the difference equations determines this.

2.17 Singular perturbations and boundary layers

In this section we consider some singular perturbation problems to illustrate the difficulties
that can arise when numerically solving problems with boundary layers or other regions
where the solution varies rapidly. See [55], [56] for more detailed discussions of singular
perturbation problems. In particular, the example used here is very similar to one that can
be found in [55], where solution by matched asymptotic expansions is discussed.

As a simple example we consider a steady-state advection-diffusion equation. The
time-dependent equation has the form

U + auy = Kixx + ¥ (2.86)

in the simplest case. This models the temperature u(x, ¢) of a fluid flowing through a pipe
with constant velocity a, where the fluid has constant heat diffusion coefficient « and ¥ is
a source term from heating through the walls of the tube.
If a > 0, then we naturally have a boundary condition at the left boundary (say,
x =0),
u(0,7) = a(?),

specifying the temperature of the incoming fluid. At the right boundary (say, x = 1) the
fluid is flowing out and so it may seem that the temperature is determined only by what
is happening in the pipe, and no boundary condition is needed here. This is correct if
k = 0 since the first order advection equation needs only one boundary condition and we
are allowed to specify u only at the left boundary. However, if k > 0, then heat can diffuse
upstream, and we need to also specify u(1,#) = B(¢) to determine a unique solution.

If , B, and ¥ are all independent of ¢, then we expect a steady-state solution, which
we hope to find by solving the linear 2-point boundary value problem
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au'(x) = ku" (x) + ¥ (x),
u(0) = «a, u(l) = .

This can be discretized using the approach of Section 2.4. If a is small relative to «, then
this problem is easy to solve. In fact for a = 0 this is just the steady-state heat equation
discussed in Section 2.15, and for small a the solution appears nearly identical.

But now suppose a is large relative to « (i.e., we crank up the velocity, or we decrease
the ability of heat to diffuse with the velocity a > 0 fixed). More properly we should
work in terms of the nondimensional Péclet number, which measures the ratio of advection
velocity to transport speed due to diffusion. Here we introduce a parameter € which is like
the inverse of the Péclet number, € = «/a, and rewrite (2.87) in the form

(2.87)

eu’(x) —u'(x) = f(x). (2.88)

Then taking « large relative to k (large Péclet number) corresponds to the case € < 1.

We should expect difficulties physically in this case where advection overwhelms
diffusion. It would be very difficult to maintain a fixed temperature at the outflow end
of the tube in this situation. If we had a thermal device that was capable of doing so by
instantaneously heating the fluid to the desired temperature as it passes the right boundary,
independent of the temperature of the fluid flowing toward this point, then we would expect
the temperature distribution to be essentially discontinuous at this boundary.

Mathematically we expect trouble as ¢ — 0 because in the limit € = 0 the equation
(2.88) reduces to a first order equation (the steady advection equation)

—u'(x) = f(x), (2.89)

which allows only one boundary condition, rather than two. For € > 0, no matter how
small, we have a second order equation that needs two conditions, but we expect to perhaps
see strange behavior at the outflow boundary as € — 0, since in the limit we are over

specifying the problem.
Figure 2.6(a) shows how solutions to (2.88) appear for various values of € in the case
o =1,8 =3,and f(x) = —1. In this case the exact solution is
eXle—1
ux)=a+x+PB-a-)——]. (2.90)
el/e —1

Note that as € — 0 the solution tends toward a discontinuous function that jumps to the
value f at the last possible moment. This region of rapid transition is called the boundary
layer and it can be shown that for this problem the width of this layer is O(¢) as € — 0.

The equation (2.87) with 0 < € < 1 is called a singularly perturbed equation. 1t is
a small perturbation of (2.89), but this small perturbation completely changes the character
of the equation (from a first order to a second order equation). Typically any differen-
tial equation having a small parameter multiplying the highest order derivative will give a
singular perturbation problem.

By contrast, going from the pure diffusion equation kuy, = f to an advection
diffusion equation xuxx — auy = f for very small a is a regular perturbation. Both
of these equations are second order differential equations requiring the same number of
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2.17. Singular perturbations and boundary layers 45

boundary conditions. The solution of the perturbed equation looks nearly identical to the
solution of the unperturbed equation for small a, and the difference in solutions is O(a) as
a— 0.

Singular perturbation problems cause numerical difficulties because the solution
changes rapidly over a very small interval in space. In this region derivatives of u(x)
are large, giving rise to large errors in our finite difference approximations. Recall that
the error in our approximation to u”(x) is proportional to 4%u""(x), for example. If / is
not small enough, then the local truncation error will be very large in the boundary layer.
Moreover, even if the truncation error is large only in the boundary layer, the resulting
global error may be large everywhere. (Recall that the global error E is obtained from the
truncation error t by solving a linear system A E = —rt, which means that each element
of E depends on all elements of t since A~! is a dense matrix.) This is clearly seen in
Figure 2.6(b), where the numerical solution with 47 = 1/10 is plotted. Errors are large even
in regions where the exact solution is nearly linear and u”" = 0.

On finer grids the solution looks better (see Figure 2.6(c) and (d)), and as & — 0
the method does exhibit second order accurate convergence. But it is necessary to have a
sufficiently fine grid before reasonable results are obtained; we need enough grid points to
enable the boundary layer to be well resolved.

25 25

197 4 145
(C) 0 02 04 06 08 1 (d) 0 02 04 06 08 1

Figure 2.6. (a) Solutions to the steady state advection-diffusion equation (2.88)
for different values of €. The four lines correspond to € = 0.3, 0.1, 0.05, and 0.01 from
top to bottom. (b) Numerical solution with € = 0.01 and h = 1/10. (c) h = 1/25. (d)
h = 1/100.
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2.17.1 Interior layers

The above example has a boundary layer, a region of rapid transition at one boundary. Other
problems may have interior layers instead. In this case the solution is smooth except for
some thin region interior to the interval where a rapid transition occurs. Such problems can
be even more difficult to solve since we often don’t know a priori where the interior layer
will be. Perturbation theory can often be used to analyze singular perturbation problems
and predict where the layers will occur, how wide they will be (as a function of the small
parameter €), and how the solution behaves. The use of perturbation theory to obtain good
approximations to problems of this type is a central theme of classical applied mathematics.

These analytic techniques can often be used to good advantage along with numerical
methods, for example, to obtain a good initial guess for Newton’s method, or to choose an
appropriate nonuniform grid as discussed in the next section. In some cases it is possible
to develop special numerical methods that have the correct singular behavior built into the
approximation in such a way that far better accuracy is achieved than with a naive numerical
method.

Example 2.2. Consider the nonlinear boundary value problem

ew +u@' —1)=0 fora < x <b,

u(@) =a, u)=p. (2.91)

For small e this is a singular perturbation problem since € multiplies the highest order
derivative. Setting € = 0 gives a reduced equation

u@' —1)=0 (2.92)

for which we generally can enforce only one boundary condition. Solutions to (2.92) are
u(x) = 0or u(x) = x + C for some constant C. If the boundary condition imposed at
X = a or x = b is nonzero, then the solution has the latter form and is either

u(x) =x+ao—a ifu(a) = o isimposed (2.93)

or
u(x)=x+p—>b ifu(b) = p isimposed. (2.94)

These two solutions are shown in Figure 2.7.

For 0 < ¢ « 1, the full equation (2.91) has a solution that satisfies both bound-
ary conditions, and Figure 2.7 also shows such a solution. Over most of the domain the
solution is smooth and u” is small, in which case eu” is negligible and the solution must
nearly satisfy (2.92). Thus over most of the domain the solution follows one of the linear
solutions to the reduced equation. Both boundary conditions can be satisfied by following
one solution (2.93) near x = « and the other solution (2.94) near x = b. Connecting these
two smooth portions of the solution is a narrow zone (the interior solution) where u(x) is
rapidly varying. In this layer u” is very large and the eu” term of (2.91) is not negligible,
and hence u(u’ — 1) may be far from zero in this region.

To determine the location and width of the interior layer, and the approximate form
of the solution in this layer, we can use perturbation theory. Focusing attention on this

2007/6/1
page 46

e



2.17. Singular perturbations and boundary layers 47
15
i1 x+B-b
05
ol u(x)
-05F X+o—a
o 02 04 06 08 1

Figure 2.7. Outer solutions and full solution to the singular perturbation problem
witha =0, b =1, « = —1, and B = 1.5. The solution has an interior layer centered
about x = 0.25.

layer, which we now assume is centered at some location x = X, we can zoom in on the
solution by assuming that u(x) has the approximate form

u(x) = W((x —x)/€*) (2.95)

for some power k to be determined. We are zooming in on a layer of width O(e¥) asymp-
totically, so determining k will tell us how wide the layer is. From (2.95) we compute

u'(x) = € KW ((x —%)/€"),

W' (x) = e W ((x — 3)/€). (290
Inserting these expressions in (2.91) gives
e KWE) + WE(ETW () - 1) =0,
where & = (x — X)/€k. Multiply by €2¥~! to obtain
W (€) + WE(ETW'(E) - = 0. 2.97)

By rescaling the independent variable by a factor €*, we have converted the singular pertur-
bation problem (2.91) into a problem where the highest order derivative W has coefficient
1 and the small parameter appears only in the lower order term. However, the lower order
term behaves well in the limit € — 0 only if we take & > 1. For smaller values of k
(zooming in on too large a region asymptotically), the lower order term blows up as € — 0,
or dividing by €¥~! shows that we still have a singular perturbation problem. This gives us
some information on k.

If we fix x at any value away from X, then £ — £o0 as € — 0. So the boundary
value problem (2.97) for W(£&) has boundary conditions at o0,

WE)—>x+a—a asé— —oo,

WE) —>x+B—b asé— +oo. (2.98)
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The “inner solution” W(§) will then match up with the “outer solutions” given by (2.93)
and (2.94) at the edges of the layer. We also require

W'(E)—0 as&— Foo (2.99)

since outside the layer the linear functions (2.93) and (2.94) have the desired slope.

For (2.97) to give a reasonable 2-point boundary value problem with these three
boundary conditions (2.98) and (2.99), we must take k = 1. We already saw that we need
k > 1, but we also cannot take X > 1 since in this case the lower order term in (2.97)
vanishes as € — 0 and the equation reduces to W” (&) = 0. In this case we are zooming
in too far on the solution near x = X and the solution simply appears linear, as does any
sufficiently smooth function if we zoom in on its behavior at a fixed point. While this does
reveal the behavior extremely close to X, it does not allow us to capture the full behavior in
the interior layer. We cannot satisfy all four boundary conditions on W with a solution to
W’ (x) = 0.

Taking k = 1 gives the proper interior problem, and (2.97) becomes

W' (&) + WEW'(E) —€) = 0. (2.100)
Now letting € — 0 we obtain
W' (&) + WEW' ) = 0. (2.101)
This equation has solutions of the form
W(€) = wo tanh(wok /2) (2.102)

for arbitrary constants wo. The boundary conditions (2.98) lead to
1
wo = E(a—b+,3—oc) (2.103)

and .
X = E(a+b—oz—,3). (2.104)

To match this solution to the outer solutions, we require ¢ < X < b. If the value of
X determined by (2.104) doesn’t satisfy this condition, then the original problem has a
boundary layer at x = «a (if X < @) orat x = b (if X > b) instead of an interior layer. For
the remainder of this discussion we assume a < X < b.
We can combine the inner and outer solutions to obtain an approximate solution of
the form
u(x) ~ u(x) = x — X + wo tanh(wo(x — X)/2¢). (2.105)

Singular perturbation analysis has given us a great deal of information about the so-
lution to the problem (2.91). We know that the solution has an interior layer of width O(¢)
at x = X with roughly linear solution (2.93), (2.94) outside the layer. This type of infor-
mation may be all we need to know about the solution for some applications. If we want
to determine a more detailed numerical approximation to the full solution, this analytical
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information can be helpful in devising an accurate and efficient numerical method, as we
now consider.

The problem (2.91) can be solved numerically on a uniform grid using the finite
difference equations

Ui—1 —2U; + Uipq Uit1 — Ui
; = i|—————— -1 = 2.1
G;(U) E( i )+U ( o ) 0 (2.106)

fori =1, 2, ..., mwithUy = @ and Uy, +1 = B (where, asusual, 1 = (b—a)/(m+1)).
This gives a nonlinear system of equations G(U) = 0 that can be solved using Newton’s
method as described in Section 2.16.1. One way to use the singular perturbation approxi-
mation is to generate a good initial guess for Newton’s method, e.g.,

Ui = ii(x;), (2.107)

where ii(x) is the approximate solution from (2.105). We then have an initial guess that is
already very accurate at nearly all grid points. Newton’s method converges rapidly from
such a guess. If the grid is fine enough that the interior layer is well resolved, then a good
approximation to the full solution is easily obtained. By contrast, starting with a more naive
initial guess such as U; = « + (x — a)(B — )/ (b — a) leads to nonconvergence when € is
small.

When € is very small, highly accurate numerical results can be obtained with less
computation by using a nonuniform grid, with grid points clustered in the layer. To con-
struct such a grid we can use the singular perturbation analysis to tell us where the points
should be clustered (near x) and how wide to make the clustering zone. The width of the
layer is O(€) and, moreover, from (2.102) we expect that most of the transition occurs for,
say, |%w0§| < 2. This translates into

|x — X| < 4e/wo, (2.108)

where wy is given by (2.103). The construction and use of nonuniform grids is pursued
further in the next section.

2.18 Nonuniform grids

From Figure 2.6 it is clear that we need to choose our grid to be fine enough so that several
points are within the boundary layer and we can obtain a reasonable solution. If we wanted
high accuracy within the boundary layer we would have to choose a much finer grid than
shown in this figure. With a uniform grid this means using a very large number of grid
points, the vast majority of which are in the region where the solution is very smooth and
could be represented well with far fewer points. This waste of effort may be tolerable
for simple one-dimensional problems but can easily be intolerable for more complicated
problems, particularly in more than one dimension.

Instead it is preferable to use a nonuniform grid for such calculations, with grid points
clustered in regions where they are most needed. This requires using formulas that are
sufficiently accurate on nonuniform grids. For example, a four-point stencil can be used
to obtain second order accuracy for the second derivative operator. Using this for a linear
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problem would give a banded matrix with four nonzero diagonals. A little extra care is
needed at the boundaries.

One way to specify nonuniform grid points is to start with a uniform grid in some
“computational coordinate” z, which we will denote by z; = ihfori =0, 1, ..., m+1,
where 4 = 1/(m + 1), and then use some appropriate grid mapping function X (z) to
define the “physical grid points” x; = X(z;). This is illustrated in Figure 2.8, where z is
plotted on the vertical axis and x is on the horizontal axis. The curve plotted represents
a function X(z), although with this choice of axes it is more properly the graph of the
inverse function z = X ~!(x). The horizontal and vertical lines indicate how the uniform
grid points on the z axis are mapped to nonuniform points in x. If the problem is posed on
the interval [, b], then the function X (z) should be monotonically increasing and satisfy
X(0) =aand X(1) =b.

Note that grid points are clustered in regions where the curve is steepest, which means
that X(z) varies slowly with z, and spread apart in regions where X (z) varies rapidly
with z. Singular perturbation analysis of the sort done in the previous section may provide
guidelines for where the grid points should be clustered.

Once a set of grid points x; is chosen, it is necessary to set up and solve an appropriate
system of difference equations on this grid. In general a different set of finite difference
coefficients will be required at each grid point, depending on the spacing of the grid points
nearby.

0.8

0.6

0.4

0.2

0 0.2 0.4 0.6 0.8 1

Figure 2.8. Grid mapping from a uniform grid in 0 < z < 1 (vertical axis)
to the nonuniform grid in physical x-space shown on the horizontal axis. This particular
mapping may be useful for solving the singular perturbation problem illustrated in Fig. 2.7.
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Example 2.3. As an example, again consider the simple problem u”(x) = f(x)
with the boundary conditions (2.52), u’(0) = o, and u(1) = . We would like to gener-
alize the matrix system (2.57) to the situation where the x; are nonuniformly distributed
in the interval [0, 1]. In MATLAB this is easily accomplished using the £dcoef £V func-
tion discussed in Section 1.5, and the code fragment below shows how this matrix can be
computed. Note that in MATLAB the vector x must be indexed from 1 to m+2 rather than
from O to m+1.

[}

A = speye (m+2) ; % initialize using sparse storage
% first row for Neumann BC, approximates u’ (x(1))
A(1,1:3) = fdcoeffv(l, x(1), x(1:3));
% interior rows approximate u’’ (x(i))
for i=2:m+1
A(i,i-1:i+1) = fdcoeffv(2, x(i), x((i-1):(i+1)));
end
% last row for Dirichlet BC, approximates u(x(m+2))

A(m+2,m:m+2) = fdcoeffv(0,x(m+2),x(m:m+2)) ;

A complete program that uses this and tests the order of accuracy of this method is available
on the Web page.

Note that in this case the finite difference coefficients for the 3-point approximations
to u”’(x;) also can be explicitly calculated from the formula (1.14), but it is simpler to use
fdcoef £V, and the above code also can be easily generalized to higher order methods by
using more points in the stencils.

What accuracy do we expect from this method? In general if x;_q, x; and x;4 are
not equally spaced, then we expect an approximation to the second derivative u” (x;) based
on these three points to be only first order accurate (n = 3 and k = 2 in the terminology
of Section 1.5, so we expect p = n —k = 1). This is confirmed by the error expres-
sion (1.16), and this is generally what we will observe if we take randomly spaced grid
points Xx;.

However, in practice we normally use grids that are smoothly varying, for example,
X; = X(z;), where X(z) is some smooth function, as discussed in Section 2.18. In this
case it turns out that we should expect to achieve second order accuracy with the method
just presented, and that is what is observed in practice. This can be seen from the error
expressions (1.16): the “first order” portion of the error is proportional to

hy —hy = (xig1 — xi) — (xi — Xi—1) = X(zi41) — 2X(zi) + X(zim1) ~ B2 X" (),

where i = Az is the grid spacing in z. So we see that for a smoothly varying grid the
difference s, — hy is actually O(h?). Hence the local truncation error is O(/?) at each grid
point and we expect second order accuracy globally.

2.18.1 Adaptive mesh selection

Ideally a numerical method would work robustly on problems with interior or boundary
layers without requiring that the user know beforehand how the solution is behaving. This
can often be achieved by using methods that incorporate some form of adaptive mesh se-
lection, which means that the method selects the mesh based on the behavior of the solution
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and automatically clusters grid points in regions where they are needed. A discussion of
this topic is beyond the scope of this book. See, for example, [4].

Readers who wish to use methods on nonuniform grids are encouraged to investigate
software that will automatically choose an appropriate grid for a given problem (perhaps
with some initial guidance) and take care of all the details of discretizing on this grid. In
MATLAB, the routine bvp4c can be used and links to other software may be found on the
book’s Web page.

2.19 Continuation methods

For a difficult problem (e.g., a boundary layer or interior layer problem with ¢ < 1),
an adaptive mesh refinement program may not work well unless a reasonable initial grid
is provided that already has some clustering in the appropriate layer location. Moreover,
Newton’s method may not converge unless we have a good initial guess for the solution.
We have seen how information about the layer location and width and the approximate
form of the solution can sometimes be obtained by using singular perturbation analysis.

There is another approach that is often easier in practice, known as continuation or
the homotopy method. As an example, consider again the interior layer problem considered
in Example 2.2 and suppose we want to solve this problem for a very small value of €, say,
€ = 107%. Rather than immediately tackling this problem, we could first solve the problem
with a much larger value of €, say, € = 0.1, for which the solution is quite smooth and
convergence is easily obtained on a uniform grid with few points. This solution can then
be used as an initial guess for the problem with a smaller value of €, say, ¢ = 1072, We
can repeat this process as many times as necessary to get to the desired value of €, perhaps
also adapting the grid as we go along to cluster points near the location of the interior layer
(which is independent of € and becomes clearly defined as we reduce €).

More generally, the idea of following the solution to a differential equation as some
parameter in the equation varies arises in other contexts as well. Difficulties sometimes
arise at particular parameter values, such as bifurcation points, where two paths of solutions
intersect.

2.20 Higher order methods

So far we have considered only second order methods for solving BVPs. Several ap-
proaches can be used to obtain higher order accurate methods. In this section we will
look at various approaches to achieving higher polynomial order, such as fourth order or
sixth order approximations. In Section 2.21 we briefly introduce spectral methods that can
achieve convergence at exponential rates under some conditions.

2.20.1 Fourth order differencing

The obvious approach is to use a better approximation to the second derivative operator
in place of the second order difference used in (2.8). For example, the finite difference
approximation

1

Tz Uim2 + 16Uj—1 = 30U; + 16U} 1 = Uj+2] (2.109)
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gives a fourth order accurate approximation to #”(x ;). Note that this formula can be easily
found in MATLAB by fdcoeffv(2,0,-2:2).

For the BVP u”(x) = f(x) on a grid with m interior points, this approximation can
be used at grid points j =2, 3, ..., m — 1 butnot for j = 1 or j = m. At these points
we must use methods with only one point in the stencil to the left or right, respectively.
Suitable formulas can again be found using £dcoef £V; for example,

1
W[11U0—20U1 + 6U, + 4U; — Uy (2.110)

is a third order accurate formula for u”(x) and

12h2[10U0—15U1—4U2+14U3—6U4+U5] (2.111)
is fourth order accurate. As in the case of the second order methods discussed above, we
can typically get away with one less order at one point near the boundary, but somewhat
better accuracy is expected if (2.111) is used.

These methods are easily extended to nonuniform grids using the same approach
as in Section 2.18. The matrix is essentially pentadiagonal except in the first and last two
rows, and using sparse matrix storage ensures that the system is solved in O(m) operations.
Fourth order accuracy is observed as long as the grid is smoothly varying.

2.20.2 Extrapolation methods

Another approach to obtaining fourth order accuracy is to use the second order accurate
method on two different grids, with spacing / (the coarse grid) and /2/2 (the fine grid), and
then to extrapolate in / to obtain a better approximation on the coarse grid that turns out to
have O(h*) errors for this problem.

Denote the coarse grid solution by

Uj ~u(jh), i=1,2, ..., m,
and the fine grid solution by
Vi ~ u(ih/2), i=12,...,2m+1,

and note that both U; and V,; approximate u(;j/). Because the method is a centered
second order accurate method, it can be shown that the error has the form of an even-order
expansion in powers of /1,

Uj —u(jh) = Coh* + Csh* + Csh® + -+, (2.112)

provided u(x) is sufficiently smooth. The coefficients C, Cy4, ... depend on high order
derivatives of u but are independent of /1 at each fixed point j /. (This follows from the fact
that the local truncation error has an expansion of this form and the fact that the inverse
matrix has columns that are an exact discretization of the Green’s function, as shown in
Section 2.11, but we omit the details of justifying this.)
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On the fine grid we therefore have an error of the form

2 4 6
G (é) + Cy (é) + Cs (é) + e
2 2 2 (2.113)

1 1 1
= _Coh?> + —Cyh* + —Ch® +--- .
4C2 +16C4 +64C6 +

Vaj —u(jh)

The extrapolated value is given by
- 1
Uj = 5(4V2j -Uj), (2.114)

which is chosen so that the 42 term of the errors cancels out and we obtain

Uj —u(jh) = % G - 1) Csh* + O(h®). (2.115)
The result has fourth order accuracy as 4 is reduced and a much smaller error than either
U; or V3 (provided C4h? is not larger than C,, and usually it is much smaller).

Implementing extrapolation requires solving the problem twice, once on the coarse
grid and once on the fine grid, but to obtain similar accuracy with the second order method
alone would require a far finer grid than either of these and therefore much more work.

The extrapolation method is more complicated to implement than the fourth order
method described in Section 2.20.1, and for this simple one-dimensional boundary value
problem it is probably easier to use the fourth order method directly. For more complicated
problems, particularly in more than one dimension, developing a higher order method may
be more difficult and extrapolation is often a powerful tool.

It is also possible to extrapolate further to obtain higher order accurate approxima-
tions. If we also solve the problem on a grid with spacing //4, then this solution can be
combined with V' to obtain a fourth order accurate approximation on the (//2)-grid. This
can be combined with U determined above to eliminate the O(/*) error and obtain a sixth
order accurate approximation on the original grid.

2.20.3 Deferred corrections

Another way to combine two different numerical solutions to obtain a higher order accurate
approximation, called deferred corrections, has the advantage that it solves both of the
problems on the same grid rather than refining the grid as in the extrapolation method.
We first solve the system AU = F of Section 2.4 to obtain the second order accurate
approximation U . Recall that the global error £ = U — U satisfies the difference equation
(2.15),

AE = —1, (2.116)

where 7 is the local truncation error. Suppose we knew the vector t. Then we could solve
the system (2.116) to obtain the global error £ and hence obtain the exact solution U as
U = U — E. We cannot do this exactly because the local truncation error has the form

1
T = Bhzu””(xj) + O(h*)
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and depends on the exact solution, which we do not know. However, from the approximate
solution U we can estimate T by approximating the fourth derivative of U .

For the simple problem u”(x) = f(x) that we are now considering we have u”"(x) =
S (x), and so the local truncation error can be estimated directly from the given function
f(x). In fact for this simple problem we can avoid solving the problem twice by simply
modifying the right-hand side of the original problem AU = F by setting

1
Fj = f(xj) + 3 7 (x)) 2.117)

with boundary terms added at j = 1 and j = m. Solving AU = F then gives a fourth
order accurate solution directly. An analogue of this for the two-dimensional Poisson prob-
lem is discussed in Section 3.5.

For other problems, we would typically have to use the computed solution U to
estimate 7; and then solve a second problem to estimate E. This general approach is called
the method of deferred corrections. In summary, the procedure is to use the approximate
solution to estimate the local truncation error and then solve an auxiliary problem of the
form (2.116) to estimate the global error. The global error estimate can then be used to
improve the approximate solution. For more details see, e.g., [54], [4].

2.21 Spectral methods

The term spectral method generally refers to a numerical method that is capable (under
suitable smoothness conditions) of converging at a rate that is faster than polynomial in the
mesh width /. Originally the term was more precisely defined. In the classical spectral
method the solution to the differential equation is approximated by a function U(x) that is
a linear combination of a finite set of orthogonal basis functions, say,

N
Ux) =Y _c;¢j(x). (2.118)
j=1

and the coefficients chosen to minimize an appropriate norm of the residual function (=
U”(x) — f(x) for the simple BVP (2.4)). This is sometimes called a Galerkin approach.
The method we discuss in this section takes a different approach and can be viewed as
expressing U(x) as in (2.118) but then requiring U"(x;) = f(x;) at N — 2 grid points,
along with the two boundary conditions. The differential equation will be exactly satisfied
at the grid points by the function U(x), although in between the grid points the ODE
generally will not be satisfied. This is called collocation and the method presented below
is sometimes called a spectral collocation or pseudospectral method.

In Section 2.20.1 we observed that the second order accurate method could be ex-
tended to obtain fourth order accuracy by using more points in the stencil at every grid
point, yielding better approximations to the second derivative. We can increase the order
further by using even wider stencils.

Suppose we take this idea to its logical conclusion and use the data at all the grid
points in the domain in order to approximate the derivative at each point. This is easy to
try in MATLAB using a simple extension of the approach discussed in Example 2.3. For
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the test problem considered with a Neumann boundary condition at the left boundary and
a Dirichlet condition at the right, the code from Example 2.3 can be rewritten to use all the
grid values in every stencil as

[}

A = zeros (mt2); % A is dense
% first row for Neumann BC, approximates u’ (x(1))
1,:) = fdcoeffF (1, x(1), x);
% interior rows approximate u’’ (x(i))
for i=2:m+1
A(i,:) = fdcoeffF (2, x(i), x);
end
% last row for Dirichlet BC, approximates u(x(m+2))
A(m+2,:) = fdcoeffF(0,x(m+2),x);

We have also switched from using £ dcoef £V to the more stable fdcoef £F, as discussed
in Section 1.5.

Note that the matrix will now be dense, since each finite difference stencil involves
all the grid points. Recall that x is a vector of length m + 2 containing all the grid points,
so each vector returned by a call to fdcoef £F is a full row of the matrix A.

If we apply the resulting 4 to a vector U = [U; Uy -+-Upy2]”, the values in
W = AU will simply be

Wi = p'(x1).
Wi =p'(x;) fori=2, ...,m+1, (2.119)

Witz = p(Xm+2),

where we’re now using the MATLAB indexing convention as in the code and p(x) is the
unique polynomial of degree m + 1 that interpolates the m + 2 data points in U. The same
high degree polynomial is used to approximate the derivatives at every grid point.

What sort of accuracy might we hope for? Interpolation through n points generally
gives O(h"~2) accuracy for the second derivative, or one higher order if the stencil is
symmetric. We are now interpolating through m + 2 points, where m = O(1/h), as we
refine the grid, so we might hope that the approximation is O(h'/") accurate. Note that
h'/" approaches zero faster than any fixed power of / as & — 0. So we might expect very
rapid convergence and small errors.

However, it is not at all clear that we will really achieve the accuracy suggested by
the argument above, since increasing the number of interpolation points spread over a fixed
interval as 1 — 0 is qualitatively different than interpolating at a fixed number of points
that are all approaching a single point as # — 0. In particular, if we take the points x;
to be equally spaced, then we generally expect to obtain disastrous results. High order
polynomial interpolation at equally spaced points on a fixed interval typically leads to a
highly oscillatory polynomial that does not approximate the underlying smooth function
well at all away from the interpolation points (the Runge phenomenon), and it becomes
exponentially worse as the grid is refined and the degree increases. Approximating second
derivatives by twice differentiating such a function would not be wise and would lead to an
unstable method.
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This idea can be saved, however, by choosing the grid points to be clustered near the
ends of the interval in a particular manner. A very popular choice, which can be shown to
be optimal in a certain sense, is to use the extreme points of the Chebyshev polynomial of
degree m + 1, shifted to the interval [a, b]. The expression (B.25) in Appendix B gives the
extreme points of 7, (x) on the interval [—1, 1]. Shifting to the desired interval, changing
m to m + 1, and reordering them properly gives the Chebyshev grid points

1
Xi=a+ E(b —a)(1 +cos(n(l —z))) fori=0,1,..., m+1, (2.120)

where the z; are again m + 2 equally spaced points in the unit interval, z; = i/(m + 1) for
i=0,1, ..., m+ 1.

The resulting method is called a Chebyshev spectral method (or pseudospectral/
spectral collocation method). For many problems these methods give remarkably good
accuracy with relatively few grid points. This is certainly true for the simple boundary
value problem u”(x) = f(x), as the following example illustrates.

Example 2.4. Figure 2.9 shows the error as a function of / for three methods we
have discussed on the simplest BVP of the form

u'(x) =e* for0<x <3,

2.121)
u(0) = -5, u(3) =3.

The error behaves in a textbook fashion: the errors for the second order method of Sec-
tion 2.4 lie on a line with slope 2 (in this log-log plot), and those obtained with the fourth
order method of Section 2.20.1 lie on a line with slope 4. The Chebyshev pseudospec-
tral method behaves extremely well for this problem; an error less than 107 is already

—+—2nd order
~12 —o— 4th order
—— pseudospectral

_3 -2 —1 0
10 10 10 10
h

Figure 2.9. Error as a function of h for two finite difference methods and the
Chebyshev pseudospectral method on (2.121).
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observed on the coarsest grid (with m = 10) and rounding errors become a problem by
m = 20. The finest grids used for the finite difference methods in this figure had m = 320
points.

For many problems, spectral or pseudospectral methods are well suited and should be
seriously considered, although they can have difficulties of their own on realistic nonlinear
problems in complicated geometries, or for problems where the solution is not sufficiently
smooth. In fact the solution is required to be analytic in some region of the complex plane
surrounding the interval over which the solution is being computed in order to get full
“spectral accuracy.”

Note that the polynomial p(x) in (2.119) is exactly the function U(x) from (2.118),
although in the way we have presented the method we do not explicitly compute the coef-
ficients of this polynomial in terms of polynomial basis functions. One could compute this
interpolating polynomial if desired once the grid values U; are known. This may be useful
if one needs to approximate the solution u(x) at many more points in the interval than were
used in solving the BVP.

For some problems it is natural to use Fourier series representations for the function
U(x) in (2.118) rather than polynomials, in particular for problems with periodic boundary
conditions. In this case the dense matrix systems that arise can generally be solved using
fast Fourier transform (FFT) algorithms. The FFT also can be used in solving problems
with Chebyshev polynomials because of the close relation between these polynomials and
trigonometric functions, as discussed briefly in Section B.3.2. In many applications, how-
ever, a spectral method uses sufficiently few grid points that using direct solvers (Gaussian
elimination) is a reasonable approach.

The analysis and proper application of pseudospectral methods goes well beyond the
scope of this book. See, for example, [10], [14], [29], [38], or [90] for more thorough
introductions to spectral methods.

Note also that spectral approximation of derivatives often is applied only in spatial
dimensions. For time-dependent problems, a time-stepping procedure is often based on
finite difference methods, of the sort developed in Part II of this book. For PDEs this time
stepping may be coupled with a spectral approximation of the spatial derivatives, a topic we
briefly touch on in Sections 9.9 and 10.13. One time-stepping procedure that has the flavor
of a spectral procedure in time is the recent spectral deferred correction method presented
in [28].
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Chapter 3

Elliptic Equations

In more than one space dimension, the steady-state equations discussed in Chapter 2 gen-
eralize naturally to elliptic partial differential equations, as discussed in Section E.1.2. In
two space dimensions a constant-coefficient elliptic equation has the form

A1Uxx + Aolixy + aslyy + sy + asuy + agi = f, 3.1
where the coefficients a1, a», as satisfy
a3 —4aya; < 0. (3.2)

This equation must be satisfied for all (x, y) in some region of the plane €2, together with
some boundary conditions on €2, the boundary of 2. For example, we may have Dirichlet
boundary conditions in which case u(x, y) is given at all points (x, y) € d€2. If the ellip-
ticity condition (3.2) is satisfied, then this gives a well-posed problem. If the coefficients
vary with x and y, then the ellipticity condition must be satisfied at each point in €.

3.1 Steady-state heat conduction

Equations of elliptic character often arise as steady-state equations in some region of space,
associated with some time-dependent physical problem. For example, the diffusion or heat
conduction equation in two space dimensions takes the form

ur = (Kix)x + (Kuy)y + ¥, (3.3)

where k(x, y) > 0 is a diffusion or heat conduction coefficient that may vary with x and
v, and ¥ (x, y,t) is a source term. The solution u(x, y, ¢) generally will vary with time
as well as space. We also need initial conditions u(x, y, 0) in 2 and boundary conditions
at each point in time at every point on the boundary of 2. If the boundary conditions and
source terms are independent of time, then we expect a steady state to exist, which we can
find by solving the elliptic equation

(kux)x + (kuy)y = f, 34

59
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where again we set f(x, y) = —¥ (x, »), together with the boundary conditions. Note that
(3.2) is satisfied at each point, provided k¥ > 0 everywhere.
We first consider the simplest case where k = 1. We then have the Poisson problem

Uxx +Uyy = f. (3.5)
In the special case f = 0, this reduces to Laplace’s equation,
Uxx +Uyy = 0. 3.6)

We also need to specify boundary conditions all around the boundary of the region €.
These could be Dirichlet conditions, where the temperature u(x, y) is specified at each
point on the boundary, or Neumann conditions, where the normal derivative (the heat flux)
is specified. We may have Dirichlet conditions specified at some points on the boundary
and Neumann conditions at other points.

In one space dimension the corresponding Laplace’s equation u”(x) = 0 is trivial:
the solution is a linear function connecting the two boundary values. In two dimensions
even this simple equation in nontrivial to solve, since boundary values can now be speci-
fied at every point along the curve defining the boundary. Solutions to Laplace’s equation
are called harmonic functions. You may recall from complex analysis that if g(z) is any
complex analytic function of z = x 4 iy, then the real and imaginary parts of this function
are harmonic. For example, g(z) = z? = (x? — y?) + 2ixy is analytic and the functions
x2 — y? and 2xy are both harmonic.

The operator V2 defined by

V2U =ty + Uyy
is called the Laplacian. The notation V2 comes from the fact that, more generally,
(kux)x + (kuy)y =V - (kVu),

where Vu is the gradient of u,

u
Vu = x i| , 3.7
[ Uy
and V- is the divergence operator,
u
V. v = Uy + Vy. 3.8)

The symbol A is also often used for the Laplacian but would lead to confusion in numerical
work where Ax and Ay are often used for grid spacing.

3.2 The 5-point stencil for the Laplacian

To discuss discretizations, first consider the Poisson problem (3.5) on the unit square 0 <
x = 1,0 < y =< 1 and suppose we have Dirichlet boundary conditions. We will use a
uniform Cartesian grid consisting of grid points (x;, y;), where x; = i Ax and y; = jAy.
A section of such a grid is shown in Figure 3.1.
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Vi+2 Vi+2

1 1 4 1
Yi+1 Yi+1

1 |4 1 4 20 |4
Vi Vi

1 1 4 |1
Yi-1 Yi-1
Yj-2 Yj-2

(a) Xi—2  Xi-1 Xi X1 Xig2 (D) Xi—2  Xi—1 Xi  Xi41 Xi42

Figure 3.1. Portion of the computational grid for a two-dimensional elliptic equa-
tion. (a) The 5-point stencil for the Laplacian about the point (i, j) is also indicated. (b)
The 9-point stencil is indicated, which is discussed in Section 3.5.

Let u;; represent an approximation to u(x;, y;). To discretize (3.5) we replace the
x- and y-derivatives with centered finite differences, which gives

1

1
—(Ax)z Wic1,; —2uij +uiy1,j) + —— Wij—1 —2uij +uij+1) = fij. (3.9)

(Ay)?
For simplicity of notation we will consider the special case where Ax = Ay = /, although
it is easy to handle the general case. We can then rewrite (3.9) as

1
h_z(”i—l,j Fuigr,j Fuijo1 Fuijr —4ui) = fij. (3.10)

This finite difference scheme can be represented by the 5-point stencil shown in Figure 3.1.
We have both an unknown #;; and an equation of the form (3.10) at each of m? grid points
fori =1,2, ..., mand j =1, 2, ..., m,where h = 1/(m + 1) as in one dimension.
We thus have a linear system of m? unknowns. The difference equations at points near the
boundary will of course involve the known boundary values, just as in the one-dimensional
case, which can be moved to the right-hand side.

3.3 Ordering the unknowns and equations

If we collect all these equations together into a matrix equation, we will have an m? x

m? matrix that is very sparse, i.e., most of the elements are zero. Since each equation
involves at most five unknowns (fewer near the boundary), each row of the matrix has at
most five nonzeros and at least m? — 5 elements that are zero. This is analogous to the
tridiagonal matrix (2.9) seen in the one-dimensional case, in which each row has at most
three nonzeros.

Recall from Section 2.14 that the structure of the matrix depends on the order we
choose to enumerate the unknowns. Unfortunately, in two space dimensions the struc-
ture of the matrix is not as compact as in one dimension, no matter how we order the
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62 Chapter 3. Elliptic Equations

unknowns, and the nonzeros cannot be as nicely clustered near the main diagonal. One
obvious choice is the natural rowwise ordering, where we take the unknowns along the

bottom row, uy1, 21, 431, ..., Umi, followed by the unknowns in the second row,
Uiz, U2, ...,Uma, and so on, as illustrated in Figure 3.2(a). The vector of unknowns
is partitioned as
M[I] ulj
M[Z] A uzj
U= . ., where ul/l = . . (3.11)
This gives a matrix equation where A has the form
T 1
: 1 T 1
_ 1 7T I
A= 7 . . . , (3.12)
1 T

which is an m x m block tridiagonal matrix in which each block T or I is itself an m x m
matrix,

and 7 is the m x m identity matrix. While this has a nice structure, the 1 values in the /
matrices are separated from the diagonal by 71— 1 zeros, since these coefficients correspond
to grid points lying above or below the central point in the stencil and hence are in the next
or previous row of unknowns.

Another possibility, which has some advantages in the context of certain iterative
methods, is to use the red-black ordering (or checkerboard ordering) shown in Figure 3.2.
This is the two-dimensional analogue of the odd-even ordering that leads to the matrix
(2.63) in one dimension. This ordering is significant because all four neighbors of ared grid
point are black points, and vice versa, and it leads to a matrix equation with the structure

D H Ured _ fred
[ HT D i| [ Uplack i| a [ _fblack i|’ (313)

where D = —%I is a diagonal matrix of dimension m?/2 and H is a banded matrix of
the same dimension with four nonzero diagonals.

When direct methods such as Gaussian elimination are used to solve the system, one
typically wants to order the equations and unknowns so as to reduce the amount of fill-in
during the elimination procedure as much as possible. This is done automatically if the
backslash operator in MATLAB is used to solve the system, provided it is set up using
sparse storage; see Section 3.7.1.
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13 14 15 16 15 7 16 8
9 10 11 12 5 13 6 14
5 6 7 8 11 3 12 4
1 2 3 4 1 9 2 10
(a) (b)

Figure 3.2. (a) The natural rowwise order of unknowns and equations on a 4 x 4
grid. (b) The red-black ordering.

3.4 Accuracy and stability

The discretization of the two-dimensional Poisson problem can be analyzed using exactly
the same approach as we used for the one-dimensional boundary value problem. The local
truncation error 7;; at the (7, j) grid point is defined in the obvious way,

1
Tij = h—z(u(xi—layj)+”(xi+layj)+”(xi,yj—1)+”(xi’yj+1)_4”(xivyj))_f(xiayj),

and by splitting this into the second order difference in the x- and y-directions it is clear
from previous results that

1
tij = Ehz(uxxxx + Myyyy) + 0(/’14)

For this linear system of equations the global error E;; = u;; — u(x;, y;) then solves the
linear system
A"ER = "

just as in one dimension, where A” is now the discretization matrix with mesh spacing 7,
e.g., the matrix (3.12) if the rowwise ordering is used. The method will be globally second
order accurate in some norm provided that it is stable, i.e., that ||(4%)~"| is uniformly
bounded as &7 — 0.

In the 2-norm this is again easy to check for this simple problem, since we can explic-
itly compute the spectral radius of the matrix, as we did in one dimension in Section 2.10.
The eigenvalues and eigenvectors of 4 can now be indexed by two parameters p and k

corresponding to wave numbers in the x- and y-directions for p, k = 1, 2, ..., m. The
(p, q) eigenvector 1?9 has the m? elements
ul*? = sin(pmih)sin(gmjh). (3.14)

ij
The corresponding eigenvalue is

2
hpag = 3 ((cos(prh) = 1) + (cos(gmh) = 1)) (3.15)
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The eigenvalues are strictly negative (A is negative definite) and the one closest to the origin
is
A1 = =272 4 O(h?).

The spectral radius of (4”)~!, which is also the 2-norm, is thus
p((AM™) = 1/h1y ~ —1/272,

Hence the method is stable in the 2-norm.

While we’re at it, let’s also compute the condition number of the matrix Ah, since it
turns out that this is a critical quantity in determining how rapidly certain iterative methods
converge. Recall that the 2-norm condition number is defined by

K2(4) = [[A]l2]l 4712

We've just seen that ||(4%)~! ||, ~ —1/272 for small A, and the norm of A is given by its
spectral radius. The largest eigenvalue of 4 (in magnitude) is

8
Amm & 2
and so
N 4 1

The fact that the matrix becomes very ill-conditioned as we refine the grid is responsible
for the slow-down of iterative methods, as discussed in Chapter 4.

3.5 The 9-point Laplacian

Above we used the 5-point Laplacian, which we will denote by Vszu ij» where this denotes
the left-hand side of equation (3.10). Another possible approximation is the 9-point Lapla-
cian

1

2
Vgu,-j = —[41/[,'_1,]' +duipr,; + dup o1 + dug i

6h? (3.17)

Fuioq o1 F Uit F Uit j—1 F Ui j+1 — 20u5]

as indicated in Figure 3.1. If we apply this to the true solution and expand in Taylor series,
we find that

1
V92”(xia yi) = Viu + Ehz(”xxxx + 2uxxyy + Uyyyy) + 0(h4)
At first glance this discretization looks no better than the 5-point discretization since the
error is still O(h?). However, the additional terms lead to a very nice form for the dominant

error term, since

Uxxxx + 2xxyy + yyyy = V(Viu) = Viu.
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3.5. The 9-point Laplacian 65

This is the Laplacian of the Laplacian of u and V* is called the biharmonic operator. If we
are solving V2u = f, then we have

2
Uxxxx T+ 2Uxxyy + Uyyyy = V7 f.

Hence we can compute the dominant term in the truncation error easily from the known
function f without knowing the true solution u to the problem.

In particular, if we are solving Laplace’s equation, where f = 0, or more gener-
ally if f is a harmonic function, then this term in the local truncation error vanishes and
the 9-point Laplacian would give a fourth order accurate discretization of the differential
equation.

More generally, we can obtain a fourth order accurate method of the form

Vouij = fij (3.18)

for arbitrary smooth functions f(x, y) by defining

hZ
fij = [(xiyj) + EVZf(xi,yj). (3.19)

We can view this as deliberately introducing an O(h?) error into the right-hand side of the
equation that is chosen to cancel the O(/?) part of the local truncation error. Taylor series
expansion easily shows that the local truncation error of the method (3.18) is now O(h*).
This is the two-dimensional analogue of the modification (2.117) that gives fourth order
accuracy for the boundary value problem u”(x) = f(x).

If we have only data f'(x;, y;) at the grid points (but we know that the underlying
function is sufficiently smooth), then we can still achieve fourth order accuracy by using

hZ
Jij = f(xi,p) + Evszf(xia Vi)

instead of (3.19).

This is a trick that often can be used in developing numerical methods—introducing
an “error” into the equations that is carefully chosen to cancel some other error.

Note that the same trick wouldn’t work with the 5-point Laplacian, or at least not as
directly. The form of the truncation error in this method depends on v xxxx =+ #yyyy. There
is no way to compute this directly from the original equation without knowing u. The extra
points in the 9-point stencil convert this into the Laplacian of /', which can be computed if
f is sufficiently smooth.

On the other hand, a two-pass approach could be used with the 5-point stencil, in
which we first estimate u by solving with the standard 5-point scheme to get a second order
accurate estimate of ©. We then use this estimate of u to approximate #yxxx + #yyyy and
then solve a second time with a right-hand side that is modified to eliminate the dominant
term of the local truncation error. This would be more complicated for this particular
problem, but this idea can be used much more generally than the above trick, which depends
on the special form of the Laplacian. This is the method of deferred corrections, already
discussed for one dimension in Section 2.20.3.
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3.6 Other elliptic equations

In Chapter 2 we started with the simplest boundary value problem for the constant coeffi-
cient problem u”(x) = f(x) but then introduced various, more interesting problems, such
as variable coefficients, nonlinear problems, singular perturbation problems, and boundary
or interior layers.

In the multidimensional case we have discussed only the simplest Poisson problem,
which in one dimension reduces to u”(x) = f(x). All the further complications seen in
one dimension can also arise in multidimensional problems. For example, heat conduction
in a heterogeneous two-dimensional domain gives rise to the equation

(ke (x, Y)ux (x, Y))x + ((x, Yy (x, y))y = f(x, p), (3.20)

where k(x, y) is the varying heat conduction coefficient. In any number of space dimen-
sions this equation can be written as

V- «Vu) = f. (3.21)

These problems can be solved by generalizations of the one-dimensional methods. The
terms (k(x, y)ux(x, y))x and (k(x, y)u,(x, y)), can each be discretized as in the one-
dimensional case, again resulting in a 5-point stencil in two dimensions.

Nonlinear elliptic equations also arise in multidimensions, in which case a system of
nonlinear algebraic equations will result from the discretization. A Newton method can be
used as in one dimension, but now in each Newton iteration a large sparse linear system will
have to be solved. Typically the Jacobian matrix has a sparsity pattern similar to those seen
above for linear elliptic equations. See Section 4.5 for a brief discussion of Newton—Krylov
iterative methods for such problems.

In multidimensional problems there is an additional potential complication that is
not seen in one dimension: the domain €2 where the boundary value problem is posed
may not be a simple rectangle as we have supposed in our discussion so far. When the
solution exhibits boundary or interior layers, then we would also like to cluster grid points
or adaptively refine the grid in these regions. This often presents a significant challenge
that we will not tackle in this book.

3.7 Solving the linear system

Two fundamentally different approaches could be used for solving the large linear systems
that arise from discretizing elliptic equations. A direct method such as Gaussian elimination
produces an exact solution (or at least would in exact arithmetic) in a finite number of
operations. An iterative method starts with an initial guess for the solution and attempts to
improve it through some iterative procedure, halting after a sufficiently good approximation
has been obtained.

For problems with large sparse matrices, iterative methods are often the method of
choice, and Chapter 4 is devoted to a study of several iterative methods. Here we briefly
consider the operation counts for Gaussian elimination to see the potential pitfalls of this
approach.

It should be noted, however, that on current computers direct methods can be suc-
cessfully used for quite large problems, provided appropriate sparse storage and efficient

2007/6/1
page 66

e



3.7. Solving the linear system 67

elimination procedures are used. See Section 3.7.1 for some comments on setting up sparse
matrices such as (3.12) in MATLAB.

It is well known (see, e.g., [35], [82], [91]) that for a general N x N dense matrix
(one with few elements equal to zero), performing Gaussian elimination requires O(N ?)
operations. (There are N(N — 1)/2 = O(N?) elements below the diagonal to eliminate,
and eliminating each one requires O(/NV) operations to take a linear combination of the
TOWS.)

Applying a general Gaussian elimination program blindly to the matrices we are
now dealing with would be disastrous, or at best extremely wasteful of computer resources.
Suppose we are solving the three-dimensional Poisson problem on a 100x 100x 100 grid—
a modest problem these days. Then N = m3 = 10% and N* = 10'%. On a reasonably fast
desktop that can do on the order of 10! floating point operations per second (10 gigaflops),
this would take on the order of 10% seconds, which is more than 3 years. More sophisticated
methods can solve this problem in seconds.

Moreover, even if speed were not an issue, memory would be. Storing the full matrix
A in order to modify the elements and produce L and U would require N > memory loca-
tions. In 8-byte arithmetic this requires 8 N 2 bytes. For the problem mentioned above, this
would be 8 x 102 bytes, or eight terabytes. One advantage of iterative methods is that they
do not store the matrix at all and at most need to store the nonzero elements.

Of course with Gaussian elimination it would be foolish to store all the elements of
a sparse matrix, since the vast majority are zero, or to apply the procedure blindly without
taking advantage of the fact that so many elements are already zero and hence do not need
to be eliminated.

As an extreme example, consider the one-dimensional case where we have a tridi-
agonal matrix as in (2.9). Applying Gaussian elimination requires eliminating only the
nonzeros along the subdiagonal, only N — 1 values instead of N(N — 1)/2. Moreover,
when we take linear combinations of rows in the course of eliminating these values, in
most columns we will be taking linear combinations of zeros, producing zero again. If we
do not do pivoting, then only the diagonal elements are modified. Even with partial pivot-
ing, at most we will introduce one extra superdiagonal of nonzeros in the upper triangular
U that were not present in A. As a result, it is easy to see that applying Gaussian elimina-
tion to an m x m tridiagonal system requires only O(m) operations, not O(m?), and that
the storage required is O(m) rather than O(m?).

Note that this is the best we could hope for in one dimension, at least in terms of the
order of magnitude. There are m unknowns and even if we had exact formulas for these
values, it would require O(m) work to evaluate them and O(m) storage to save them.

In two space dimensions we can also take advantage of the sparsity and structure
of the matrix to greatly reduce the storage and work required with Gaussian elimination,
although not to the minimum that one might hope to attain. On an m x m grid there are
N = m? unknowns, so the best one could hope for is an algorithm that computes the
solution in O(N) = O(m?) work using O(m?) storage. Unfortunately, this cannot be
achieved with a direct method.

One approach that is better than working with the full matrix is to observe that the 4
is a banded matrix with bandwidth m both above and below the diagonal. Since a general
N x N banded matrix with @ nonzero bands above the diagonal and » below the diagonal
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can be factored in O(Nab) operations, this results in an operation count of O(m*) for the
two-dimensional Poisson problem.

A more sophisticated approach that takes more advantage of the special structure (and
the fact that there are already many zeros within the bandwidth) is the nested dissection
algorithm [34]. This algorithm requires O(m?3) operations in two dimensions. It turns out
this is the best that can be achieved with a direct method based on Gaussian elimination.
George proved (see [34]) that any elimination method for solving this problem requires at
least O(m3) operations.

For certain special problems, very fast direct methods can be used, which are much
better than standard Gaussian elimination. In particular, for the Poisson problem on a
rectangular domain there are fast Poisson solvers based on the fast Fourier transform that
can solve on an m x m grid in two dimensions in O(m? logm) operations, which is nearly
optimal. See [87] for a review of this approach.

3.7.1 Sparse storage in MATLAB

If you are going to work in MATLAB with sparse matrices arising from finite difference
methods, it is important to understand and use the sparse matrix commands that set up
matrices using sparse storage, so that only the nonzeros are stored. Type help sparse
to get started.

As one example, the matrix of (3.12) can be formed in MATLAB by the commands

= eye(m) ;

= ones(m,1);

= spdiags([e -4*e e],[-1 0 1],m,m);
= spdiags([e el, [-1 1],m,m);
(kron(I,T) + kron(S,I))/h"2;

™m0 H

The spy (A) command is also useful for looking at the nonzero structure of a matrix.

The backslash command in MATLAB can be used to solve systems using sparse
storage, and it implements highly efficient direct methods using sophisticated algorithms
for dynamically ordering the equations to minimize fill-in, as described by Davis [24].
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Chapter 4

Iterative Methods for
Sparse Linear Systems

This chapter contains an overview of several iterative methods for solving the large sparse
linear systems that arise from discretizing elliptic equations. Large sparse linear systems
arise from many other practical problems, too, of course, and the methods discussed here
are useful in other contexts as well. Except when the matrix has very special structure and
fast direct methods of the type discussed in Section 3.7 apply, iterative methods are usually
the method of choice for large sparse linear systems.

The classical Jacobi, Gauss—Seidel, and successive overrelaxation (SOR) methods
are introduced and briefly discussed. The bulk of the chapter, however, concerns more
modern methods for solving linear systems that are typically much more effective for large-
scale problems: preconditioned conjugate-gradient (CG) methods, Krylov space methods
such as generalized minimum residual (GMRES), and multigrid methods.

4.1 Jacobi and Gauss—Seidel

In this section two classical iterative methods, Jacobi and Gauss—Seidel, are introduced to
illustrate the main issues. It should be stressed at the beginning that these are poor methods
in general which converge very slowly when used as standalone methods, but they have
the virtue of being simple to explain. Moreover, these methods are sometimes used as
building blocks in more sophisticated methods, e.g., Jacobi may be used as a smoother for
the multigrid method, as discussed in Section 4.6.

We again consider the Poisson problem where we have the system of equations
(3.10). We can rewrite this equation as

1 h?
ujj = Z(”i—l,j + Ui, Ui+ Ui 1) — Tfij- 4.1

In particular, note that for Laplace’s equation (where f;; = 0), this simply states that the
value of u at each grid point should be the average of its four neighbors. This is the discrete
analogue of the well-known fact that a harmonic function has the following property: the
value at any point (x, ) is equal to the average value around a closed curve containing the
point, in the limit as the curve shrinks to the point. Physically this also makes sense if we

69

2007/6/1
page 69

e



70 Chapter 4. lterative Methods for Sparse Linear Systems

think of the heat equation. Unless the temperature at this point is equal to the average of
the temperature at neighboring points, there will be a net flow of heat toward or away from
this point.

The equation (4.1) suggests the following iterative method to produce a new estimate
ut*+1 from a current guess ulkl:

2
k+1] _ 1 (1 (k] (k] (k] h
uj = Z(”i—l,j gyt +ui,j+1)—7f,-j. (4.2)
This is the Jacobi iteration for the Poisson problem, and it can be shown that for this
particular problem it converges from any initial guess u[%! (although very slowly).

Here is a short section of MATLAB code that implements the main part of this itera-
tion:

for iter=0:maxiter
for j=2: (m+1)
for i=2: (m+1)
unew (i,j) = 0.25*(u(i-1,3) + u(i+1,3) + .
u(i,j-1) + u(i,j+1) - h"2 * £(i,3));
end
end
u = unew;
end

Here it is assumed that u initially contains the guess ul® and that boundary data are stored
inu(l,:), u(m+2,:), u(:,1), and u(:,m+2). The indexingis off by 1 from
what might be expected since MATLAB begins arrays with index 1, not 0.

Note that one might be tempted to dispense with the variable unew and replace the
above code with

for iter=0:maxiter
for j=2: (m+1)
for i=2: (m+1)
u(i,j) = 0.25*(u(i-1,3) + u(i+1,3j) +
u(i,j-1) + u(i,j+1) - h"2 * £(i,3));
end
end
end

This would not give the same results, however. In the correct code for Jacobi we
compute new values of u based entirely on old data from the previous iteration, as required
from (4.2). In the second code we have already updated u(i-1,3j) and u(i,j-1)
before updating u (i, j), and these new values will be used instead of the old ones. The
latter code thus corresponds to the method

1 h?
[k+1] _ [k+1] [k] [k+1] [k]
“ij =3 (ui—l,j T Uiy T T ”i,j+1) — 5 i 3)

This is what is known as the Gauss—Seidel method, and it would be a lucky coding er-
ror since this method generally converges about twice as fast as Jacobi does. The Jacobi
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method is sometimes called the method of simultaneous displacements, while Gauss—Seidel
is known as the method of successive displacements. Later we’ll see that Gauss—Seidel can
be improved by using SOR.

Note that if one actually wants to implement Jacobi in MATLAB, looping over i and
J 1is quite slow and it is much better to write the code in vectorized form, e.g.,

I = 2:(m+l);
J 2: (m+1);
for iter=0:maxiter
u(I,J) = 0.25*(u(r-1,J) + u(I+1,J) + u(r,J-1)
+ u(I,J+1) - h"2 * £(1,J));

end

It is somewhat harder to implement Gauss—Seidel in vectorized form.
Convergence of these methods will be discussed in Section 4.2. First we note some
important features of these iterative methods:

e The matrix 4 is never stored. In fact, for this simple constant coefficient problem, we
don’t even store all the 5m? nonzeros which all have the value 1/ 4% or —4/h?. The
values 0.25 and /2 in the code are the only values that are “stored.” (For a variable
coefficient problem where the coefficients are different at each point, we would in
general have to store all the nonzeros.)

e Hence the storage is optimal—essentially only the 72 solution values are stored in
the Gauss—Seidel method. The above code for Jacobi uses 2m? since unew is stored
as well as u, but one could eliminate most of this with more careful coding.

e Each iteration requires O(m?) work. The total work required will depend on how
many iterations are required to reach the desired level of accuracy. We will see that
with these particular methods we require O(m? logm) iterations to reach a level of
accuracy consistent with the expected global error in the solution (as 4 — 0 we
should require more accuracy in the solution to the linear system). Combining this
with the work per iteration gives a total operation count of O(m* logm). This looks
worse than Gaussian elimination with a banded solver, although since logm grows
so slowly with m it is not clear which is really more expensive for a realistic-size
matrix. (And the iterative method definitely saves on storage.)

Other iterative methods also typically require O(m?) work per iteration but may
converge much faster and hence result in less overall work. The ideal would be to converge
in a number of iterations that is independent of / so that the total work is simply O(m?).
Multigrid methods (see Section 4.6) can achieve this, not only for Poisson’s problem but
also for many other elliptic equations.

4.2 Analysis of matrix splitting methods

In this section we study the convergence of the Jacobi and Gauss—Seidel methods. As a
simple example we will consider the one-dimensional analogue of the Poisson problem,
u”(x) = f(x) as discussed in Chapter 2. Then we have a tridiagonal system of equations
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(2.9) to solve. In practice we would never use an iterative method for this system, since
it can be solved directly by Gaussian elimination in O(m) operations, but it is easier to
illustrate the iterative methods in the one-dimensional case, and all the analysis done here
carries over almost unchanged to the two-dimensional and three-dimensional cases.

The Jacobi and Gauss—Seidel methods for this problem take the form

. k Lk k
Jacobi uE = 3 (ME_]I + ”54]1 - hzfi) ) (4.4)
1
Gauss—Seidel uEkH] =3 (uEk_Tl] + ”EﬁL — hzf,-) . 4.5)
Both methods can be analyzed by viewing them as based on a splitting of the matrix A into
A=M—N, (4.6)

where M and N are two m x m matrices. Then the system Au = f can be written as
Mu—Nu=f =— Mu=Nu+ f,
which suggests the iterative method
Muk 1 = N[k 4 7, (4.7)

In each iteration we assume u!%] is known and we obtain u!¥+1] by solving a linear system
with the matrix M. The basic idea is to define the splitting so that M contains as much
of A as possible (in some sense) while keeping its structure sufficiently simple that the
system (4.7) is much easier to solve than the original system with the full 4. Since systems
involving diagonal, lower, or upper triangular matrices are relatively simple to solve, there
are some obvious choices for the matrix M . To discuss these in a unified framework, write

A=D-L-U (4.8)

in general, where D is the diagonal of 4, —L is the strictly lower triangular part, and —U
is the strictly upper triangular part. For example, the tridiagonal matrix (2.10) would give

-2 0 0 0
IVO -2 0 —‘ lrl 0 0 —‘
’ 0 -2 0 |

D=— . L=——

1 1
/12 | ... ... ... | 12 |

0o -2 0 1 0 0
0 =2 1 0
with —U = —LT being the remainder of A.
In the Jacobi method, we simply take M to be the diagonal part of A, M = D, so

=

that

—_ O
—_—O =
—
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The system (4.7) is then diagonal and extremely easy to solve:

0 1

1 0 1
1 1 0 1 h2
ulfl = o b-=7. (4.9)

which agrees with (4.4).

In Gauss—Seidel, we take M to be the full lower triangular portion of 4, so M =
D — L and N = U. The system (4.7) is then solved using forward substitution, which
results in (4.5).

To analyze these methods, we derive from (4.7) the update formula

w1 = MU NG

(4.10)
= GuM + ¢,
where G = M~ N is the iteration matrixand ¢ = M~ f.
Let u™ represent the true solution to the system Au = f. Then
u* = Gu* +c. (4.11)

This shows that the true solution is a fixed point, or equilibrium, of the iteration (4.10),
i.e., if ulkl = u*, then ulk 11 = y* ag well. However, it is not clear that this is a stable
equilibrium, i.e., that we would converge toward u™ if we start from some incorrect initial
guess.

If elkl = g lk] — 3> represents the error, then subtracting (4.11) from (4.10) gives

ekt — Gelkl,
and so after k steps we have
elkl = gk elol, (4.12)

From this we can see that the method will converge from any initial guess #[%, provided
Gk — 0 (an m x m matrix of zeros) as k — co. When is this true?
For simplicity, assume that G is a diagonalizable matrix, so that we can write

G = RTR!,

where R is the matrix of right eigenvectors of G and I is a diagonal matrix of eigenvalues
Y1s Y2, ---» Ym. Then

Gk = RT¥FR1, (4.13)
where f
"1 )
rk = &
vk
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Clearly the method converges if |y,| < 1 forall p =1, 2,..., m,ie.,if p(G) < 1, where
p is the spectral radius. See Appendix D for a more general discussion of the asymptotic
properties of matrix powers.

4.2.1 Rate of convergence

From (4.12) we can also determine how rapidly the method can be expected to converge in
cases where it is convergent. Using (4.13) in (4.12) and using the 2-norm, we obtain

le™ o < IT¥[ | RN R 2112 = pFie2 (R) €L, (4.14)

where p = p(G), and k2(R) = || R||2||R™!||2 is the condition number of the eigenvector
matrix.

If the matrix G is a normal matrix (see Section C.4), then the eigenvectors are or-
thogonal and k,(R) = 1. In this case we have

le®ll2 = p*fe! 2. (“4.15)

If G is nonnormal, then the spectral radius of G' gives information about the asymp-
totic rate of convergence as k — oo but may not give a good indication of the behavior
of the error for small k. See Section D.4 for more discussion of powers of nonnormal ma-
trices and see Chapters 24—27 of [92] for some discussion of iterative methods on highly
nonnormal problems.

Note: These methods are linearly convergent, in the sense that |[e/*T1]| < p| el
and it is the first power of ||e[¥]| that appears on the right. Recall that Newton’s method is
typically quadratically convergent, and it is the square of the previous error that appears on
the right-hand side. But Newton’s method is for a nonlinear problem and requires solving
a linear system in each iteration. Here we are looking at solving such a linear system.

Example 4.1. For the Jacobi method we have

G=D'D-A)=I-D"4.
If we apply this method to the boundary value problem u” = f, then
G=1+—A.
2

The eigenvectors of this matrix are the same as the eigenvectors of A, and the eigenvalues
are hence

hZ
yp =1+ 7)‘11’
where A, is given by (2.23). So
yp =cos(pmh), p=12, ..., m,
where i = 1/(m + 1). The spectral radius is
1
p(G) = |y1| = cos(rh) ~ 1 — Enzhz + 0(h*). (4.16)
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The spectral radius is less than 1 for any 2 > 0 and the Jacobi method converges. Moreover,
the G matrix for Jacobi is symmetric as seen in (4.9), and so (4.15) holds and the error is
monotonically decreasing at a rate given precisely by the spectral radius. Unfortunately,
though, for small / this value is very close to 1, resulting in very slow convergence.

How many iterations are required to obtain a good solution? Suppose we want to
reduce the error to ||e!*]|| & €||el%)]| (where typically ||e[%}|| is on the order of 1)."! Then we
want ,ok ~ € and so

k ~ log(€)/ log(p). (4.17)

How small should we choose €? To get full machine precision we might choose € to be
close to the machine round-off level. However, this typically would be very wasteful. For
one thing, we rarely need this many correct digits. More important, however, we should
keep in mind that even the exact solution u* of the linear system Au = f is only an
approximate solution of the differential equation we are actually solving. If we are using a
second order accurate method, as in this example, then u} differs from u(x;) by something
on the order of 4% and so we cannot achieve better accuracy than this no matter how well
we solve the linear system. In practice we should thus take € to be something related to the
expected global error in the solution, e.g., ¢ = Ch? for some fixed C.

To estimate the order of work required asymptotically as 7 — 0, we see that the
above choice gives

k = (log(C) + 21og(h))/ log(p). (4.18)

For Jacobi on the boundary value problem we have p ~ 1 — %nzhz and hence log(p) =
—%nzhz. Since i = 1/(m + 1), using this in (4.18) gives

k = O(m?logm) as m — oo. (4.19)

Since each iteration requires O(m) work in this one-dimensional problem, the total work
required to solve the problem is

total work = O(m> logm).

Of course this tridiagonal problem can be solved exactly in O(m) work, so we would be
foolish to use an iterative method at all here!

For a Poisson problem in two or three dimensions it can be verified that (4.19) still
holds, although now the work required per iteration is O(m?) or O(m?), respectively, if
there are m grid points in each direction. In two dimensions we would thus find that

total work = O(m* logm). (4.20)

Recall from Section 3.7 that Gaussian elimination on the banded matrix requires O(m*)
operations, while other direct methods can do much better, so Jacobi is still not competitive.
Luckily there are much better iterative methods.

! Assuming we are using some grid function norm, as discussed in Appendix A. Note that for the 2-norm in

one dimension this requires introducing a factor of ~/% in the definitions of both [|le¥1]| and ||el®!]|, but these
factors cancel out in choosing an appropriate €.
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For the Gauss—Seidel method applied to the Poisson problem in any number of space
dimensions, it can be shown that

p(G) =1—m*h*+ O(h*) as h — 0. (4.21)

This still approaches 1 as # — 0, but it is better than (4.16) by a factor of 2, and the number
of iterations required to reach a given tolerance typically will be half the number required
with Jacobi. The order of magnitude figure (4.20) still holds, however, and this method
also is not widely used.

4.2.2 Successive overrelaxation

If we look at how iterates ] behave when Gauss—Seidel is applied to a typical problem,
we will often see that uEkH] is closer to u} than uEk] was, but only by a little bit. The Gauss—
Seidel update moves u; in the right direction but is far too conservative in the amount it
allows u; to move. This suggests that we use the following two-stage update, illustrated

again for the problem u’ = f:
GS 1 k+ k 2
U; ———(ME 11]+u£]1—h f,),

o ()

1

4.22)

where o is some scalar parameter. If @ = 1, then uEkH] = uiGS is the Gauss—Seidel
update. If @ > 1, then we move farther than Gauss—Seidel suggests. In this case the
method is known as successive overrelaxation (SOR).

If w < 1, then we would be underrelaxing, rather than overrelaxing. This would be
even less effective than Gauss—Seidel as a standalone iterative method for most problems,
although underrelaxation is sometimes used in connection with multigrid methods (see
Section 4.6).

The formulas in (4.22) can be combined to yield

k w k k k
uf = (Tl =) + (- o, (4.23)
For a general system Au = f with 4 = D— L —U it can be shown that SOR with forward
sweeps corresponds to a matrix splitting method of the form (4.7) with

M = é(D —wl), N = é((l —w)D +owU). (4.24)

Analyzing this method is considerably trickier than with the Jacobi or Gauss—Seidel
methods because of the form of these matrices. A theorem of Ostrowski states that if A
is symmetric positive definite (SPD) and D — wL is nonsingular, then the SOR method
converges forall 0 < w < 2. Young [105] showed how to find the optimal @ to obtain
the most rapid convergence for a wide class of problems (including the Poisson problem).
This elegant theory can be found in many introductory texts. (For example, see [37], [42],
[96], [106]. See also [67] for a different introductory treatment based on Fourier series
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and modified equations in the sense of Section 10.9, and see [3] for applications of this
approach to the 9-point Laplacian.)

For the Poisson problem in any number of space dimensions it can be shown that the
SOR method converges most rapidly if @ is chosen as

2 2—-2nh
Popt = T sin(eh) i
This is nearly equal to 2 for small /2. One might be tempted to simply set @ = 2 in general,
but this would be a poor choice since SOR does not then converge! In fact the convergence
rate is quite sensitive to the value of w chosen. With the optimal w it can be shown that the
spectral radius of the corresponding G' matrix is

Popt = Wopt — 1 &~ 1 —2mh,

but if w is changed slightly this can deteriorate substantially.

Even with the optimal @ we see that pop; — 1 as 4 — 0, but only linearly in / rather
than quadratically as with Jacobi or Gauss—Seidel. This makes a substantial difference in
practice. The expected number of iterations to converge to the required O(/?) level, the
analogue of (4.19), is now

kopt = O(mlogm).

Figure 4.1 shows some computational results for the methods described above on
the two-point boundary value problem #” = f. The SOR method with optimal w is

Jacobi

Gauss-Seidel

10 1 1 1 1 1 1 1 1 1
0 10 20 30 40 50 60 70 80 920 100

Figure 4.1. Errors versus k for three methods.
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far superior to Gauss—Seidel or Jacobi, at least for this simple problem with a symmetric
coefficient matrix. For more complicated problems it can be difficult to estimate the optimal
w, however, and other approaches are usually preferred.

4.3 Descent methods and conjugate gradients

The CG method is a powerful technique for solving linear systems Au = f when the
matrix 4 is SPD, or negative definite since negating the system then gives an SPD matrix.
This may seem like a severe restriction, but SPD methods arise naturally in many applica-
tions, such as the discretization of elliptic equations. There are several ways to introduce
the CG method and the reader may wish to consult texts such as [39], [79], [91] for other
approaches and more analysis. Here the method is first motivated as a descent method for
solving a minimization problem.
Consider the function ¢ : R” — R defined by

P(u) = %uTAu —uly. (4.25)
This is a quadratic function of the variables u1, ..., u,. For example, if m = 2, then
du) = ¢(ur,uz) = %(allu% + 2anuiuy + axnpul) —ui fi — us fo.
Note that since A4 is symmetric, a1 = aiz. If A4 is positive definite, then plotting ¢ (u) as
a function of u and u, gives a parabolic bowl as shown in Figure 4.2(a). There is a unique

value u™* that minimizes ¢ (1) over all choices of u. At the minimum, the partial derivative
of ¢ with respect to each component of u is zero, which gives the equations

d

37¢ =ajuy +apuzs— f1 =0,

3(]51 (4.26)
—— = axiuy +axnuy — f =0.

31/[2

This is exactly the linear system Au = f that we wish to solve. So finding u™* that solves
this system can equivalently be approached as finding #* to minimize ¢(u). This is true
more generally when u € R™ and 4 € R™*™ is SPD. The function ¢ («) in (4.25) has a
unique minimum at the point u*, where V¢ (u*) = 0, and

Vo) = Au — f, (4.27)

so the minimizer solves the linear system Au = f.

If A is negative definite, then ¢ (u) instead has a unique maximum at u*, which
again solves the linear system. If A is indefinite (neither positive nor negative definite),
i.e., if the eigenvalues of A are not all of the same sign, then the function ¢ (u) still has a
stationary point with V¢ (#*) = 0 at the solution to Au = f, but this is a saddle point
rather than a minimum or maximum, as illustrated in Figure 4.2(b). It is much harder to
find a saddle point than a minimum. An iterative method can find a minimum by always
heading downhill, but if we are looking for a saddle point, it is hard to tell if we need to
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Figure 4.2. (a) The function ¢ (u) for m = 2 in a case where A is symmetric and
positive definite.  (b) The function ¢ (u) for m = 2 in a case where A is symmetric but
indefinite.

head uphill or downbhill from the current approximation. Since the CG method is based on
minimization, it is necessary for the matrix to be SPD. By viewing CG in a different way it
is possible to generalize it and obtain methods that also work on indefinite problems, such
as the GMRES algorithm described in Section 4.4.

4.3.1 The method of steepest descent

As a prelude to studying CG, we first review the method of steepest descent for minimizing
¢(u). As in all iterative methods we start with an initial guess u( and iterate to obtain
ui,us, ... Fornotational convenience we now use subscripts to denote the iteration num-
ber: uy instead of u!*l. This is potentially confusing since normally we use subscripts to
denote components of the vector, but the formulas below get too messy otherwise and we
will not need to refer to the components of the vector in the rest of this chapter.

From one estimate u;_; to u* we wish to obtain a better estimate u; by moving
downhill, based on values of ¢ (u). It seems sensible to move in the direction in which ¢ is
decreasing most rapidly, and go in this direction for as far as we can before ¢ (1) starts to
increase again. This is easy to implement, since the gradient vector V¢ (u) always points
in the direction of most rapid increase of ¢. So we want to set

U = Ug—1 — Ag—1 VP (Up—1) (4.28)
for some scalar ox—1, chosen to solve the minimization problem

min g (ux—1 — aVe(up—1)) . (4.29)

a€R

We expect ay—; > 0 and ax_; = 0 only if we are already at the minimum of ¢, i.e., only
ifur_; =u*.
For the function ¢ (1) in (4.25), the gradient is given by (4.27) and so

Vo(up—1) = Aug—1 — [ = —rp_1, (4.30)

where rp_; = f — Auy_q is the residual vector based on the current approximation uy_ .
To solve the minimization problem (4.29), we compute the derivative with respect to o and
set this to zero. Note that

2007/6/1
page 79

S



80 Chapter 4. lterative Methods for Sparse Linear Systems

o +ar)= (%uTAu — qu) +a@TAu—rTf) + %aerAr (4.31)

and so J
7¢(ud+ or) =rT Au— rTf +arT Ar.
o

Setting this to zero and solving for o gives

VTV

= . 4.32
* rT Ar (4.32)

The steepest descent algorithm thus takes the form

choose a guess ug
fork=1, 2, ...
re—1 = f — Aug—y
if ||rg—1]| is less than some tolerance then stop
T T
-1 = (rj_y7k—1)/(r_; Arg—1)
Ufp = U1 + Cp—1Tk—1
end

Note that implementing this algorithm requires only that we be able to multiply a vector by
A, as with the other iterative methods discussed earlier. We do not need to store the matrix
A, and if A is very sparse, then this multiplication can be done quickly.

It appears that in each iteration we must do two matrix-vector multiplies, Aug_; to
compute 1, and then Arg_; to compute ;. However, note that

re = f—Auk
= f— A(ug—1 + ag—17k—1) (4.33)
=rp_1 —Op_1Arg_q.

So once we have computed Arg_; as needed for a1, we can also use this result to com-
pute rx. A better way to organize the computation is thus:

choose a guess ug
ro = f —Auo
fork =1, 2, ...
Wi—1 = Arg—q
k-1 = L re—0)/ . wie—y)
Uk = Uf—1 + Cf—1Tk—1
Tk = Fg—1 — Qg—1 Wk—1
if || || is less than some tolerance then stop
end

Figure 4.3 shows how this iteration proceeds for a typical case with m = 2. This
figure shows a contour plot of the function ¢(«) in the u;-u, plane (where u; and u»
mean the components of u here), along with several iterates u, of the steepest descent
algorithm. Note that the gradient vector is always orthogonal to the contour lines. We
move along the direction of the gradient (the “search direction” for this algorithm) to the
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Figure 4.3. Several iterates of the method of steepest descent in the case m = 2.
The concentric ellipses are level sets of ¢ (u).

point where ¢ () is minimized along this line. This will occur at the point where this line
is tangent to a contour line. Consequently, the next search direction will be orthogonal to
the current search direction, and in two dimensions we simply alternate between only two
search directions. (Which particular directions depend on the location of u.)

If A is SPD, then the contour lines (level sets of ¢) are always ellipses. How rapidly
this algorithm converges depends on the geometry of these ellipses and on the particular
starting vector u#¢ chosen. Figure 4.4(a) shows the best possible case, where the ellipses are
circles. In this case the iterates converge in one step from any starting guess, since the first
search direction ry generates a line that always passes through the minimum #* from any
point.

Figure 4.4(b) shows a bad case, where the ellipses are long and skinny and the iter-
ation slowly traverses back and forth in this shallow valley searching for the minimum. In
general steepest descent is a slow algorithm, particularly when m is large, and should not
be used in practice. Shortly we will see a way to improve this algorithm dramatically.

The geometry of the level sets of ¢(u) is closely related to the eigenstructure of
the matrix A. In the case m = 2 as shown in Figures 4.3 and 4.4, each ellipse can be
characterized by a major and minor axis, as shown in Figure 4.5 for a typical level set.
The points vy and v, have the property that the gradient V¢ (v;) lies in the direction that
connects v; to the center u*, i.e.,

Avj—fzkj(vj—u*) (434)
for some scalar A ;. Since /= Au*, this gives

Awj —u™) = Aj(v; —u®) (4.35)
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Yy S

(a) // (b)

Figure 4.4. (a) If A is a scalar multiple of the identity, then the level sets of ¢ (u)
are circular and steepest descent converges in one iteration from any initial guess ug. (b)
If the level sets of ¢ (u) are far from circular, then steepest descent may converge slowly.

U1

U2

Figure 4.5. The major and minor axes of the elliptical level set of ¢ (u) point in
the directions of the eigenvectors of A.

and hence each direction v; — u* is an eigenvector of the matrix 4, and the scalar A ; is an
eigenvalue.

If the eigenvalues of A are distinct, then the ellipse is noncircular and there are two
unique directions for which the relation (4.34) holds, since there are two one-dimensional
eigenspaces. Note that these two directions are always orthogonal since a symmetric matrix
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A has orthogonal eigenvectors. If the eigenvalues of A4 are equal, A; = X,, then every
vector is an eigenvector and the level curves of ¢ () are circular. For m = 2 this happens
only if 4 is a multiple of the identity matrix, as in Figure 4.4(a).

The length of the major and minor axes is related to the magnitude of A; and A,.
Suppose that v; and v, lie on the level set along which ¢ (1) = 1, for example. (Note that
ow*) = —%M*TAM* < 0, so this is reasonable.) Then

1
Svj Avj —vj Au” = 1. (4.36)

Taking the inner product of (4.35) with (v; — u*) and combining with (4.36) yields

2 *TA *
Joj — w3 = =2 (437)
J

Hence the ratio of the length of the major axis to the length of the minor axis is

”Ul —u*|2 \/7 \/Z(—A (4.38)

lva —u*]2

where A; < X, and «(A) is the 2-norm condition number of 4. (Recall that in general
k2(A) = max; |A;|/ min; |A;| when A4 is symmetric.)

A multiple of the identity is perfectly conditioned, k, = 1, and has circular level
sets. Steepest descent converges in one iteration. An ill-conditioned matrix (k2 > 1) has
long skinny level sets, and steepest descent may converge very slowly. The example shown
in Figure 4.4(b) has «, = 50, which is not particularly ill-conditioned compared to the
matrices that often arise in solving differential equations.

When m > 2 the level sets of ¢ (u) are ellipsoids in m-dimensional space. Again the
eigenvectors of A determine the directions of the principal axes and the spread in the size
of the eigenvalues determines how stretched the ellipse is in each direction.

4.3.2 The A-conjugate search direction

The steepest descent direction can be generalized by choosing a search direction py_; in
the kth iteration that might be different from the gradient direction r¢_;. Then we set

U = Up—1 + Og—1 Pk—1, (4.39)

where af_; is chosen to minimize ¢ (ur—; + apx—1) over all scalars «. In other words,
we perform a line search along the line through uy_; in the direction pg_; and find the
minimum of ¢ on this line. The solutionis at the point where the line is tangent to a contour
line of ¢, and

T
Pr_1Tk—1
R (4.40)
pk_lApk—l

A bad choice of search direction py_; would be a direction orthogonal to r_, since
then pgx_; would be tangent to the level set of ¢ at uz_;, ¢ (1) could only increase along
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Uo

Figure 4.6. The CG algorithm converges in two iterations from any initial guess
ug in the case m = 2. The two search directions used are A-conjugate.

this line, and so uy = uj—_;. But as long as ka_lrk_l # 0, the new point u; will be
different from u_; and will satisfy ¢ (ug) < ¢(ugx—1).

Intuitively we might suppose that the best choice for px_; would be the direction
of steepest descent rix_1, but Figure 4.4(b) illustrates that this does not always give rapid
convergence. A much better choice, if we could arrange it, would be to choose the direction
Pk—1 to point directly toward the solution #*, as shown in Figure 4.6. Then minimizing ¢
along this line would give ux = u®, in which case we would have converged.

Since we don’t know u*, it seems there is little hope of determining this direction in
general. But in two dimensions (m = 2) it turns out that we can take an arbitrary initial
guess uo and initial search direction po and then from the next iterate u; determine the
direction p; that leads directly to the solution, as illustrated in Figure 4.6. Once we obtain
u1 by the formulas (4.39) and (4.40), we choose the next search direction p; to be a vector
satisfying

pTApo = 0. (4.41)

Below we will show that this is the optimal search direction, leading directly to u, = u*.
When m > 2 we generally cannot converge in two iterations, but we will see below that it
is possible to define an algorithm that converges in at most 7 iterations to the exact solution
(in exact arithmetic, at least).

Two vectors po and p; that satisfy (4.41) are said to be A-conjugate. For any SPD
matrix A, the vectors u and v are A-conjugate if the inner product of u with Av is zero,
uT Av = 0. If A = I, this just means the vectors are orthogonal, and A-conjugacy is a
natural generalization of the notion of orthogonality. This concept is easily explained in
terms of the ellipses that are level sets of the function ¢ (u) defined by (4.25). Consider
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an arbitrary point on an ellipse. The direction tangent to the ellipse at this point and the
direction that points toward the center of the ellipse are always A-conjugate. This is the
fact that allows us to determine the direction toward the center once we know a tangent
direction, which has been achieved by the line search in the first iteration. If 4 = I then
the ellipses are circles and the direction toward the center is simply the radial direction,
which is orthogonal to the tangent direction.

To prove that the two directions shown in Figure 4.6 are A-conjugate, note that the
direction py is tangent to the level set of ¢ at u; and so pg is orthogonal to the residual
ry = f— Au; = A(u* — uy), which yields

PyAW* —uy) =0. (4.42)

On the other hand, u* — u; = ap; for some scalar @ # 0 and using this in (4.42) gives
(4.41).

Now consider the case m = 3, from which the essential features of the general
algorithm will be more apparent. In this case the level sets of the function ¢ (1) are con-
centric ellipsoids, two-dimensional surfaces in R? for which the cross section in any two-
dimensional plane is an ellipse. We start at an arbitrary point u¢ and choose a search
direction pg (typically po = rop, the residual at uy). We minimize ¢(u) along the one-
dimensional line u¢ + apo, which results in the choice (4.40) for g, and we set u; =
Uy + g po- We now choose the search direction p; to be A-conjugate to po. In the pre-
vious example with m = 2 this determined a unique direction, which pointed straight to
u*. With m = 3 there is a two-dimensional space of vectors p; that are A-conjugate to po
(the plane orthogonal to the vector Apg). In the next section we will discuss the full CG
algorithm, where a specific choice is made that is computationally convenient, but for the
moment suppose p; is any vector that is both A-conjugate to pg and also linearly indepen-
dent from po. We again use (4.40) to determine ¢; so that uy; = u; + o p; minimizes
¢ (u) along the line 1 + ap;.

We now make an observation that is crucial to understanding the CG algorithm for
general m. The two vectors po and p; are linearly independent and so they span a plane
that cuts through the ellipsoidal level sets of ¢(u), giving a set of concentric ellipses that
are the contour lines of ¢ (u) within this plane. The fact that py and p; are A-conjugate
means that the point u, lies at the center of these ellipses. In other words, when restricted
to this plane the algorithm so far looks exactly like the m = 2 case illustrated in Figure 4.6.

This means that %, not only minimizes ¢ () over the one-dimensional line #1 + ap;
but in fact minimizes ¢ (u) over the entire two-dimensional plane ug + apo + fp; for all
choices of @ and B (with the minimum occurring at @ = ag and 8 = ).

The next step of the algorithm is to choose a new search direction p, that is A-
conjugate to both py and pq. It is important that it be A-conjugate to both the previous
directions, not just the most recent direction. This defines a unique direction (the line
orthogonal to the plane spanned by 4py and Ap;). We now minimize ¢ (u) over the line
ur + apy to obtain Uz = uy + oz pr (with oy given by (4.40)). It turns out that this
always gives u3 = u™, the center of the ellipsoids and the solution to our original problem
Au = f.

In other words, the direction p, always points from u, directly through the center of
the concentric ellipsoids. This follows from the three-dimensional version of the result we
showed above in two dimensions, that the direction tangent to an ellipse and the direction
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toward the center are always A-conjugate. In the three-dimensional case we have a plane
spanned by po and p; and the point u;, that minimized ¢ (u) over this plane. This plane
must be the tangent plane to the level set of ¢ (1) through u,. This tangent plane is always
A-conjugate to the line connecting u; to u*.

Another way to interpret this process is the following. After one step, #; minimizes
¢ (u) over the one-dimensional line ug + apg. After two steps, #, minimizes ¢ (1) over
the two-dimensional plane ug + apg + Bp1. After three steps, u3 minimizes ¢ (1) over the
three-dimensional space 1o + apo + Bp1 + yp2. But this is all of R? (provided po, pi,
and p, are linearly independent) and so u3 = ug + ®opo + @1 p1 + a2 p> must be the
global minimizer u*.

For m = 3 this procedure always converges in at most three iterations (in exact
arithmetic, at least). It may converge to ™ in fewer iterations. For example, if we happen
to choose an initial guess u( that lies along one of the axes of the ellipsoids, then ry will
already point directly toward u*, and so u; = u™ (although this is rather unlikely).

However, there are certain matrices 4 for which it will always take fewer iterations
no matter what initial guess we choose. For example, if A is a multiple of the identity
matrix, then the level sets of ¢ (1) are concentric circles. In this case ry points toward u*
from any initial guess 1o and we always obtain convergence in one iteration. Note that in
this case all three eigenvalues of 4 are equal, Ay = A, = A3.

In the “generic” case (i.e., a random SPD matrix A4), all the eigenvalues of A are
distinct and three iterations are typically required. An intermediate case is if there are only
two distinct eigenvalues, e.g., A; = Ay # A3. In this case the level sets of ¢ appear circular
when cut by certain planes but appear elliptical when cut at other angles. As we might
suspect, it can be shown that the CG algorithm always converges in at most two iterations
in this case, from any initial u.

This generalizes to the following result for the analogous algorithm in 72 dimensions:
in exact arithmetic, an algorithm based on A-conjugate search directions as discussed above
converges in at most # iterations, where 7 is the number of distinct eigenvalues of the matrix
A e R™™ (n < m).

4.3.3 The conjugate-gradient algorithm

In the above description of algorithms based on A-conjugate search directions we required
that each search direction pj be A-conjugate to all previous search directions, but we did
not make a specific choice for this vector. In this section the full “conjugate gradient al-
gorithm” is presented, in which a specific recipe for each pj is given that has very nice
properties both mathematically and computationally. The CG method was first proposed
in 1952 by Hestenes and Stiefel [46], but it took some time for this and related methods to
be fully understood and widely used. See Golub and O’Leary [36] for some history of the
early developments.

This method has the feature mentioned at the end of the previous section: it always
converges to the exact solution of Au = f in a finite number of iterations # < m (in
exact arithmetic). In this sense it is not really an iterative method mathematically. We can
view it as a “direct method” like Gaussian elimination, in which a finite set of operations
produces the exact solution. If we programmed it to always take m iterations, then in
principle we would always obtain the solution, and with the same asymptotic work estimate
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as for Gaussian elimination (since each iteration takes at most O(m?) operations for matrix-
vector multiplies, giving O(m?) total work). However, there are two good reasons why CG
is better viewed as an iterative method than a direct method:

o In theory it produces the exact solution in # iterations (where 7 is the number of dis-
tinct eigenvalues) but in finite precision arithmetic u, will not be the exact solution,
and may not be substantially better than u,_;. Hence it is not clear that the algorithm
converges at all in finite precision arithmetic, and the full analysis of this turns out to
be quite subtle [39].

e On the other hand, in practice CG frequently “converges” to a sufficiently accurate
approximation to #* in far less than n iterations. For example, consider solving a
Poisson problem using the 5-point Laplacian on a 100 x 100 grid, which gives a
linear system of dimension m = 10,000 and a matrix A that has n ~ 5000 dis-
tinct eigenvalues. An approximation to u* consistent with the truncation error of
the difference formula is obtained after approximately 150 iterations, however (after
preconditioning the matrix appropriately).

That effective convergence often is obtained in far fewer iterations is crucial to the
success and popularity of CG, since the operation count of Gaussian elimination is far too
large for most sparse problems and we wish to use an iterative method that is much quicker.
To obtain this rapid convergence it is often necessary to precondition the matrix, which
effectively moves the eigenvalues around so that they are distributed more conducively for
rapid convergence. This is discussed in Section 4.3.5, but first we present the basic CG
algorithm and explore its convergence properties more fully.

The CG algorithm takes the following form:

Choose initial guess ¢ (possibly the zero vector)

ro = f—Auo
Po =To
fork =1, 2,

Wi—1 = Apr—1

ak—1 = (L re—0)/ (Pl wi—1)

Uk = Ug—1 + Ok—1 Pk—1

Tk = Fg—1 — Og—1 Wk—1

if ||r || is less than some tolerance then stop
Br—1 = )/ (L re—1)

Pk =Tk + Br—1Pk—1

end

As with steepest descent, only one matrix-vector multiply is required at each iteration
in computing wy_;. In addition, two inner products must be computed each iteration.
(By more careful coding than above, the inner product of each residual with itself can be
computed once and reused twice.) To arrange this, we have used the fact that

T T
Pr—1Tk—1 = Tj_1Tk—1

to rewrite the expression (4.40).
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Compare this algorithm to the steepest descent algorithm presented on page 80. Up
through the convergence check it is essentially the same except that the A-conjugate search
direction pi_ is used in place of the steepest descent search direction rx_; in several
places.

The final two lines in the loop determine the next search direction p. This simple
choice gives a direction p; with the required property that py is A-conjugate to all the
previous search directions p; for j = 0, 1, ,..., k — 1. This is part of the following
theorem, which is similar to Theorem 38.1 of Trefethen and Bau [91], although there it is
assumed that #y = 0. See also Theorem 2.3.2 in Greenbaum [39].

Theorem 4.1. The vectors generated in the CG algorithm have the following properties,
provided ri, # 0 (if 1, = 0, then we have converged):

1. px is A-conjugate to all the previous search directions, i.e., pZApj = 0forj =
0,1,,..., k—1L

2. The residual ry is orthogonal to all previous residuals, rkTrj =0forj=0,1,,...,
k—1.

3. The following three subspaces of R™ are identical:

span(po, pi. P2, - Pk—1);
span(rg, Ary, A%rg, ..., Ak_lro), (4.43)
span(4ey, A%ey, Adeg, ..., Akeo).

The subspace Ky = span(rg, Ary, A?ry, ..., Ak_lro) spanned by the vector rg

and the first k — 1 powers of A applied to this vector is called a Krylov space of dimension
k associated with this vector.

The iterate uy is formed by adding multiples of the search directions p; to the initial
guess o and hence must lie in the affine spaces ug + g (i.e., the vector uy — ug is in the
linear space Ky).

We have seen that the CG algorithm can be interpreted as minimizing the function
¢ (u) over the space uo + span(po, p1,- .-, pk—1) in the kth iteration, and by the theorem
above this is equivalent to minimizing ¢ (1) over the uo + K. Many other iterative methods
are also based on the idea of solving problems on an expanding sequence of Krylov spaces;
see Section 4.4.

4.3.4 Convergence of conjugate gradient

The convergence theory for CG is related to the fact that ; minimizes ¢ () over the affine
space uo + Ky defined in the previous section. We now show that a certain norm of the
error is also minimized over this space, which is useful in deriving estimates about the size
of the error and rate of convergence.

Since A is assumed to be SPD, the A4-norm defined by

lella= Vel Ae (4.44)
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satisfies the requirements of a vector norm in Section A.3, as discussed further in Sec-
tion C.10. This is a natural norm to use because

lel? = (u—u*)T A(u —u*)
=ul Au —2u” Au* + u*T Au* (4.45)
=2p(u) + u*T Au*.

Since u*T Au* is a fixed number, we see that minimizing | e|| 4 is equivalent to minimizing

é(u).
Since
U = Uo +Qopo + 1Pt + -+ Qk—1 Pk—1,

we find by subtracting ™ that

e =eo+oopo+a1pr + -+ Xk—1Dk—1-

Hence e; — ey is in K and by Theorem 4.1 lies in span(A4ey, A?e, ..., Akeo). So e, =
eo + crAeg + caA%eq + -+ + ckAkeo for some coefficients ¢y, ..., c. In other words,
ex = Pr(A)eg, (4.46)

where
Pr(A) =T 4+ 1A+ A + -+ ¢ AF (4.47)

is a polynomial in A. For a scalar value x we have
Pr(x) =1+ c1x 4+ cax? + -+ + cxx® (4.48)
and Py € Py, where
Pr = {polynomials P(x) of degree at most k satisfying P(0) = 1}. (4.49)

The polynomial Py constructed implicitly by the CG algorithm solves the minimization
problem
min || P(A)eo|l 4. (4.50)
PePy
To understand how a polynomial function of a diagonalizable matrix behaves, recall that
A=VAVT' = A =VAVT,
where V' is the matrix of right eigenvectors, and so

Pr(4) = VP MV,

where
Pr(X1)

P (X2)
Pr(A) =

Pk()\m)
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Note, in particular, that if Py (x) has a root at each eigenvalue A1, ..., Ay, then Pr(A)
is the zero matrix and so ey = Pr(A)ep = 0. If A has only n < m distinct eigenvalues
AL, ..., Ap,then there is a polynomial P, € P, that has these roots, and hence the CG
algorithm converges in at most » iterations, as was previously claimed.

To get an idea of how small ||eq|| 4 Will be at some earlier point in the iteration, we
will show that for any polynomial P (x) we have

IPeolla o 1P 4.51)

||€0||A 1<j<m

and then exhibit one polynomial Py € Py for which we can use this to obtain a useful
upper bound on |lex || 4/l€o||%-

Since A is SPD, the eigenvectors are orthogonal and we can choose the matrix V' so
that V! = VT and A = VAV ~!. In this case we obtain

IP(A)eol? = el P(A)T AP(A)eo
=elVP(MVTAVP(A)V T e
= el'vdiag(A; P(L;)*)VTeg (4.52)

IA

max P()»j)2 (eOTVAVTeo).

1<j<m

Taking square roots and rearranging results in (4.51).

We will now show that for a particular choice of polynomials Py € Py we can
evaluate the right-hand side of (4.51) and obtain a bound that decreases with increasing k.
Since the polynomial P constructed by CG solves the problem (4.50), we know that

| P(A)eolla < || Pr(A)eol| 4,

and so this will give a bound for the convergence rate of the CG algorithm.
Consider the case k = 1, after one step of CG. We choose the linear function
2x

C Am A

where we assume the eigenvalues are ordered 0 < Ay < Ay < --- < A,. A typical case is

shown in Figure 4.7(a). The linear function P (x) = 14+ c¢1x must pass through P;(0) = 1
and the slope c; has been chosen so that

Pi(A1) = —Pi(Am),

Pi(x) =1 (4.53)

which gives
2

CAm A

If the slope were made any larger or smaller, then the value of |I31 (A)| would increase at
either A,, or A1, respectively; see Figure 4.7(a). For this polynomial we have

2A1 _ Am/r1—1
Am + A - Am/h1 +1

l+chi=—-1—cihyy = 1=

 max |P1(Aj)] = Py(h) = 1—
<j<m

‘1 (4.54)

K+ 1’
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s s
a 0 p : s 0 m 0 ; : s 0 m

Figure 4.7. (a) The polynomial P (x) based on a sample set of eigenvalues
marked by dots on the x-axis. (b) The polynomial P»(x) for the same set of eigenvalues.

where k = k,(A) is the condition number of 4. This gives an upper bound on the reduction
of the error in the first step of the CG algorithm and is the best estimate we can obtain by
knowing only the distribution of eigenvalues of A. The CG algorithm constructs the actual
P1(x) based on ¢p as well as A and may do better than this for certain initial data. For
example, if g = ajv; has only a single eigencomponent, then P;(x) = 1 —x/A; reduces
the error to zero in one step. This is the case where the initial guess lies on an axis of the
ellipsoid and the residual points directly to the solution u* = A~! f. But the above bound
is the best we can obtain that holds for any eg.

Now consider the case k = 2, after two iterations of CG. Figure 4.7(b) shows the
quadratic function P, (x) that has been chosen so that

Py(A1) = =Py (A + %1)/2) = Pa(Am).

This function equioscillates at three points in the interval [Aq, A;,], where the maximum
amplitude is taken. This is the polynomial from P, that has the smallest maximum value
on this interval, i.e., it minimizes

max | P(x)].

AM=<x=<Am
This polynomial does not necessarily solve the problem of minimizing

max |P(A;)]

1<j<m

unless (A; + A,;)/2 happens to be an eigenvalue, since we could possibly reduce this
quantity by choosing a quadratic with a slightly larger magnitude near the midpoint of the
interval but a smaller magnitude at each eigenvalue. However, it has the great virtue of
being easy to compute based only on A and A,,. Moreover, we can compute the analogous
polynomial Py (x) for arbitrary degree k, the polynomial from Py with the property of
minimizing the maximum amplitude over the entire interval [A1, A,;]. The resulting maxi-
mum amplitude also can be computed in terms of A and A, and in fact depends only on
the ratio of these and hence depends only on the condition number of 4. This gives an
upper bound for the convergence rate of CG in terms of the condition number of A that
often is quite realistic.
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The polynomials we want are simply shifted and scaled versions of the Chebyshev
polynomials discussed in Section B.3.2. Recall that T (x) equioscillates on the interval
[—1, 1] with the extreme values 11 being taken at k + 1 points, including the endpoints.
We shift this to the interval [A1, A,;], scale it so that the value at x = 0 is 1, and obtain

Am+A1—2x
Tk( Am—h )

Pr(x) = 4.
() = — () (4.55)
L\
For k = 1 this gives (4.53) since 77 (x) = x. We now need only compute
max |Pr(A;)| = Pr(h1)
1<j<m
to obtain the desired bound on | ey || 4. We have
~ T (1) 1
Pr(h1) = W ___ (4.56)

Amthy AL\
Tk (xm—xl) T (xm—h

Am + A _)»m/)»1+1 _K+l

)\m_)\l B )\m/)\l_l B Kk—1
so we need to evaluate the Chebyshev polynomial at a point outside the interval [—1, 1],
which according to (B.27) is

Note that
> 1

Ty (x) = cosh(k cosh™! x).
We have
e? 4 e ?
2

where y = €7, so if we make the change of variables x = %(y +y7), thencosh™! x = z
and

cosh(z) = = %(y +37h

kz —kz
e“ +e 1 _
T (x) = cosh(kz) = — = E(yk +y76).

We can find y from any given x by solving the quadratic equation y? — 2xy + 1 = 0,

yielding
y=x++vVx2-1.

To evaluate (4.56) we need to evaluate Ty at x = (k + 1)/(k — 1), where we obtain

1 1\?
K+ I K+ 1
Kk—1 Kk—1

_K+l:tm
«—1 (4.57)
(k1
T (WK Dr=1)
Ve +1 Jr—1
=ﬁ—] or ﬁ+l
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Either choice of y gives the same value for

D )] e

Using this in (4.56) and combining with (4.51) gives

| P(4)eol 52[(ﬁ+ 1)"+ (ﬁ—l)kr Ez(ﬁ‘l)k, (4.59)

lleoll 4 JrE—=1 Je+1 Je+1

This gives an upper bound on the error when the CG algorithm is used. In practice the
error may be smaller, either because the initial error e happens to be deficient in some
eigencoefficients or, more likely, because the optimal polynomial P (x) is much smaller at
all the eigenvalues A ; than our choice Py (x) used to obtain the above bound. This typically
happens if the eigenvalues of A are clustered near fewer than m points. Then the Py (x)
constructed by CG will be smaller near these points and larger on other parts of the interval
[A1, Am] where no eigenvalues lie. As an iterative method it is really the number of clusters,
not the number of mathematically distinct eigenvalues, that then determines how rapidly
CG converges in practical terms.

The bound (4.59) is realistic for many matrices, however, and shows that in general
the convergence rate depends on the size of the condition number «. If « is large, then

k k
z(ﬁli) %2(1—%) ~ 20~ 2K/ (4.60)
K K

and we expect that the number of iterations required to reach a desired tolerance will be
k = 0(J¥).

For example, the standard second order discretization of the Poisson problem on
a grid with m points in each direction gives a matrix with k = O(1/h?), where h =
1/(m + 1). The bound (4.60) suggests that CG will require O(m) iterations to converge,
which is observed in practice. This is true in any number of space dimensions. In one
dimension where there are only m unknowns this does not look very good (and of course
it’s best just to solve the tridiagonal system by elimination). In two dimensions there are 2
unknowns and m? work per iteration is required to compute A py_, so CG requires O(m?)
work to converge to a fixed tolerance, which is significantly better than Gauss elimination
and comparable to SOR with the optimal . Of course for this problem a fast Poisson solver
could be used, requiring only O(m? logm) work. But for other problems, such as variable
coefficient elliptic equations with symmetric coefficient matrices, CG may still work very
well while SOR works well only if the optimal w is found, which may be impossible, and
fast Fourier transform (FFT) methods are inapplicable. Similar comments apply in three
dimensions.

4.3.5 Preconditioners

We saw in Section 4.3.4 that the convergence rate of CG generally depends on the condi-
tion number of the matrix A. Often preconditioning the system can reduce the condition
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94 Chapter 4. lterative Methods for Sparse Linear Systems

number of the matrix involved and speed up convergence. In fact preconditioning is abso-
lutely essential for most practical problems, and there are many papers in the literature on
the development of effective preconditioners for specific applications or general classes of
problems.

If M is any nonsingular matrix, then

Au=f = M 'Au=M"'f (4.61)

So we could solve the system on the right instead of the system on the left. If M is some
approximation to 4, then M ~! 4 may have a much smaller condition number than A. If
M = A, then M ~'A4 is perfectly conditioned but we’d still be faced with the problem of
computing M1 f = A7 f.

Of course in practice we don’t actually form the matrix M 4. As we will see
below, the preconditioned conjugate gradient (PCG) algorithm has the same basic form
as CG, but a step is added in which a system of the form Mz = r is solved, and it is
here that the preconditioner is “applied.” The idea is to choose an M for which M ~'4 is
better conditioned than A but for which systems involving M are much easier to solve than
systems involving A. Often this can be done by solving some approximation to the original
physical problem (e.g., by solving on a coarser grid and then interpolating, by solving a
nearby constant-coefficient problem).

A very simple preconditioner that is effective for some problems is simply to use
M = diag(A), a diagonal matrix for which solving linear systems is trivial. This doesn’t
help for the Poisson problem on a rectangle, where this is just a multiple of the identity
matrix, and hence doesn’t change the condition number at all, but for other problems such
as variable coefficient elliptic equations with large variation in the coefficients, this can
make a significant difference.

Another popular approach is to use an incomplete Cholesky factorization of the ma-
trix A, as discussed briefly in Section 4.3.6. Other iterative methods are sometimes used
as a preconditioner, for example, the multigrid algorithm of Section 4.6. Other precondi-
tioners are discussed in many places; for example, there is a list of possible approaches in
Trefethen and Bau [91].

A problem with the approach to preconditioning outlined above is that M ~! 4 may
not be symmetric, even if M ~! and A are, in which case CG could not be applied to the
system on the right in (4.61). Instead we can consider solving a different system, again
equivalent to the original:

(CcTac™Hcuy =c 1y, (4.62)
where C is a nonsingular matrix. Write this system as
Ai = f. (4.63)

Note that since A7 = A, the matrix A is also symmetric even if C is not. Moreover A is
positive definite (provided A is) since

ul Au =uTCTAC'u = (C'w)TAC™ 'u) >0

for any vector u # 0.
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Now the problem is that it may not be clear how to choose a reasonable matrix C
in this formulation. The goal is to make the condition number of A small, but C appears
twice in the definition of A so C should be chosen as some sort of “square root” of 4. But
note that the condition number of A depends only on the eigenvalues of this matrix, and we
can apply a similarity transformation to A without changing its eigenvalues, e.g.,

cl'dc=c 'cTa=(«To)y'4. (4.64)

The matrix A thus has the same condition number as (CT C)~! 4. So if we have a sensible
way to choose a preconditioner M in (4.61) that is SPD, we could in principle determine
C by a Cholesky factorization of the matrix M .

In practice this is not necessary, however. There is a way to write the PCG algorithm
in such a form that it only requires solving systems involving M (without ever computing
C) but that still corresponds to applying CG to the SPD system (4.63).

To see this, suppose we apply CG to (4.63) and generate vectors iy, px, Wk, and 7g.
Now define

Uy = C_lftk, Pk = C_lﬁk, Wi = C_llz)k, and rp = CTfk.

Note that 7 is multiplied by CT, not C~!. Here 7 is the residual when iy is used in the
system (4.63). Note that if it approximates the solution to (4.62), then uy, will approximate
the solution to the original system Au = f. Moreover, we find that

e = C(f — Aiig) = [ — Auy

and so ry is the residual for the original system. Rewriting this CG algorithm in terms of
the variables ug, pr, wg, and ri, we find that it can be rewritten as the following PCG
algorithm:

ro = f —Auo
Solve M zy = rg for zg
Po = 2o
fork=1,2, ...
Wr—1 = Apr—1
ak—1 = (L re—0)/ (Pl wi—1)
Uk = Ug—1 + Ok—1 Pk—1
Tk = Tg—1 — Qp—1 Wk—1
if ||r || is less than some tolerance then stop
Solve Mz, = ry, for z
Br—1 = L re)/ (L re—1)
Pk = Zk + Bk—1DPk—1
end

Note that this is essentially the same as the CG algorithm on page 87, but we solve
the system M zy = ry forzy = M ~!y, in each iteration and then use this vector in place
of r, in two places in the last two lines.
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4.3.6 Incomplete Cholesky and ILU preconditioners

There is one particular preconditioning strategy where the matrix C is in fact computed and
used. Since 4 is SPD it has a Cholesky factorization of the form 4 = RT R, where R is
an upper triangular matrix (this is just a special case of the LU factorization). The problem
with computing and using this factorization to solve the original system Au = f is that
the elimination process used to compute R generates a lot of nonzeros in the R matrix, so
that it is typically much less sparse than A.

A popular preconditioner that is often very effective is to do an incomplete Cholesky
factorization of the matrix A, in which nonzeros in the factors are allowed to appear only
in positions where the corresponding element of A is nonzero, simply throwing away the
other elements as we go along. This gives an approximate factorization of the form 4 ~
CT C. This defines a preconditioner M = CT C. To solve systems of the form Mz = r
required in the PCG algorithm we use the known Cholesky factorization of M and only
need to do forward and back substitutions for these lower and upper triangular systems.
This approach can be generalized by specifying a drop tolerance and dropping only those
elements of R that are smaller than this tolerance. A smaller drop tolerance will give a
better approximation to 4 but a denser matrix C.

Methods for nonsymmetric linear systems (e.g., the GMRES algorithm in the next
section) also generally benefit greatly from preconditioners and this idea can be extended
to incomplete LU (ILU) factorizations as a preconditioner for nonsymmetric systems.

4.4 The Arnoldi process and GMRES algorithm

For linear systems that are not SPD, many other iterative algorithms have been developed.
We concentrate here on just one of these, the popular GMRES (generalized minimum resid-
ual) algorithm. In the course of describing this method we will also see the Arnoldi process,
which is useful in other applications.

In the kth step of GMRES a least squares problem is solved to find the best approx-
imation to the solution of Au = f from the affine space u¢ + K, where again Ky, is the
k-dimensional Krylov space Ky = span(rg, Aro, A?rg, ..., Ak_lro) based on the initial
residual rg = f — Auyg. To do this we build up a matrix of the form

Ok =lq1 q2 -+ qx]) € R™k,

whose columns form an orthonormal basis for the space . In the kth iteration we deter-
mine the vector g4 by starting with some vector v; that is not in s and orthogonalizing

ittoqi, g2, ..., gk using a Gram—Schmidt-type procedure. How should we choose v ?
One obvious choice might be v, = Akro. This is a bad choice, however. The vectors
ro, Arg, A%ro, ... although linearly independent and a natural choice from our defini-

tion of the Krylov space, tend to become more and more closely aligned (nearly linearly
dependent) as k& grows. (In fact they converge to the eigenvector direction of the dominant
eigenvalue of A since this is just the power method.) In other words the Krylov matrix

Kyy1 = [ro Arg A%rg -+ A¥rg)]

has rank k + 1 but has some very small singular values. Applying the orthogonalization
procedure using vy = A¥ o would amount to doing a QR factorization of the matrix Ky 1,
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which is numerically unstable in this case. Moreover, it is not clear how we would use
the resulting basis to find the least square approximation to Au = f in the affine space
uo + Kr.

Instead we choose vy = Agqy as the starting point in the kth step. Since g has al-
ready been orthogonalized to all the previous basis vectors, this does not tend to be aligned
with an eigendirection. In addition, the resulting procedure can be viewed as building up
a factorization of the matrix A itself that can be directly used to solve the desired least
squares problem.

This procedure is called the Arnoldi process. This algorithm is important in other
applications as well as in the solution of linear systems, as we will see below. Here is
the basic algorithm, with an indication of where a least squares problem should be solved
in each iteration to compute the GMRES approximations uy to the solution of the linear
system:

q1 = ro/[Iroll2

fork =1, 2, ...

vV = Aqk

fori =1:k
hik = qf'v
vV="0v—hirqi % orthogonalize to previous vectors
end

hir1e = |vll2

Gk+1 = v/ hk+1k % normalize

% For GMRES: Check residual of least squares problem (4.75).
% 1f it’s sufficiently small, halt and compute uj
end

Before discussing the least squares problem, we must investigate the form of the
matrix factorization we are building up with this algorithm. After k iterations we have

Ok =lq1 92 -+~ qx] € R™k, Ok+1 =[Ok qt1] € R™ KD,

which form orthonormal bases for K and ICg 4 1, respectively. Let

hir hiy his - hig—r hi
hat  hay has oo hag—1 hok

H, = hsy hsz -+ hyg—1 hayp | c Rkxk (4.65)
hik—1 Ik

be the upper Hessenberg matrix consisting of the /& values computed so far. We will also
need the matrix I:Ik e Rk+Dxk consisting of Hj with an additional row that is all zeros
except for the /g4 x entry, also computed in the kth step of Arnoldi.

Now consider the matrix product

AQk =[Aqy Aqa -+ Aqx).
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The jth column of this matrix has the form of the starting vector v used in the jth iteration
of Arnoldi, and unraveling the computations done in the jth step shows that

hjvi1,jqj+1 = Aqj —hijq1 —h2jg2 — -+~ —hjjq;.
This can be rearranged to give
Agj =hijqr +hajqa+ -+ hjiq + hjt1igj (4.66)

The left-hand side is the jth column of 4 Qy and the right-hand side, at least for j < k, is
the jth column of the matrix Qy Hy. We find that

AQk = OrHi + hict1 k4161 - (4.67)

In the final term the vector ekT =1[00 --- 0 1] is the vector of length k with a 1 in the last
component and /41 k Gr+1 ekT is the m x k matrix that is all zeros except the last column,
which is /g 41 xqxk+1. This term corresponds to the last term in the expression (4.66) for
Jj = k. The expression (4.67) can also be rewritten as

AQy = Qk11 H. (4.68)

If we run the Arnoldi process to completion (i.e., up to k = m, the dimension of
A), then we will find in the final step that v = Agy, lies in the Krylov space XCp, (which is
already all of R™), so orthogonalizing it to each of the ¢; for i = 1 : m will leave us with
v = 0. So in this final step there is no /1, value or ¢4 vector and setting QO = Q,,
and H = H,, gives the result

AQ = OH,
which yields
0T40=H o A=QHQT. (4.69)

We have reduced A to Hessenberg form by a similarity transformation.

Our aim at the moment is not to reduce A4 all the way by running the algorithm to
k = m but rather to approximate the solution to Au = f well in a few iterations. After k
iterations we have (4.67) holding. We wish to compute u, an approximationtou = A~! f
from the affine space uo + K, by minimizing the 2-norm of the residual r, = f — Auy
over this space. Since the columns of Q form a basis for Ky, we must have

up =uo + Ok (4.70)
for some vector y; € R¥, and so the residual is
re = f — Ao + Qi yk)
=ro— AQk Yk 4.71)
=To— Qk+1l‘~1kyk,

where we have used (4.68). But recall that the first column of Qg1 is just g1 = ro/||70||2
so we have ro = Qg+11, where 7 is the vector

Iroll2

n=|  |emkt 4.72)
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Hence ~
'k = Qk+1( — Hi yi). (4.73)

Since Q1{+1 Qk+1 = I, computing rkTrk shows that

Irell2 = ln — Heyill2. (4.74)

In the kth iteration of GMRES we choose yy to solve the least squares problem

min [y — Hyyla, (4.75)
yeRk

and the approximation uy is then given by (4.70).
Note the following (see, e.g., Greenbaum [39] for details):

o M € Rk+Dxk ang n € R¥*1 5o thisis a small least squares problem when k < m.

o My is already nearly upper triangular, so solving the least squares problem by com-
puting the QR factorization of this matrix is relatively cheap.

e Moreover, in each iteration I:Ik consists of I:Ik_l with one additional row and column
added. Since the QR factorization of Hj_; has already been computed in the pre-
vious iteration, the QR factorization of Hy is easily computed with little additional
work.

e Once the QR factorization is known, it is possible to compute the residual in the least
squares problem (4.75) without actually solving for y; (which requires solving an
upper triangular system of size k using the R matrix from QR). So in practice only
the residual is checked each iteration and the final y; and uy are actually computed
only after the convergence criterion is satisfied.

Notice, however, one drawback of GMRES, and the Arnoldi process more generally,
for nonsymmetric matrices: in the kth iteration we must orthogonalize v to all k previ-
ous basis vectors, so we must keep all these vectors in storage. For practical problems
arising from discretizing a multidimensional partial differential equation (PDE), each of
these “vectors” is an approximation to the solution over the full grid, which may consist
of millions of grid points. Taking more than a few iterations may consume a great deal of
storage.

Often in GMRES the iteration is restarted periodically to save storage: the approxi-
mation iy at some point is used as the initial guess for a new GMRES iteration. There’s a
large literature on this and other variations of GMRES.

4.4.1 Krylov methods based on three term recurrences
Note that if 4 is symmetric, then so is the Hessenberg matrix H, since
HT =(QT40)" = 0T4T0 = 0" 40 = H,

and hence H must be tridiagonal. In this case the Arnoldi iteration simplifies in a very
important way: hjry = 0fori = 1, 2,..., (k —2) and in the kth iteration of Arnoldi v
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only needs to be orthogonalized to the previous two basis vectors. There is a three-term
recurrence relation for each new basis vector in terms of the previous two. This means
only the two previous vectors need to be stored at any time, rather than all the previous ¢;
vectors, which is a dramatic improvement for systems of large dimension.

The special case of Arnoldi on a symmetric matrix (or more generally a complex
Hermitian matrix) is called the Lanczos iteration and plays an important role in many nu-
merical algorithms, not just for linear systems but also for eigenvalue problems and other
applications.

There are also several iterative methods for nonsymmetric systems of equations that
are based on three-term recurrence relations using the idea of biorthogonalization—in ad-
dition to building up a Krylov space based on powers of the matrix A, a second Krylov
space based on powers of the matrix A is simultaneously determined. Basis vectors v;
and w; for the two spaces are found that are not orthogonal sets separately, but are instead
“biorthogonal” in the sense that

vw; =0 ifi #j.
It turns out that there are three-term recurrence relations for these sets of basis vectors,
eliminating the need for storing long sequences of vectors. The disadvantage is that two
matrix-vector multiplies must be performed each iteration, one involving 4 and another
involving A . One popular method of this form is Bi-CGSTAB (bi-conjugate gradient
stabilized), introduced by Van der Vorst [95]. See, e.g., [39], [91] for more discussion of
this method and other variants.

4.4.2 Other applications of Arnoldi

The Arnoldi process has other applications besides the approximate solution of linear sys-
tems. Note from (4.67) that
OFT AQ = Hy (4.76)

since Q,{ QO =1 and Q,{qu = 0. This looks much like (4.69), but here Qy is a rectan-
gular matrix (for k < m) and so this is not a similarity transformation and Hy does not have
the same eigenvalues as A (or even the same number of eigenvalues, since it has only k).
However, a very useful fact is that the eigenvalues of Hj are typically good approximations
to the dominant eigenvalues of 4 (those with largest magnitude). In many eigenvalue appli-
cations where A is a large sparse matrix, the primary interest is in determining the dominant
eigenvalues (e.g., in determining stability or asymptotic growth properties of matrix iter-
ations or exponentials). In this case we can run the Arnoldi process (which requires only
matrix-vector multiplies with 4) and then calculate the eigenvalues of the small matrix Hy
in the kth iteration as an approximation to the dominant eigenvalues of 4. This approach
is implemented in the ARPACK software [62], which is used, for example, by the eigs
command in MATLAB.
Also note that from (4.76), by multiplying on the left by Qf and on the right by Q,{
we obtain
0k Qf AQ O = QkH OF . 4.77)
If Kk = m, then Qy Q,{ = [ and this is simply (4.69). For k < m, Qj Q,{ is the pro-
jection matrix that projects any vector z in R™ onto the k-dimensional Krylov space Cx.
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So the operator on the left of (4.77), when applied to any vector in z € R™, has the fol-
lowing effect: the vector is first projected to Kk, then A is applied, and then the result
is again projected to K. The operator on the right does the same thing in a different
form: Q,{z € R* consists of the coefficients of the basis vectors of Qy for the projected
vector. Multiplying by Hj transforms these coefficients according to the effect of A, and
H; Q,{z are then the modified coefficients used to form a linear combination of the basis
vectors when this is multiplied by Q. Hence we can view Hj as the restriction of A to
the k-dimensional Krylov space ;. Thus it is not so surprising, for example, that the
eigenvalues of Hjy approximate the dominant eigenvalues of 4. As commented above, the
basis vectors f, Af, A% f, ...for Kj tend to align with the dominant eigenvectors of A,
and if an eigenvector of A4 lies in K, then it is also an eigenvector of the restriction of 4
to this space.

We will see another use of Krylov space methods in Section 11.6, where we consider
exponential time differencing methods for time-dependent ordinary differential equations
(ODEs). The matrix exponential applied to a vector, e’ v, arises in solving linear systems
of ODEs. This often can be effectively approximated by Qy ek’ Q,{v for k <« m. More
generally, other functions ¢ (z) can be extended to matrix arguments (using the Cauchy
integral formula (D.4), for example) and their action often approximated by ¢(4A)v =

Ox¢(Hit) Of v.

4.5 Newton—Krylov methods for nonlinear problems

So far in this chapter we have considered only linear problems and a variety of iterative
methods that can be used to solve sparse linear systems of the form Au = f. However,
many differential equations are nonlinear and these naturally give rise to nonlinear systems
of equations after discretization. In Section 2.16 we considered a nonlinear boundary value
problem and discussed the use of Newton’s method for its solution. Recall that Newton’s
method is an iterative method based on linearizing the problem about the current approxi-
mation to the solution and then solving a linear system of equations involving the Jacobian
matrix to determine the next update to the approximation. If the nonlinear system is written
as G(u) = 0, then the Newton update is

w11 = 4, U1 _ sl (4.78)
where 61/ is the solution to the linear system
JUIsUL = Gy, 4.79)

Here JU! = G’(ul1) is the Jacobian matrix evaluated at the current iterate. For the one-
dimensional problem of Section 2.16 the Jacobian matrix is tridiagonal and the linear sys-
tem is easily solved in each iteration by a direct method.

For a nonlinear problem in more space dimensions the Jacobian matrix typically will
have the same nonzero structure as the matrices discussed in the context of linear elliptic
equations in Chapter 3. (Of course for a linear problem Au = f we have G(u) = Au — f
and the matrix 4 is the Jacobian matrix.) Hence when solving a nonlinear elliptic equation
by a Newton method we must solve, in each Newton iteration, a sparse linear system of
the type we are tackling in this chapter. For practical problems the Jacobian matrix is often
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nonsymmetric and Krylov space methods such as GMRES are a popular choice. This gives
an obvious way to combine Newton’s method with Krylov space methods: in each iteration
of Newton’s method determine all the elements of the Jacobian matrix JU/1 and then apply
a Krylov space method to solve the system (4.79).

However, the term Newton—Krylov method often refers to something slightly dif-
ferent, in which the calculation of the full Jacobian matrix is avoided in performing the
Krylov space iteration. These methods are also called Jacobian—free Newton—Krylov meth-
ods (JFNK), and a good survey of these methods and their history and applicability is given
in the review paper of Knoll and Keyes [57].

To explain the basic idea, consider a single iteration of the Newton method and drop
the superscript j for notational convenience. So we need to solve a linear system of the
form

J(w)s = G(u), (4.80)

where u a fixed vector (the current Newton iterate ull ]).

When the GMRES algorithm (or any other iterative method requiring only matrix
vector products) is applied to the linear system (4.80), we require only the product J (u#)qx
for certain vectors ¢ (where k is the iteration index of the linear solver). The key to
JFNK is to recognize that since J(u) is a Jacobian matrix, the vector J(u)qy is simply
the directional derivative of the nonlinear function G at this particular  in the direction
qr- The Jacobian matrix contains all the information needed to compute the directional
derivative in any arbitrary direction, but there is no need to compute the full matrix if, in
the course of the Krylov iteration, we are only going to need the directional derivative in
relatively few directions. This is the case if we hope that the Krylov iteration will converge
in very few iterations relative to the dimension of the system.

How do we compute the directional derivative J(u)gy without knowing J(u)? The
standard approach is to use a simple finite difference approximation,

JW)qe ~ (Gu + eqi) — Gu))/e, (4.81)

where € is some small real number. This approximation is first order accurate in € but is
sufficiently accurate for the needs of the Krylov space method if we take € quite small.
If € is too small, however, then numerical cancellation can destroy the accuracy of the
approximation in finite precision arithmetic. For scalar problems the optimal trade-off
typically occurs at € = /€mach, the square root of the machine precision (i.e., € ~ 1078
for 64-bit double precision calculations). See [57] for some comments on good choices.

JFNK is particularly advantageous for problems where the derivatives required in the
Jacobian matrix cannot be easily computed analytically, for example, if the computation of
G (u) involves table look-ups or requires solving some other nonlinear problem. A subrou-
tine evaluating G'(u) is already needed for a Krylov space method in order to evaluate the
right-hand side of (4.80), and the JFNK method simply calls this in each iteration of the
Krylov method to compute G(u + €qy,).

Good preconditioners generally are required to obtain good convergence properties
and limit the number of Krylov iterations (and hence nonlinear G evaluations) required. As
with Newton’s method in other contexts, a good initial guess is often required to achieve
convergence of the Newton iteration, regardless of how the system (4.79) is solved in each
iteration. See [57] for more comments on these and other issues.
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4.6 Multigrid methods

We return to the solution of linear systems Au = f and discuss a totally different approach
to the solution of such systems. Multigrid methods also can be applied directly to nonlinear
problems and there is a vast literature on variations of these methods and applications to
a variety of problems. Here we concentrate on understanding the main idea of multigrid
methods in the context of the one-dimensional model problem u”(x) = f(x). For more
discussion, see, for example, [11], [52], [41], [101].

4.6.1 Slow convergence of Jacobi

Let
f(x) = =20+ ag” (x) cos(p(x)) — a(¢' (x))* sin(¢ (x)), (4.82)

where a = 0.5, ¢(x) = 207 x>, and consider the boundary value problem u”(x) = f(x)
with Dirichlet boundary conditions #(0) = 1 and u(1) = 3. The true solution is

u(x) = 1+ 12x — 10x2 + asin(p(x)). (4.83)

which is plotted in Figure 4.8(a). This function has been chosen because it clearly con-
tains variations on many different spatial scales, i.e., large components of many different
frequencies.

We discretize this problem with the standard tridiagonal systems (2.10) and apply
the Jacobi iterative method of Section 4.1 to the linear initial guess u¢ with components
1 + 2x;, which is also shown in Figure 4.8(a). Figure 4.8(b) shows the error ¢ in this
initial guess on a grid with m = 255 grid points.

The left column of Figure 4.9 shows the approximations obtained after k = 20, 100,
and 1000 iterations of Jacobi. This method converges very slowly and it would take about
103 iterations to obtain a useful approximation to the solution. However, notice something
very interesting in Figure 4.9. The more detailed features of the solution develop relatively
quickly and it is the larger-scale features that are slow to appear. At first this may seem
counterintuitive since we might expect the small-scale features to be harder to capture.

Approximate solution after 0 Jacobi iterations

Error after 0 Jacobi iterations

(a) 01 02 03 04 05 06 07 0.8 09 1

Figure 4.8. (a) The solution u(x) (solid line) and initial guess uq (circles). (b)
The error eq in the initial guess.
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Approximate solution after 20 Jacobi iterations

Error after 20 Jacobi iterations

Ap‘prox\mat‘e sa\ulio‘n after 1‘00 Jacal‘)i \(era(\c:ns Error after 100 Jacobi iterations

Error after 1000 Jacobi iterations

Figure 4.9. On the left: The solution u(x) (solid line) and Jacobi iterate uy, after
k iterations. On the right: The error ey, shown for k = 20 (top), k = 100 (middle), and
k = 1000 (bottom,).

This is easier to understand if we look at the errors shown on the right. The initial error is
highly oscillatory but these oscillations are rapidly damped by the Jacobi iteration, and after
only 20 iterations the error is much smoother than the initial error. After 100 iterations it is
considerably smoother and after 1000 iterations only the smoothest components of the error
remain. This component takes nearly forever to be damped out, and it is this component
that dominates the error and renders the approximate solution worthless.
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To understand why higher frequency components of the error are damped most rapidly,
recall from Section 4.2 that the error ¢ = uj = u™ satisfies

e = Geg_y,
where, for the tridiagonal matrix A4,

0 1/2 7

/2 0 1/2
h2 /2 0 1/2
G=1+—A4= . .
/2 0 1/2
/2 0

The ith element of e is simply obtained by averaging the (i — 1) and (i + 1) elements of
ex—1 and this averaging damps out higher frequencies more rapidly than low frequencies.
This can be quantified by recalling from Section 4.1 that the eigenvectors of G are the same
as the eigenvectors of A. The eigenvector ¥ has components

uj.’ = sin(mwpx;) (xj=Jjh. j=12,....m), (4.84)

while the corresponding eigenvalue is

Yp = cos(pmh) (4.85)
for p =1, 2, ..., m. If we decompose the initial error ¢p into eigencomponents,
eo = crul + cou® + -+ cpqu™, (4.86)
then we have
ek =cly1ku1 +czy2ku2+---+cmy,ﬁum. (4.87)

Hence the pth eigencomponent decays at the rate y;f as k increases. For large k the error

is dominated by the components ¢ ylk u' and ¢y, y,ﬁu”’, since these eigenvalues are closest
to 1:
272
Y1 =—Ym~1l—=-a°h".
2
This determines the overall convergence rate, as discussed in Section 4.1.
Other components of the error, however, decay much more rapidly. In fact, for half
the eigenvectors, those with m/4 < p < 3m/4, the eigenvalue y,, satisfies

1
vyl < 5= 0.7

and |yp|20 < 1073, so that 20 iterations are sufficient to reduce these components of the
error by a factor of 1000. Decomposing the error e as in (4.86) gives a Fourier sine series
representation of the error, since u” in (4.84) is simply a discretized version of the sine
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function with frequency p. Hence eigencomponents c,u? for larger p represent higher-
frequency components of the initial error eg, and so we see that higher-frequency compo-
nents decay more rapidly.

Actually it is the middle range of frequencies, those nearest p ~ m/2, that decay
most rapidly. The highest frequencies p ~ m decay just as slowly as the lowest frequencies
p ~ 1. The error eo shown in Figure 4.9 has a negligible component of these highest
frequencies, however, and we are observing the rapid decay of the intermediate frequencies
in this figure.

For this reason Jacobi is not the best method to use in the context of multigrid. A
better choice is underrelaxed Jacobi, where

U1 = (1 —w)ug + oGuy (4.88)

with @ = 2/3. The iteration matrix for this method is

Gy =1 —-w) +0G (4.89)

with eigenvalues
vp = (1 —w) + wcos(prh). (4.90)
The choice @ = 2/3 minimizes max,,/2<p<m |Vpl, giving optimal smoothing of high
frequencies. With this choice of w, all frequencies above the midpoint p = m/2 have

lypl = 1/3.

As a standalone iterative method this would be even worse than Jacobi, since low-
frequency components of the error decay even more slowly (1 is now % + % cos(mh) =~
11— %nzhz), but in the context of multigrid this does not concern us. What is important is
that the upper half of the range frequencies are all damped by a factor of at least 1/3 per
iteration, giving a reduction by a factor of (1/3)* ~ 0.037 after only three iterations, for
example.

4.6.2 The multigrid approach

We are finally ready to introduce the multigrid algorithm. If we use underrelaxed Jacobi,
then after only three iterations the high-frequency components of the error have already
decayed significantly, but convergence starts to slow down because of the lower-frequency
components. But because the error is now much smoother, we can represent the remaining
part of the problem on a coarser grid. The key idea in multigrid is to switch now to a coarser
grid to estimate the remaining error. This has two advantages. Iterating on a coarser grid
takes less work than iterating further on the original grid. This is nice but is a relatively
minor advantage. Much more important, the convergence rate for some components of the
error is greatly improved by transferring the error to a coarser grid.

For example, consider the eigencomponent p = m /4 that is not damped so much by
underrelaxed Jacobi, y,/4 ~ 0.8, and after three iterations on this grid this component of
the error is damped only by a factor (0.8)3 = 0.512. The value p = m/4 is not in the
upper half of frequencies that can be represented on a grid with 7 points—it is right in the
middle of the lower half.

However, if we transfer this function to a grid with only half as many points, it
is suddenly at the halfway point of the frequencies we can represent on the coarser grid
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(p ~ m¢/2 now, where m, = (m — 1)/2 is the number of grid points on the coarser grid).
Hence this same component of the error is damped by a factor of (1/3)* ~ 0.037 after
only three iterations on this coarser grid. This is the essential feature of multigrid.

But how do we transfer the remaining part of the problem to a coarser grid? We don’t
try to solve the original problem on a coarser grid. Instead we solve an equation for the
error. Suppose we have taken v iterations on the original grid and now want to estimate
the error e, = u, — u™. This is related to the residual vector r, = f — Au, by the linear
system

Aey, = —ry. 4.91)

If we can solve this equation for e,, then we can subtract e, from u, to obtain the desired
solution u*. The system (4.91) is the one we approximate on a coarsened grid. After taking
a few iterations of Jacobi on the original problem, we know that e, is smoother than the
solution u to the original problem, and so it makes sense that we can approximate this
problem well on a coarser grid and then interpolate back to the original grid to obtain the
desired approximation to e,. As noted above, iterating on the coarsened version of this
problem leads to much more rapid decay of some components of the error.
The basic multigrid algorithm can be informally described as follows:

1. Take a fixed number of iterations (e.g., v = 3) of a simple iterative method (e.g.,
underrelaxed Jacobi or another choice of “smoother”) on the original m X m system
Au = f. This gives an approximation u, € R™.

2. Compute the residual r, = f — Au, € R™.

3. Coarsen the residual: approximate the grid function r, on a grid withm, = (m—1)/2
points to obtain 7 € R™¢,

4. Approximately solve the system Aé = —F, where A is the m. x m, version of A
(the tridiagonal approximation to d?/dx? on a grid with m, points).

5. The vector e approximates the error in u,, but only at 7. points on the coarse grid.
Interpolate this grid function back to the original grid with m points to obtain an
approximation to e,. Subtract this from u,, to get a better approximation to u*.

6. Using this as a starting guess, take a few more iterations (e.g., v = 3) of a simple
iterative method (e.g., underrelaxed Jacobi) on the original m x m system Au = f
to smooth out errors introduced by this interpolation procedure.

The real power of multigrid comes from recursively applying this idea. In step 4
of the algorithm above we must approximately solve the linear system Aé = —F of size
m.. As noted, some components of the error that decayed slowly when iterating on the
original system will now decay quickly. However, if m. is still quite large, then there will
be other lower-frequency components of the error that still decay abysmally slowly on this
coarsened grid. The key is to recurse. We only iterate a few times on this problem before
resorting to a coarser grid with (m, — 1)/2 grid points to speed up the solution to this
problem. In other words, the entire algorithm given above is applied within step 4 to solve
the linear system Aé = —F. In arecursive programming language (such as MATLAB) this
is not hard to implement and allows one to recurse back as far as possible. If m + 1 is a
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Il Error Il = 0.11806

Level 7 After 1 Vcycles
55 T T

4.5r

3.5F

2,51

(a) k 02 0.4 0.6 08 1 (b) 012 4 02 0.4 06 0.8 1

Figure 4.10. (a) The solution u(x) (solid line) and approximate solution (circles)
obtained after one V-cycle of the multigrid algorithm with v = 3. (b) The error in this
approximation. Note the change in scale from Figure 4.9(b).

power of 2, then in principle one could recurse all the way back to a coarse grid with only
a single grid point, but in practice the recursion is generally stopped once the problem is
small enough that an iterative method converges very quickly or a direct method such as
Gaussian elimination is easily applied.

Figure 4.10 shows the results obtained when the above algorithm is used starting with
m =28 — 1 = 255, using v = 3, and recursing down to a grid with three grid points, i.e.,
seven levels of grids. On each level we apply three iterations of underrelaxed Jacobi, do a
coarse grid correction, and then apply three more iterations of under-relaxed Jacobi. Hence
a total of six Jacobi iterations are used on each grid, and this is done on grids with 2/ — 1
points for j =8, 7, 6, 5, 4, 3, 2, since the coarse grid correction at each level requires
doing this recursively at coarser levels. A total of 42 underrelaxed Jacobi iterations are
performed, but most of these are on relatively coarse grids. The total number of grid values
that must be updated in the course of these iterations is

8
6ZZj ~6-2° = 3072,
j=2

roughly the same amount of work as 12 iterations on the original grid would require. But
the improvement in accuracy is dramatic—compare Figure 4.10 to the results in Figure 4.9
obtained by simply iterating on the original grid with Jacobi.

More generally, suppose we start on a grid with m 4+ 1 = 27 points and recurse all
the way down, taking v iterations of Jacobi both before and after the coarse grid correction
on each level. Then the work is proportional to the total number of grid values updated,

which is
J

20 2/ ~4v2) ~dvm = O(m). (4.92)

j=2
Note that this is /inear in the number of grid points m2, although as m increases we are using
an increasing number of coarser grids. The number of grids grows at the rate of log, (m)
but the work on each grid is half as much as the previous finer grid and, so the total work
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is O(m). This is the work required for one “V-cycle” of the multigrid algorithm, starting
on the finest grid, recursing down to the coarsest grid and then back up as illustrated in
Figure 4.11(a) and (b). Taking a single V-cycle often results in a significant reduction in
the error, as illustrated in Figure 4.10, but more than one V-cycle might be required to
obtain a sufficiently accurate solution. In fact, it can be shown that for this model problem
O(log(m)) V-cycles would be needed to reach a given level of error, so that the total work
would grow like O(m log m).

We might also consider taking more that one iteration of the cycle on each of the
coarser grids to solve the coarse grid problems within each cycle on the finest grid. Sup-
pose, for example, that we take two cycles at each stage on each of the finer grids. This
gives the W-cycle illustrated in Figure 4.11(c).

Even better results are typically obtained by using the “full multigrid” (FMG) algo-
rithm, which consists of starting the process on the coarsest grid level instead of the finest
grid. The original problem u”(x) = f(x) is discretized and solved on the coarsest level
first, using a direct solver or a few iterations of some iterative method. This approximation
to u(x) is then interpolated to the next finer grid to obtain a good initial guess for solving
the problem on this grid. The two-level multigrid algorithm is used on this level to solve
the problem. The result is then interpolated to the next-level grid to give good initial data
there, and so on. By the time we get to the finest grid (our original grid, where we want the
solution), we have a very good initial guess to start the multigrid process described above.
This process is illustrated using the V-cycle in Figure 4.12.

This start-up phase of the computation adds relatively little work since it is mostly
iterating on coarser grids. The total work for FMG with one V-cycle is only about 50%
more than for the V-cycle alone. With this initialization process it often turns out that one
V-cycle then suffices to obtain good accuracy, regardless of the number of grid points. In

h-grid
2h-grid .\-/ \// \\/\//
4h-grid

(a) (b) (©

Figure 4.11. (a) One V-cycle with two levels. (b) One V-cycle with three levels.
(c) One W-cycle with three levels.

h-grid
2h-grid

4h-grid

Figure 4.12. FMG with one V-cycle on three levels.
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this case the total work is O(m), which is optimal. For the example shown in Figure 4.10,
switching to FMG gives an error of magnitude 6 x 10~ after a single V-cycle.

Of course in one dimension simply solving the tridiagonal system requires only
O(m) work and is easier to implement, so this is not so impressive. But the same re-
sult carries over to more space dimensions. The FMG algorithm for the Poisson problem
on an m x m grid in two dimensions requires O(m?) work, which is again optimal since
there are this many unknowns to determine. Recall that fast Poisson solvers based on the
FFT require O(m? logm) work, while the best possible direct method would require (m23).
Applying multigrid to more complicated problems can be more difficult, but optimal results
of this sort have been achieved for a wide variety of problems.

The multigrid method described here is intimately linked to the finite difference grid
being used and the natural manner in which a vector and matrix can be “coarsened” by
discretizing the same differential operator on a coarser grid. However, the ideas of multigrid
can also be applied to other sparse matrix problems arising from diverse applications where
it may not be at all clear how to coarsen the problem. This more general approach is called
algebraic multigrid (AMG); see, for example, [76], [86].
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Chapter 5

The Initial Value Problem
for Ordinary Differential
Equations

In this chapter we begin a study of time-dependent differential equations, beginning with
the initial value problem (IVP) for a time-dependent ordinary differential equation (ODE).
Standard introductory texts are Ascher and Petzold [5], Lambert [59], [60], and Gear [33].
Henrici [45] gives the details on some theoretical issues, although stiff equations are not
discussed. Butcher [12] and Hairer, Nogrsett, and Wanner [43, 44] provide more recent
surveys of the field.

The IVP takes the form

u'(t) = f(u(@),t) fort >ty (5.1

with some initial data
u(ty) = 1. (5.2)

We will often assume 7o = 0 for simplicity.
In general, (5.1) may represent a system of ODEs, i.e., u may be a vector with

s components uy, ..., Us, and then f(u,?) also represents a vector with components
fi(u,t), ,..., fs(u,t), each of which can be a nonlinear function of all the components
of u.

We will consider only the first order equation (5.1), but in fact this is more general
than it appears since we can reduce higher order equations to a system of first order equa-
tions.

Example 5.1. Consider the IVP for the ODE,

V(1) =V ()v(t) —2t(v"(t))* fort > 0.

This third order equation requires three initial conditions, typically specified as

v(0) = 71,
v'(0) = 12, (5.3)
v"(0) = ns.

113
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We can rewrite this as a system of the form (5.1), (5.2) by introducing the variables

ur(t) = v(@),
ux(t) = v'(t).
us(t) =v"(1).

Then the equations take the form

uy (1) = ua (1),
uy (1) = us(1),
uly(t) = uy (t)ua(t) — 2tu(t),

which defines the vector function f(u,?). The initial condition is simply (5.2), where the
three components of 1 come from (5.3). More generally, any single equation of order m
can be reduced to m first order equations by defining u ;(¢) = vY =D (1), and an mth order
system of s equations can be reduced to a system of m s first order equations.

See Section D.3.1 for an example of how this procedure can be used to determine the
general solution of an rth order linear differential equation.

It is also sometimes useful to note that any explicit dependence of f on ¢ can be
eliminated by introducing a new variable that is simply equal to . In the above example
we could define

us(t) =t

so that
uy(r) =1 and u4(to) = to.

The system then takes the form

u't) = f(u(t)) (54
with
Uz n
— us3 | m
fu) = Wty — 2u4u§ and u(ty) = ns
1 o

The equation (5.4) is said to be autonomous since it does not depend explicitly on time. It
is often convenient to assume f is of this form since it simplifies notation.

5.1 Linear ordinary differential equations
The system of ODEs (5.1) is linear if

fu,t)y=AM)u + g@), (5.5)

where A(f) € R™ and g(r) € R*. An important special case is the constant coefficient
linear system

u'(t) = Au(t) + g (), (5.6)
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where A € R¥* is a constant matrix. If g(¢) = 0, then the equation is homogeneous. The
solution to the homogeneous system u’ = Au with data (5.2) is

u(r) = eA¢=10y, (5.7)

where the matrix exponential is defined as in Appendix D. In the scalar case we often use
A in place of A.

5.1.1 Duhamel’s principle

If g(¢) is not identically zero, then the solution to the constant coefficient system (5.6) can
be written as

t
u(r) = ey 4 / et g (1) dr. (5.9)

o

This is known as Duhamel’s principle. The matrix e4¢~? is the solution operator for the
homogeneous problem; it maps data at time t to the solution at time 7 when solving the
homogeneous equation. Duhamel’s principle states that the inhomogeneous term g(7) at
any instant 7 has an effect on the solution at time ¢ given by e~ g(r). Note that this is
very similar to the idea of a Green’s function for the boundary value problem (BVP).

As a special case, if A = 0, then the ODE is simply

u'(t) = g(t) (5.9

and of course the solution (5.8) reduces to the integral of g:

u(t) =n +/ g(r)dr. (5.10)

o

As another special case, suppose A is constant and so is g(t) = g € R®. Then (5.8)
reduces to

t
u(t) = ety + (/ eAt=D) dr) g (5.11)
1

0

This integral can be computed, e.g., by expressing e~ as a Taylor series as in (D.31)
and then integrating term by term. This gives

t
/ A=) g _ 41 (eA(f—fo) — 1) (5.12)
o
and so
u(t) = ey 4 471 (A — 1) g, (5.13)

This may be familiar in the scalar case and holds also for constant coefficient systems
(provided A is nonsingular). This form of the solution is used explicitly in exponential
time differencing methods; see Section 11.6.
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5.2 Lipschitz continuity

In the last section we considered linear ODEs, for which there is always a unique solution.
In most applications, however, we are concerned with nonlinear problems for which there
is usually no explicit formula for the solution. The standard theory for the existence of a
solution to the initial value problem

w' ()= f(u,1), u)=n (5.14)

is discussed in many texts, e.g., [15]. To guarantee that there is a unique solution it is
necessary to require a certain amount of smoothness in the function f(u, ) of (5.14). We
say that the function f'(u, t) is Lipschitz continuous in u over some domain

D={(u.t): lu—nl=ato=t=n}
if there exists some constant L. > 0 so that
| f(u,t) = fu*,0)| < Llu— u*| (5.15)

for all (u,?) and (u*,?) in D. This is slightly stronger than mere continuity, which only
requires that | f'(u,t) — f(u*,t)] — 0 as u — wu*. Lipschitz continuity requires that
| f(u,t) — fw*, 1) = O(lu —u*|) asu — u*.

If f(u,t) is differentiable with respect to u# in D and this derivative f, = df/du is
bounded then we can take

L = max |f,(u,t)|,
(u,t)eD

since
f(uvl) = f(u*vl) + fu(U,l)(M - M*)

for some value v between u and u*.

Example 5.2. For the linear problem u'(t) = Au(t) + g(¢), f'(u) = A and we can
take L = |A|. This problem of course has a unique solution for any initial data n given by
(5.8) with 4 = A.

In particular, if A = 0 then L = 0. In this case f(u,?) = g(¢) is independent of u.
The solution is then obtained by simply integrating the function g(¢), as in (5.10).

5.2.1 Existence and uniqueness of solutions

The basic existence and uniqueness theorem states that if f is Lipschitz continuous over
some region D then there is a unique solution to the initial value problem (5.14) at least up
to time 7* = min(ty, tp + a/S), where

S = max |f(u,t).
(u,t)eD
Note that this is the maximum modulus of the slope that the solution () can attain in this

time interval, so that up to time 7o +a/S we know that u(¢) remains in the domain D where
(5.15) holds.
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Example 5.3. Consider the initial value problem
W'(0) = @@®)?,  u©0)=n>0.

The function f(u) = u? is independent of ¢ and is Lipschitz continuous in u over any
finite interval |4 — 5| < a with L = 2( 4+ a), and the maximum slope over this interval
is S = (n + a)?. The theorem guarantees that a unique solution exists at least up to time
a/(n+a)?. Since a is arbitrary, we can choose a to maximize this expression, which yields
a = 7 and so there is a solution at least up to time 1/47.

In fact this problem can be solved analytically and the unique solution is

1
-t

u(t) =

Note that u(#) — oo as t — 1/n. There is no solution beyond time 1/7.

If the function f" is not Lipschitz continuous in any neighborhood of some point then
the initial value problem may fail to have a unique solution over any time interval if this
initial value is imposed.

Example 5.4. Consider the initial value problem

u' (1) = u(r)

with initial condition
u(0) = 0.

The function f(u) = +/u is not Lipschitz continuous near u = 0 since f'(u) =
1/(2/u) — oo as u — 0. We cannot find a constant L so that the bound (5.15) holds for
all # and u* near 0.
As a result, this initial value problem does not have a unique solution. In fact it has
two distinct solutions:
u(t) =0

and :
2
1) = —t~.

u) =

5.2.2 Systems of equations

For systems of s > 1 ordinary differential equations, u(¢) € R® and f(u,¢) is a function
mapping R® x R — R®. We say the function f is Lipschitz continuous in # in some norm
|| - || if there is a constant L such that

1S Gty = f@* )l < Lllu—u™ (5.16)

for all (u,t) and (u*,,t) in some domain D = {(u,t) : |lu—1n| <a, to <t <t;}. By
the equivalence of finite-dimensional norms (Appendix A), if f is Lipschitz continuous in
one norm then it is Lipschitz continuous in any other norm, although the Lipschitz constant
may depend on the norm chosen.

The theorems on existence and uniqueness carry over to systems of equations.
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118 Chapter 5. The Initial Value Problem for Ordinary Differential Equations

Example 5.5. Consider the pendulum problem from Section 2.16,
0" (t) = —sin(0(1)),

which can be rewritten as a first order system of two equations by introducing v(¢) = 6'(¢):

”z[ﬂ %[ﬂ=[_sﬁl(9)]

Consider the max-norm. We have
[ —u™ oo = max(]0 — 0%, [v—v™|)

and
I/ () = f(@")]loo = max(Jv —v™|, |sin(f) — sin(6)|).

To bound || f(u) — f(u*)| 0o, first note that v — v*| < ||u — u™||e. We also have
| sin(6) —sin(6™)] <16 — 67| < [lu — u"[loo
since the derivative of sin(8) is bounded by 1. So we have Lipschitz continuity with L = 1:

1/ @) = f @)oo < lu = ™| oo

5.2.3 Significance of the Lipschitz constant

The Lipschitz constant measures how much f(u, ¢) changes if we perturb u (at some fixed
time ¢). Since f(u,t) = u'(¢), the slope of the line tangent to the solution curve through
the value u, this indicates how the slope of the solution curve will vary if we perturb u. The
significance of this is best seen through some examples.

Example 5.6. Consider the trivial equation u/(t) = g(¢), which has Lipschitz con-
stant L = 0 and solutions given by (5.10). Several solution curves are sketched in Fig-
ure 5.1. Note that all these curves are “parallel”; they are simply shifted depending on
the initial data. Tangent lines to the curves at any particular time are all parallel since
f(u,t) = g(¢) is independent of u.

Example 5.7. Consider u/(t) = Au(t) with A constant and L = |A|. Then u(t) =
u(0) exp(At). Two situations are shown in Figure 5.2 for negative and positive values of A.
Here the slope of the solution curve does vary depending on . The variation in the slope
with u (at fixed #) gives an indication of how rapidly the solution curves are converging
toward one another (in the case A < 0) or diverging away from one another (in the case
A > 0). If the magnitude of A were increased, the convergence or divergence would clearly
be more rapid.

The size of the Lipschitz constant is significant if we intend to solve the problem
numerically since our numerical approximation will almost certainly produce a value U"
at time #, that is not exactly equal to the true value u(#,). Hence we are on a different
solution curve than the true solution. The best we can hope for in the future is that we stay
close to the solution curve that we are now on. The size of the Lipschitz constant gives an
indication of whether solution curves that start close together can be expected to stay close
together or might diverge rapidly.
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Figure 5.1. Solution curves for Example 5.6, where L = 0.
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Figure 5.2. Solution curves for Example 5.7 with (a) A = —3 and (b) A = 3.

5.2.4 Limitations

Actually, the Lipschitz constant is not the perfect tool for this purpose, since it does not
distinguish between rapid divergence and rapid convergence of solution curves. In both
Figure 5.2(a) and Figure 5.2(b) the Lipschitz constant has the same value L = |A| = 3.
But we would expect that rapidly convergent solution curves as in Figure 5.2(a) should be
easier to handle numerically than rapidly divergent ones. If we make an error at some stage,
then the effect of this error should decay at later times rather than growing. To some extent
this is true and as a result error bounds based on the Lipschitz constant may be orders of
magnitude too large in this situation.

However, rapidly converging solution curves can also give serious numerical diffi-
culties, which one might not expect at first glance. This is discussed in detail in Chapter 8,
which covers stiff equations.

One should also keep in mind that a small value of the Lipschitz constant does not
necessarily mean that two solution curves starting close together will stay close together
forever.

Example 5.8. Consider two solutions to the pendulum problem from Example 5.5,

one with initial data
01(0) = —e, v1(0) =0,

and the other with
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120 Chapter 5. The Initial Value Problem for Ordinary Differential Equations

0,(0) =7 + ¢, v2(0) = 0.

The Lipschitz constant is 1 and the data differ by 2¢, which can be arbitrarily small, and
yet the solutions eventually diverge dramatically, as Solution 1 falls toward 8§ = 0, while
in Solution 2 the pendulum falls the other way, toward 6 = 2.

In this case the IVP is very ill conditioned: small changes in the data can lead to order
1 changes in the solution. As always in numerical analysis, the solution of ill-conditioned
problems can be very hard to compute accurately.

5.3 Some basic numerical methods

We begin by listing a few standard approaches to discretizing (5.1). Note that the IVP
differs from the BVP considered before in that we are given all the data at the initial time
to = 0 and from this we should be able to march forward in time, computing approxima-
tions at successive times ty, t,, .... We will use k to denote the time step, so t, = nk for
n > 0. It is convenient to use the symbol k, which is different from the spatial grid size
h, since we will soon study PDEs which involve both spatial and temporal discretizations.
Often the symbols Az and Ax are used.
We are given initial data

U=y (5.17)
and want to compute approximations U!, U2, ... satisfying
U" ~ u(ty).

We will use superscripts to denote the time step index, again anticipating the notation of
PDEs where we will use subscripts for spatial indices.

The simplest method is Euler’s method (also called forward Euler), based on replac-
ing v (t,) with D, U™ = (U™! — U")/k from (1.1). This gives the method

Un+1 —_yn
k

Rather than viewing this as a system of simultaneous equations as we did for the BVP, it is
possible to solve this explicitly for U”*! in terms of U":

= f(U"), n=20,1, .... (5.18)

U™l =U" + kf(U"). (5.19)

From the initial data U°® we can compute U', then U2, and so on. This is called a time-
marching method.
The backward Euler method is similar but is based on replacing u’(¢,+1) with
D_ Un+1 .
Un+1 —_yn
—— =/ (5.20)
or

U™l =U" + kfU™, (5.21)

Again we can march forward in time since computing U”*! requires only that we know
the previous value U”. In the backward Euler method, however, (5.21) is an equation that
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5.4. Truncation errors 121

must be solved for U"*!, and in general f(u) is a nonlinear function. We can view this as
looking for a zero of the function

gu) =u—kfu)—U"

which can be approximated using some iterative method such as Newton’s method.
Because the backward Euler method gives an equation that must be solved for U" 1,
it is called an implicit method, whereas the forward Euler method (5.19) is an explicit
method.
Another implicit method is the trapezoidal method, obtained by averaging the two

Euler methods: "
grt-yn 1
= W+ fU). (5.22)

As one might expect, this symmetric approximation is second order accurate, whereas the
Euler methods are only first order accurate.

The above methods are all one-step methods, meaning that U" ! is determined from
U™ alone and previous values of U are not needed. One way to get higher order accuracy
is to use a multistep method that involves other previous values. For example, using the
approximation

we k) —ue—k) 1, ,
o = /() + k2" (1) + O(k*)

yields the midpoint method (also called the leapfrog method),

Un+1 _ Un—l
= S (5.23)

or
Ut = Ut 42k F(UM), (5.24)

which is a second order accurate explicit 2-step method. The approximation D,u from
(1.11), rewritten in the form

k) —4 —k 1

yields a second order implicit 2-step method

3U —4U" + U
2k

= f(U"h. (5.25)

This is one of the backward differentiation formula (BDF) methods that will be discussed
further in Chapter 8.

5.4 Truncation errors

The truncation error for these methods is defined in the same way as in Chapter 2. We write
the difference equation in the form that directly models the derivatives (e.g., in the form
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122 Chapter 5. The Initial Value Problem for Ordinary Differential Equations

(5.23) rather than (5.24)) and then insert the true solution to the ODE into the difference
equation. We then use Taylor series expansion and cancel out common terms.
Example 5.9. The local truncation error (LTE) of the midpoint method (5.23) is
defined by
. u(ln+1)_u(ln—1)

AL

= [u’(z,,) + ékzu’”(t,,) + O(k“)} —u'(ty)
= K" (0) + O,

Note that since u(¢) is the true solution of the ODE, u'(t,) = f(u(ty)). The O(k?) term
drops out by symmetry. The truncation error is O(k?) and so we say the method is second
order accurate, although it is not yet clear that the global error will have this behavior. As
always, we need some form of stability to guarantee that the global error will exhibit the
same rate of convergence as the local truncation error. This will be discussed below.

5.5 One-step errors

In much of the literature concerning numerical methods for ODEs, a slightly different def-
inition of the local truncation error is used that is based on the form (5.24), for example,
rather than (5.23). Denoting this value by £", we have

L" = u(tnt1) — ultn—1) — 2k f(u(tn)) (5.26)
= K ) + OG°),

Since £" = 2kt", this local error is O(k?) rather than O(k?), but of course the global
error remains the same and will be O(k?). Using this alternative definition, many standard
results in ODE theory say that a pth order accurate method should have an LTE that is
O(kPT!). With the notation we are using, a pth order accurate method has an LTE that is
O(k?). The notation used here is consistent with the standard practice for PDEs and leads
to a more coherent theory, but one should be aware of this possible source of confusion.

In this book £" will be called the one-step error, since this can be viewed as the error
that would be introduced in one time step if the past values U”, U"~!, ... were all taken
to be the exact values from u(¢). For example, in the midpoint method (5.24) we suppose
that

U =u(t,) and U" ' = u(ty_1)

and we now use these values to compute U”*!, an approximation to u(t,+1):

”(ln—l) + Zkf(”(tn))
uU(ty—1) + 2ku’(t).

Un+1

Then the error is

Utn1) — U™ = ultygr) — ultn—1) — 2k’ (ty) = L.
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From (5.26) we see that in one step the error introduced is O(k?). This is consistent with
second order accuracy in the global error if we think of trying to compute an approximation
to the true solution u(7") at some fixed time 7 > 0. To compute from time ¢ = 0 up to
time 7', we need to take 7'/ k time steps of length k. A rough estimate of the error at time
T might be obtained by assuming that a new error of size L" is introduced in the nth time
step and is then simply carried along in later time steps without affecting the size of future
local errors and without growing or diminishing itself. Then we would expect the resulting
global error at time 7" to be simply the sum of all these local errors. Since each local error
is O(k?) and we are adding up 7'/ k of them, we end up with a global error that is O(k?).

This viewpoint is in fact exactly right for the simplest ODE (5.9), in which f'(u, ) =
g(t) is independent of u and the solution is simply the integral of g, but it is a bit too
simplistic for more interesting equations since the error at each time feeds back into the
computation at the next step in the case where f(u,?) depends on u. Nonetheless, it is
essentially right in terms of the expected order of accuracy, provided the method is stable.
In fact, it is useful to think of stability as exactly what is needed to make this naive analysis
correct, by ensuring that the old errors from previous time steps do not grow too rapidly in
future time steps. This will be investigated in detail in the following chapters.

5.6 Taylor series methods

The forward Euler method (5.19) can be derived using a Taylor series expansion of u(#;+1)
about u(%,):

1) = uln) + Kl ) + K2 ) + -+ (5.27)

If we drop all terms of order k2 and higher and use the differential equation to replace
u'(ty) with f(u(ty), ty), we obtain

U(tnt1) ~ u(ty) + kf(u(tn), tn).

This suggests the method (5.19). The 1-step error is O(k?) since we dropped terms of this
order.

A Taylor series method of higher accuracy can be derived by keeping more terms in
the Taylor series. If we keep the first p + 1 terms of the Taylor series expansion

1 1
Ultn1) ~ (ta) + Kt () + SK2u" (1) + -+ —kPu? (1)
p!

we obtain a pth order accurate method. The problem is that we are given only

u'(t) = f(u(),1)

and we must compute the higher derivatives by repeated differentiation of this function.
For example, we can compute

u(t) = fulu(®), ' () + fi(u(),1)

5.28
— L@ S @) ) + fruo).0). :28)
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124 Chapter 5. The Initial Value Problem for Ordinary Differential Equations

This can result in very messy expressions that must be worked out for each equation,
and as a result this approach is not often used in practice. However, it is such an obvious
approach that it is worth mentioning, and in some cases it may be useful. An example
should suffice to illustrate the technique and its limitations.

Example 5.10. Suppose we want to solve the equation

u'(t) = 12 sin(u(t)). (5.29)
Then we can compute

u”(t) = 2t sin(u(r)) + > cos(u(t)) u' (r)
= 2¢sin(u(z)) + t* cos(u(t)) sin(u(t)).

A second order method is given by
1
U™ = U" + kt?sin(U") + EkZ[ZI,, sin(U™) + t cos(U™) sin(U™)].

Clearly higher order derivatives can be computed and used, but this is cumbersome even for
this simple example. For systems of equations the method becomes still more complicated.

This Taylor series approach does get used in some situations, however—for example,
in the derivation of the Lax—Wendroff method for hyperbolic PDEs; see Section 10.3. See
also Section 11.3.

5.7 Runge-Kutta methods

Most methods used in practice do not require that the user explicitly calculate higher order
derivatives. Instead a higher order finite difference approximation is designed that typically
models these terms automatically.

A multistep method of the sort we will study in Section 5.9 can achieve high accu-
racy by using high order polynomial interpolation through several previous values of the
solution and/or its derivative. To achieve the same effect with a 1-step method it is typi-
cally necessary to use a multistage method, where intermediate values of the solution and
its derivative are generated and used within a single time step.

Example 5.11. A two-stage explicit Runge—Kutta method is given by

* n l n
A AC (5.30)

Ut =U" + kf(U).

In the first stage an intermediate value is generated that approximates u(f,1/2) via Euler’s

method. In the second step the function f" is evaluated at this midpoint to estimate the slope

over the full time step. Since this now looks like a centered approximation to the derivative

we might hope for second order accuracy, as we’ll now verify by computing the LTE.
Combining the two steps above, we can rewrite the method as

Ut = U" + kf (U” + %kf(U”)) .
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Viewed this way, this is clearly a 1-step explicit method. The truncation error is

T = %(u(tm) —utn) = (u(tn) + %kf(u(tn))) : (5.3
Note that
7 (w4 37 wn ) =1 () + k')

= ) 5K o) )+ K ) S )+

Since f(u(t,)) = u'(t,) and differentiating gives f’(u)u’ = u”, we obtain
(1) + 370D ) =0 + o) + O
Using this in (5.31) gives
= % (ku’(t,,) + %kzu”(tn) + 0(k3))

_ (u’(z,,) + %ku”(t,,) + O(kz))
= 0(k?)

and the method is second order accurate. (Check the O(k?) term to see that this does not
vanish.)

Remark: Another way to determine the order of accuracy of this simple method is to
apply it to the special test equation «’ = Au, which has solution u(t,+1) = e**u(t,), and
determine the error on this problem. Here we obtain

1
Urtl = U™ + ka (U” + EkkU”)

1
=U"+ (kMU" + 5(k)\)ZU"
= U + 0(k?).

The one-step error is O(k*) and hence the LTE is O(k?). Of course we have checked only
that the LTE is O(k?) on one particular function u(t) = e*!, not on all smooth solutions,
and for general Runge—Kutta methods for nonautonomous problems this approach gives
only an upper bound on the method’s order of accuracy. Applying a method to this special
equation is also a fundamental tool in stability analysis—see Chapter 7.

Example 5.12. The Runge—Kutta method (5.30) can be extended to nonautonomous
equations of the form u/(¢t) = f(u(¢), 1):

1
U*=U0"+ Ekf(U",ln),

(5.32)
)

k
Ut =U" + kf (U*,tn + =
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This is again second order accurate, as can be verified by expanding as above, but it is
slightly more complicated since Taylor series in two variables must be used.

Example 5.13. One simple higher order Runge—Kutta method is the fourth order
four-stage method given by

Y1 =U",

1
Yo =U"+ Skf(Y1. 1),

1 k
Ys;=U"+ -k Yo,tn + =,
3 +2 f( 20 tn + 2)
k
Y4 =U" + kf (Y3,ln =+ E) s (533)
n+1 __ n E E
U =U +6 f(Yl,ln)+2f Yz,ln+2

+2f (Y3,ln + %) + f(Y4,ln +k)i| .

Note that if f(u,?) = f(¢) does not depend on u, then this reduces to Simpson’s rule for
the integral. This method was particularly popular in the precomputer era, when computa-
tions were done by hand, because the coefficients are so simple. Today there is no need to
keep the coefficients simple and other Runge—Kutta methods have advantages.

A general r-stage Runge—Kutta method has the form

r
Y = U”+kZa1jf(Yj,tn+cjk),
j=1

Y, =U" +kZa2jf(Yjaln +Cjk),

j=1
, (5.34)
Y, =U"+k Za,jf(Yj,tn +Cjk),
j=1
r
Ut = U"+k Y b f(Yj.ta + cjk).
j=1
Consistency requires
r
Za,-jzc,-, i=l,2,...,r,
j=1
(5.35)

Y bj=1.
j=1
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5.7. Runge—Kutta methods 127

If these conditions are satisfied, then the method will be at least first order accurate.
The coefficients for a Runge—Kutta method are often displayed in a so-called Butcher
tableau:

¢ |air ... dir
Cr | dr1r ... drp (5.36)
by ... b

For example, the fourth order Runge—Kutta method given in (5.33) has the following
tableau (entries not shown are all 0):

0
172 | 172
721 0 12

1 0 0 1

1’6 173 173 1/6

An important class of Runge—Kutta methods consists of the explicit methods for
which a;; = 0 for j > i. For an explicit method, the elements on and above the diag-
onal in the g;; portion of the Butcher tableau are all equal to zero, as, for example, with
the fourth order method displayed above. With an explicit method, each of the Y; values is
computed using only the previously computed Y.

Fully implicit Runge—Kutta methods, in which each ¥; depends on all the Y, can be
expensive to implement on systems of ODEs. For a system of s equations (where each Y; is
in R¥), a system of sr equations must be solved to compute the r vectors Y; simultaneously.

One subclass of implicit methods that are simpler to implement are the diagonally
implicit Runge—Kutta methods (DIRK methods) in which ¥; depends on Y; for j <1i,1i.e,,
aijj = 0 for j > i. For a system of s equations, DIRK methods require solving a sequence
of r implicit systems, each of size s, rather than a coupled set of s equations as would
be required in a fully implicit Runge—Kutta method. DIRK methods are so named because
their tableau has zero values above the diagonal but possibly nonzero diagonal elements.

Example 5.14. A second order accurate DIRK method is given by

Y, =U",

Y, = U”+§[f(Y1,tn)+f(Yz,tn+ %)}

(5.37)

Y; = Un+§|:f(Ylaln)+f(Y23ln+§)+f(Y3,ln+k)]a

k k
Un+1 =Y; = u" + g[f(Ylaln)'i'f(YZaln'FE) +f(Y3aln+k)i|‘

This method is known as the TR-BDF2 method and is derived in a different form in Sec-
tion 8.5. Its tableau is
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128 Chapter 5. The Initial Value Problem for Ordinary Differential Equations

0
172 | 174 1/4
1 |13 1/3 1/3

‘1/3 173 1/3

In addition to the conditions (5.35), a Runge—Kutta method is second order accurate
if

d 1
ijcj =5 (5.38)
j=1

as is satisfied for the method (5.37). Third order accuracy requires two additional condi-
tions:

r
1
2 _
be‘fj =3
j=1

ror
Z Zb,-a,-jcj = g

i=1j=1

(5.39)

Fourth order accuracy requires an additional four conditions on the coefficients, and higher
order methods require an exponentially growing number of conditions.

An r-stage explicit Runge—Kutta method can have order at most r, although forr > 5
the order is strictly less than the number of stages. Among implicit Runge—Kutta methods,
r-stage methods of order 2r exist. There typically are many ways that the coefficients a;;
and b; can be chosen to achieve a given accuracy, provided the number of stages is suffi-
ciently large. Many different classes of Runge—Kutta methods have been developed over
the years with various advantages. The order conditions are quite complicated for higher-
order methods and an extensive theory has been developed by Butcher for analyzing these
methods and their stability properties. For more discussion and details see, for example,
[13], [43], [44].

Using more stages to increase the order of a method is an obvious strategy. For some
problems, however, we will also see that it can be advantageous to use a large number of
stages to increase the stability of the method while keeping the order of accuracy relatively
low. This is the idea behind the Runge—Kutta—Chebyshev methods, for example, discussed
in Section 8.6.

5.7.1 Embedded methods and error estimation

Most practical software for solving ODEs does not use a fixed time step but rather adjusts
the time step during the integration process to try to achieve some specified error bound.
One common way to estimate the error in the computation is to compute using two different
methods and compare the results. Knowing something about the error behavior of each
method often allows the possibility of estimating the error in at least one of the two results.

A simple way to do this for ODEs is to take a time step with two different methods,
one of order p and one of a different order, say, p + 1. Assuming that the time step is
small enough that the higher order method is really generating a better approximation, then
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the difference between the two results will be an estimate of the one-step error in the lower
order method. This can be used as the basis for choosing an appropriate time step for the
lower order approximation. Often the time step is chosen in this manner, but then the higher
order solution is used as the actual approximation at this time and as the starting point for
the next time step. This is sometimes called local extrapolation. Once this is done there is
no estimate of the error, but presumably it is even smaller than the error in the lower order
method and so the approximation generated will be even better than the required tolerance.
For more about strategies for time step selection, see, for example, [5], [43], [78].

Note, however, that the procedure of using two different methods in every time step
could easily double the cost of the computation unless we choose the methods carefully.
Since the main cost in a Runge—Kutta method is often in evaluating the function f(u,?),
it makes sense to reuse function values as much as possible and look for methods that
provide two approximations to U"*! of different order based on the same set of function
evaluations, by simply taking different linear combinations of the f'(Y;, #, +c;k) values in
the final stage of the Runge-Kutta method (5.34). So in addition to the value U"*! given
there we would like to also compute a value

0”+1 :U”-i—kZl;jf(Yj,ln-i-Cjk) (5.40)
j=1

that gives an approximation of a different order that can be used for error estimation. These
are called embedded Runge—Kutta methods and are often displayed in a tableau of the form

¢ | d1ir ... QAir

Cy ar1 Adyy
(5.41)

by ... b,

by ... b

As a very simple example, the second order Runge—Kutta method (5.32) could be
combined with the first order Euler method:

Y, =U",

1
Y,=U"+ Ekf(Ylaln)a
k (5.42)
yrtt = pyn +kf(Y2,ln + E) ,

U™ = U" + kf (Y1, tn).

Note that the computation of U1 reuses the value f(Y1,1,) obtained in computing Y>
and is essentially free. Also note that
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U“*—U“‘=k(ﬂnm»—f05&+§))

~ k (u'(tn) = ' (tar1/2)) (5.43)
1
~ Ekzu”(z,,),

which is approximately the one-step error for Euler’s method.

Most software based on Runge—Kutta methods uses embedded methods of higher
order. For example, the ode45 routine in MATLAB uses a pair of embedded Runge-Kutta
methods of order 4 and 5 due to Dormand and Prince [25]. See Shampine and Reichelt [78]
for implementation details (or typeoded5 in MATLAB).

5.8 One-step versus multistep methods

Taylor series and Runge-Kutta methods are one-step methods; the approximation U"*1
depends on U” but not on previous values U"~!, U"=2, .... In the next section we will
consider a class of multistep methods where previous values are also used (one example is
the midpoint method (5.24)).

One-step methods have several advantages over multistep methods:

e The methods are self-starting: from the initial data U° the desired method can be
applied immediately. Multistep methods require that some other method be used
initially, as discussed in Section 5.9.3.

e The time step k can be changed at any point, based on an error estimate, for example.
The time step can also be changed with a multistep method but more care is required
since the previous values are assumed to be equally spaced in the standard form of
these methods given below.

o If the solution u(?) is not smooth at some isolated point * (for example, because
f(u,t) is discontinuous at #*), then with a one-step method it is often possible to get
full accuracy simply by ensuring that #* is a grid point. With a multistep method that
uses data from both sides of * in approximating derivatives, a loss of accuracy may
occur.

On the other hand, one-step methods have some disadvantages. The disadvantage of
Taylor series methods is that they require differentiating the given equation and are cum-
bersome and often expensive to implement. Runge—Kutta methods only use evaluations of
the function f, but a higher order multistage method requires evaluating f several times
each time step. For simple equations this may not be a problem, but if function values
are expensive to compute, then high order Runge—Kutta methods may be quite expensive
as well. This is particularly true for implicit methods, where an implicit nonlinear system
must be solved in each stage.

An alternative is to use a multistep method in which values of f already computed
in previous time steps are reused to obtain higher order accuracy. Typically only one new
f evaluation is required in each time step. The popular class of linear multistep methods
is discussed in the next section.
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5.9. Linear multistep methods 131

5.9 Linear multistep methods

All the methods introduced in Section 5.3 are members of a class of methods called linear
multistep methods (LMMs). In general, an r-step LMM has the form

D iU =k Y B fU ). (5.44)

Jj=0 Jj=0

The value U"*" is computed from this equation in terms of the previous values U"*"~1,
Urtr=2, ..., U™ and f values at these points (which can be stored and reused if f is
expensive to evaluate).

If B, = 0, then the method (5.44) is explicit; otherwise it is implicit. Note that we
can multiply both sides by any constant and have essentially the same method, although
the coefficients o; and 8; would change. The normalization o, = 1 is often assumed to
fix this scale factor.

There are special classes of methods of this form that are particularly useful and have
distinctive names. These will be written out for the autonomous case where f(u,7) = f(u)
to simplify the formulas, but each can be used more generally by replacing f(U"*/) with
SU"™ 1,4 ) in any of the formulas.

Example 5.15. The Adams methods have the form

r
Ut =tttk YR f(U). (5.45)
j=0
These methods all have
ar =1, a1 =-1, and a; =0forj <r—1.

The B; coefficients are chosen to maximize the order of accuracy. If we require 8, = 0
so the method is explicit, then the r coefficients By, B1, ..., Br—1 can be chosen so that
the method has order r. This can be done by using Taylor series expansion of the local
truncation error and then choosing the 8; to eliminate as many terms as possible. This
gives the explicit Adams—Bashforth methods.

Another way to derive the Adams—Bashforth methods is by writing

Intr
Ultntr) = Ultnpr—1) + / W' () di
It (5.46)
Intr
= ulpgr1) + / Fu(t)) di
ngr—1

and then applying a quadrature rule to this integral to approximate

tn4r r—1
|7 rwendn k3B £ ). (5.47)
f r

n+r—1 j

This quadrature rule can be derived by interpolating f'(u(¢)) by a polynomial p(¢) of degree
r — 1 at the points #,, ty+1, -..,n+r—1 and then integrating the interpolating polynomial.

Either approach gives the same r-step explicit method. The first few are given
below.
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l-step: U"T! = U" + kf(U")

Explicit Adams-Bashforth methods

(forward Euler)

k
2-step: U2 = UM 4 Z(—/(U") +3/(U"T)

k
3-step: U3 = U"t? 4 56 (U™ —16f (U™ + 231 (U"F?))

4-step: U"T* = U™t 4 2k—4(—9f(U”) + 371U = 59F(U™T?) + 55£(U"T?))

If we allow B, to be nonzero, then we have one more free parameter and so we can
eliminate an additional term in the LTE. This gives an implicit method of order r + 1
called the r-step Adams—Moulton. These methods can again be derived by polynomial
interpolation, now using a polynomial p(¢) of degree r that interpolates f(u(z)) at the

points t,, 441, ...,+r and then integrating the interpolating polynomial.

1-step:
2-step:
3-step:

4-step:

Implicit Adams-Moulton methods

Ut =y + %(f(U”) + f(U™)) (trapezoidal method)
Un+2 — Un+1 + lk_z(_f(Un) + 8f(Un+1) + 5f(Un+2))
Un+3 — Un+2 4 2k_4(f(Un) _ 5f(Un+1) 4 19f(Un+2) 4 9f(Un+3))

gt s 7’;_0(_19f(un) +106£(U™) — 264 £(U"F?)
+ 646/ (U") + 251/ (U™H))

Example 5.16. The explicit Nystrom methods have the form

with the B; chosen to give order r. The midpoint method (5.23) is a two-step explicit
Nystrom method. A two-step implicit Nystrom method is Simpson’s rule,

This reduces to Simpson’s rule for quadrature if applied to the ODE u/(¢) = f(¢).

r—1
yntr = grtr—2 +k Zﬂjf(U’H'j)

U = U 4 2K U + 470 + )

5.9.1 Local truncation error

For LMMs it is easy to derive a general formula for the LTE. We have

T(lntr) =

1

k

r
Z(Xju(ln_H'
Jj=0

Jj=0

)=k > Bju (tarj)

Jj=0
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We have used f(u(tn+;)) = t'(ta4) since u(t) is the exact solution of the ODE. Assum-
ing u is smooth and expanding in Taylor series gives

1
Ultngj) = ultn) + jku'(tn) + E(J'k)zu”(tn) 4o
1
utnyj) = u'(tn) + jku" (ta) + E(J'k)zu”’(tn) +e

and so

1 r r
ttnir) = D oy fult) + | Y G —B)) | (i)
j=0 j=0

" (1
+k Z(Ejzaj—jﬂj) u” (tn)
j=0

r

- 1. |
4o k9 Z(a]qaj_(q—l)!]q 1,3j) u@ ) + -

Jj=0

The method is consistent if t — 0 as k — 0, which requires that at least the first two terms
in this expansion vanish:

r r r
;=0 and > joj =) B (5.48)
Jj=0 Jj=0 j=0

If the first p + 1 terms vanish, then the method will be pth order accurate. Note that
these conditions depend only on the coefficients «; and 8; of the method and not on the
particular differential equation being solved.

5.9.2 Characteristic polynomials

It is convenient at this point to introduce the so-called characteristic polynomials p(¢{) and
0 (¢) for the LMM:

PO =) a;¢/  and o) =) B¢ (5.49)
Jj=0 j=0

The first of these is a polynomial of degree r. So is o ({) if the method is implicit; otherwise
its degree is less than r. Note that p(1) = > «; and also that p'({) = Y_ jer;¢/ ™!, so that
the consistency conditions (5.48) can be written quite concisely as conditions on these two
polynomials:

p()=0 and p'(1) =0o(l). (5.50)

This, however, is not the main reason for introducing these polynomials. The location of
the roots of certain polynomials related to p and o plays a fundamental role in stability
theory as we will see in the next two chapters.
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Example 5.17. The two-step Adams—Moulton method
k
Unt? = U 4 S (S (U) + 8/ (UM + 5/UTT2)) (5.51)

has characteristic polynomials
1
PO == o)) = (-1 +80 450, (5:52)

5.9.3 Starting values

One difficulty with using LMMs if > 1 is that we need the values ve, ut, ..., ur!
before we can begin to apply the multistep method. The value U°® = 7 is known from the
initial data for the problem, but the other values are not and typically must be generated by
some other numerical method or methods.

Example 5.18. If we want to use the midpoint method (5.23), then we need to gener-
ate U by some other method before we begin to apply (5.23) with n = 1. We can obtain
U! from U° using any one-step method, such as Euler’s method or the trapezoidal method,
or a higher order Taylor series or Runge—Kutta method. Since the midpoint method is sec-
ond order accurate we need to make sure that the value U' we generate is sufficiently
accurate so that this second order accuracy will not be lost. Our first impulse might be
to conclude that we need to use a second order accurate method such as the trapezoidal
method rather than the first order accurate Euler method, but this is wrong. The overall
method is second order in either case. The reason that we achieve second order accuracy
even if Euler is used in the first step is exactly analogous to what was observed earlier for
boundary value problems, where we found that we can often get away with one order of
accuracy lower in the local error at a single point than what we have elsewhere.

In the present context this is easiest to explain in terms of the one-step error. The
midpoint method has a one-step error that is O(k?) and because this method is applied
in O(T/ k) time steps, the global error is expected to be O(k?). Euler’s method has a
one-step error that is O(k?), but we are applying this method only once.

If U = 5 = u(0), then the error in U obtained with Euler will be O(k?). If the
midpoint method is stable, then this error will not be magnified unduly in later steps and
its contribution to the global error will be only O(k?). The overall second order accuracy
will not be affected.

More generally, with an r-step method of order p, we need r starting values

v, u', ..., U!

and we need to generate these values using a method that has a one-step error that is
O(k”?) (corresponding to an LTE that is O(k?~!)). Since the number of times we apply
this method (» — 1) is independent of k as k — 0, this is sufficient to give an O(k?) global
error. Of course somewhat better accuracy (a smaller error constant) may be achieved by
using a pth order accurate method for the starting values, which takes little additional work.

In software for the IVP, multistep methods generally are implemented in a form that
allows changing the time step during the integration process, as is often required to ef-
ficiently solve the problem. Typically the order of the method is also allowed to vary,

2007/6/1
page 134

e



5.9. Linear multistep methods 135

depending on how the solution is behaving. In such software it is then natural to solve the
starting-value problem by initially taking a small time step with a one-step method and then
ramping up to higher order methods and longer time steps as the integration proceeds and
more past data are available.

5.9.4 Predictor-corrector methods

The idea of comparing results obtained with methods of different order as a way to choose
the time step, discussed in Section 5.7.1 for Runge—Kutta methods, is also used with
LMMs. One approach is to use a predictor-corrector method, in which an explicit Adams—
Bashforth method of some order is used to predict a value U1 and then the Adams—
Moulton method of the same order is used to “correct” this value. This is done by using
U1 on the right-hand side of the Adams—Moulton method inside the f evaluation, so
that the Adams—Moulton formula is no longer implicit. For example, the one-step Adams—
Bashforth (Euler’s method) and the one-step Adams—Moulton method (the trapezoidal
method) could be combined into

0n+1 =U"+kf(U").
1 A (5.53)
Un+1 — Un 4 Ek(f(Un) +f(Un+1)).

It can be shown that this method is second order accurate, like the trapezoidal method,
but it also generates a lower order approximation and the difference between the two can
be used to estimate the error. The MATLAB routine ode113 uses this approach, with
Adams—Bashforth—Moulton methods of orders 1-12; see [78].
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Chapter 6

Zero-Stability and
Convergence for Initial
Value Problems

6.1 Convergence

To discuss the convergence of a numerical method for the initial value problem, we focus
on a fixed (but arbitrary) time 7" > 0 and consider the error in our approximation to u(7")
computed with the method using time step k. The method converges on this problem if
this error goes to zero as k — 0. Note that the number of time steps that we need to take
to reach time 7T increases as k — 0. If we use N to denote this value (N = T/ k), then
convergence means that

lim UN = u(T). (6.1)

Nk=T
In principle a method might converge on one problem but not on another, or converge
with one set of starting values but not with another set. To speak of a method being
convergent in general, we require that it converges on all problems in a reasonably large
class with all reasonable starting values. For an r-step method we need r starting values.
These values will typically depend on k, and to make this clear we will write them as
U°k), U'(k), ..., U "' (k). While these will generally approximate () at the times
to =0,4 =k,..., tr—y = (r — 1)k, respectively, as k — 0, each of these times ap-
proaches 7y = 0. So the weakest condition we might put on our starting values is that they
converge to the correct initial value 1 as k — 0:

lim U(k)=n forv=0,1, ..., r—1. (6.2)
k—0
We can now state the definition of convergence.
Definition 6.1. An r-step method is said to be convergent if applying the method to any
ODE (5.1) with f(u, t) Lipschitz continuous in u, and with any set of starting values satis-
fying (6.2), we obtain convergence in the sense of (6.1) for every fixed time T > 0 at which

the ODE has a unique solution.

To be convergent, a method must be consistent, meaning as before that the local
truncation error (LTE) is o(1) as k — 0, and also zero-stable, as described later in this

137
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chapter. We will begin to investigate these issues by first proving the convergence of one-
step methods, which turn out to be zero-stable automatically. We start with Euler’s method
on linear problems, then consider Euler’s method on general nonlinear problems and finally

extend this to a wide class of one-step methods.

6.2 The test problem

Much of the theory presented below is based on examining what happens when a method

is applied to a simple scalar linear equation of the form

u'(t) = hu(r) + g(1)

with initial data
u(to) = n.
The solution is then given by Duhamel’s principle (5.8),

t
u(t) = M=)y 4 / Mg () dr.

o

6.3 One-step methods
6.3.1 Euler’s method on linear problems
If we apply Euler’s method to (6.3), we obtain
U™ =U" + kQU" + g(tn))
=1 +kMNU" + kg(ty).
The LTE for Euler’s method is given by

N k

1
= 5ku”(zn) + O(k?).

Rewriting this equation as

u(tn1) = (1 +kMu(ty) + kg(tn) + k7"

and subtracting this from (6.5) gives a difference equation for the global error E”:

E"™! = (1 4+ kAME" — k1"

) — (Au(ty) + g(tn))

(”/(tn) + %k””(l‘n) + O(kz)) - ”/(ln)

(6.3)

(6.4)

(6.5)

(6.6)

6.7)

Note that this has exactly the same form as (6.5) but with a different nonhomogeneous term:
—1" in place of g(#,). This is analogous to equation (2.15) in the boundary value theory
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6.3. One-step methods 139

and again gives the relation we need between the local truncation error t” (which is easy
to compute) and the global error E” (which we wish to bound). Note again that linearity
plays a critical role in making this connection. We will consider nonlinear problems below.

Because the equation and method we are now considering are both so simple, we
obtain an equation (6.7) that we can explicitly solve for the global error E”. Applying the
recursion (6.7) repeatedly we see what form the solution should take:

E" =1+ kMNE"! — "t
=14+ EN[(1 +kMNE"2? —kt" 2] — k™!

By induction we can easily confirm that in general

E"=(1+k\)'E® =k Y (14 kn)""c"". (6.8)

m=1

(Note that some of the superscripts are powers while others are indices!) This has a form
that is very analogous to the solution (6.4) of the corresponding ordinary differential equa-
tion (ODE), where now (1 + kA)"~™ plays the role of the solution operator of the homo-
geneous problem—it transforms data at time #,, to the solution at time #,. The expression
(6.8) is sometimes called the discrete form of Duhamel’s principle.
We are now ready to prove that Euler’s method converges on (6.3). We need only
observe that
|1+ kA| < e (6.9)

and so
(1 +k)\’)n—m E e(n—m)k\M E enk‘M E e‘MT’ (610)

provided that we restrict our attention to the finite time interval 0 < ¢ < T, so that ¢, =
nk < T. It then follows from (6.8) that

|E"| < eMT (|E°|+k > |z'"—1|) (6.11)

m=1

< eMT(|E® + nk max |t™7']).
1=m=n

Let N = T/ k be the number of time steps needed to reach time 7" and set

Itlloo = max |z"].
0<n<N-1

From (6.6) we expect

1
Ielloo & Skllu" oo = OK).

where ||u”| oo is the maximum value of the function u” over the interval [0, T']. Then for
t = nk < T, we have from (6.11) that

|E"| < MT(|E® + T|t]|o0)-
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140 Chapter 6. Zero-Stability and Convergence for Initial Value Problems

If (6.2) is satisfied then E° — 0 as k — 0. In fact for this one-step method we would
generally take U = u(0) = n, in which case £° drops out and we are left with

|E" < eMTT||1]|oo = O(k) as k — 0 (6.12)

and hence the method converges and is in fact first order accurate.

Note where stability comes into the picture. The one-step error L7~ ! = k¢™!
introduced in the mth step contributes the term (1 + kA)"~™£™~! to the global error. The
fact that |(1 + kA)"™™| < e!*T is uniformly bounded as k — 0 allows us to conclude that
each contribution to the final error can be bounded in terms of its original size as a one-step
error. Hence the “naive analysis” of Section 5.5 is valid, and the global error has the same
order of magnitude as the local truncation error.

6.3.2 Relation to stability for boundary value problems

To see how this ties in with the definition of stability used in Chapter 2 for the BVP, it
may be useful to view Euler’s method as giving a linear system in matrix form, although
this is not the way it is used computationally. If we view the equations (6.5) for n = 0,

1, ..., N —1lasalinear system AU = F forU =[U!, U?, ..., UN|T, then
_ : _
—(1+kA) 1
1 —(1+kr) 1
A= —
k .
—(1+kA) 1
i —(I+kr) 1 |
and
U] [ (1/k + MU + g(to) ]
U? g(t)
U? g(%2)
U= . ) F= .
UN-1 gltn—2)
L UV L g(tn-1) i

We have divided both sides of (6.5) by k to conform to the notation of Chapter 2. Since
the matrix A is lower triangular, this system is easily solved by forward substitution, which
results in the iterativeAequation (6.5).

If we now let U be the vector obtained from the true solution as in Chapter 2, then
subtracting AU = F + 1 from AU = F, we obtain (2.15) (the matrix form of (6.7)) with
solution (6.8). We are then in exactly the same framework as in Chapter 2. So we have
convergence and a global error with the same magnitude as the local error provided that
the method is stable in the sense of Definition 2.1, i.e., that the inverse of the matrix 4 is
bounded independent of k for all k sufficiently small.

The inverse of this matrix is easy to compute. In fact we can see from the solution
(6.8) that
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6.3. One-step methods 141
— 1 -
(1 +kAr) 1
(1 + kX)? (14 kA) 1

ATV =k (4 kr)d (U +kVE (kA1

_(1+k‘)\)N—1 A+ kN2 A+ kN3 . (1+}c)\) 1|

We easily compute using (A.10a) that

N
1A oo =& D 11+ AWM

m=1

and so
A7 oo < kNe™T = TeMT

This is uniformly bounded as & — 0 for fixed 7. Hence the method is stable and || £ || oo <
A7 oo I Tlloo < Te™T||7|| 0o, which agrees with the bound (6.12).

6.3.3 Euler’s method on nonlinear problems

So far we have focused entirely on linear equations. Practical problems are almost always
nonlinear, but for the initial value problem it turns out that it is not significantly more diffi-
cult to handle this case if we assume that f(u) is Lipschitz continuous, which is reasonable
in light of the discussion in Section 5.2.

Euler’s method on ' = f'(u) takes the form

U™l =U" + kf(U") (6.13)

and the truncation error is defined by

1
o = wlnrn) = u()) — f (i)
= %ku”(ln) + O(kz)v

just as in the linear case. So the true solution satisfies

Ultnt1) = ultn) + kf(u(tn)) + kt"

and subtracting this from (6.13) gives
E"™ = E" + k(f(U") — f(u(tn))) —kt". (6.14)

In the linear case f(U") — f(u(t,)) = AE™ and we get the relation (6.7) for E”. In the
nonlinear case we cannot express f(U") — f(u(t,)) directly in terms of the error E” in
general. However, using the Lipschitz continuity of f* we can get a bound on this in terms
of E™:

| f(U") = fu(@))| = LIU" —u(ta)| = LIE".
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142 Chapter 6. Zero-Stability and Convergence for Initial Value Problems

Using this in (6.14) gives
|E"T < |E"| + kL|E"| + k|t"| = (1 + kKL)|E"| + k|z"|. (6.15)
From this inequality we can show by induction that
|E"| < (1 + kL)"|E°| + k Zn:(l + kLY ™™
m=1
and so, using the same steps as in obtaining (6.12) (and again assuming E® = 0), we obtain
|E"| < T T| 1) = O(k) as k — 0 (6.16)

for all n with nk < T, proving that the method converges. In the linear case L = |A| and
this reduces to exactly (6.12).

6.3.4 General one-step methods

A general explicit one-step method takes the form
U™ = U" + kW(U", t,, k) (6.17)

for some function W, which depends on f of course. We will assume that W (u,, k) is
continuous in ¢ and k and Lipschitz continuous in u, with Lipschitz constant L’ that is
generally related to the Lipschitz constant of f.

Example 6.1. For the two-stage Runge—Kutta method of Example 5.11, we have

W, t.k) = f (u + %kf(u)) . (6.18)

If f is Lipschitz continuous with Lipschitz constant L, then W has Lipschitz constant
L'=L+ $kL?

The one-step method (6.17) is consistent if

W(u,t,0)= f(u,t)
for all u, ¢, and W is continuous in k. The local truncation error is
u(t —u(l
Tn = (w) - ‘I‘(u([n)’ lna k)‘

We can show that any one-step method satisfying these conditions is convergent. We

have

U(tng1) = uty) + kU (u(tn), tn, k) + k"
and subtracting this from (6.17) gives

E"™ = E" 4k (W(U", ty, k) — W (u(ty), ta, k)) — k1",
Using the Lipschitz condition we obtain
|E"tY < |E"| + kL'|E"| + k|t".

This has exactly the same form as (6.15) and the proof of convergence proceeds exactly as
from there.
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6.4 Zero-stability of linear multistep methods

The convergence proof of the previous section shows that for one-step methods, each one-
step error k7! has an effect on the global error that is bounded by eZ'7 |kt~1|. Al-
though the error is possibly amplified by a factor eL’T _ this factor is bounded independent
of k as k — 0. Consequently the method is stable: the global error can be bounded in
terms of the sum of all the one-step errors and hence has the same asymptotic behavior as
the LTE as k — 0. This form of stability is often called zero-stability in ODE theory, to
distinguish it from other forms of stability that are of equal importance in practice. The
fact that a method is zero-stable (and converges as k — 0) is no guarantee that it will give
reasonable results on the particular grid with & > 0 that we want to use in practice. Other
“stability” issues of a different nature will be taken up in the next chapter.

But first we will investigate the issue of zero-stability for general LMMs, where the
theory of the previous section does not apply directly. We begin with an example showing
a consistent LMM that is not convergent. Examining what goes wrong will motivate our
definition of zero-stability for LMMs.

Example 6.2. The LMM

Unt? — 3yt L ou" = —kf(U") (6.19)

has an LTE given by
1 5
o = lule2) = 3ulner) + 2u(ta) + ku' ()] = Sku" () + OG?),

so the method is consistent and “first order accurate.” But in fact the global error will not
exhibit first order accuracy, or even convergence, in general. This can be seen even on the
trivial initial-value problem

u'@)=0, u(0)=0 (6.20)

with solution u#(¢) = 0. In this problem, equation (6.19) takes the form
Unt? 3yt £ 2U" = 0. (6.21)

We need two starting values U® and U'. If we take U® = U! = 0, then (6.21) generates
U™ = 0 for all #n and in this case we certainly converge to correct solution, and in fact we
get the exact solution for any k.

But in general we will not have the exact value U available and will have to approx-
imate this, introducing some error into the computation. Table 6.1 shows results obtained
by applying this method with starting data U® = 0, U! = k. Since U' (k) — 0 as k — 0,
this is valid starting data in the context of Definition 6.1 of convergence. If the method is
convergent, we should see that U, the computed solution at time 7 = 1, converges to
zero as k — 0. Instead it blows up quite dramatically. Similar results would be seen if we
applied this method to an arbitrary equation ¥’ = f(u) and used any one-step method to
compute U! from U°.

The homogeneous linear difference equation (6.21) can be solved explicitly for U”
in terms of the starting values U° and U'!. We obtain

U"n=20°-U' 42U -U"). (6.22)
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144 Chapter 6. Zero-Stability and Convergence for Initial Value Problems

Table 6.1. Solution UV to (6.21) with U® = 0, U! = k and various values of k = 1/ N.

N unN

5 6.2

10 1023
20 | 5.4 x 104

It is easy to verify that this satisfies (6.21) and also the starting values. (We’ll see how to
solve general linear difference equations in the next section.)

Since u(t) = 0, the error is E” = U™ and we see that any initial errors in U or
U? are magnified by a factor 2” in the global error (except in the special case U = U?).
This exponential growth of the error is the instability that leads to nonconvergence. To rule
out this sort of growth of errors, we need to be able to solve a general linear difference
equation.

6.4.1 Solving linear difference equations

We briefly review one solution technique for linear difference equations; see Section D.2.1
for a different approach. Consider the general homogeneous linear difference equation

r
> o;umt =0, (6.23)
j=0

Eventually we will look for a particular solution satisfying given initial conditions
UO U 1 Ur—l

but to begin with we will find the general solution of the difference equation in terms of r
free parameters. We will hypothesize that this equation has a solution of the form

ur=¢" (6.24)

for some value of ¢ (here {” is the nth power!). Plugging this into (6.23) gives
r
> ™ =0
j=0
and dividing by " yields
r
Y ot =o. (6.25)
j=0

We see that (6.24) is a solution of the difference equation if ¢ satisfies (6.25), i.e., if ¢ is a
root of the polynomial

p(&) = ajtl.
j=0
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Note that this is just the first characteristic polynomial of the LMM introduced in (5.49). In
general p(¢) has r roots {;, {2, ..., {, and can be factored as

p@) = ar(E =8 =852 (E = &)

Since the difference equation is linear, any linear combination of solutions is again a
solution. If 1, {5, ..., & aredistinct ({; # {; fori # j), then the r distinct solutions {7’
are linearly independent and the general solution of (6.23) has the form

U =cill + ey + -+ ¢ L), (6.26)

where ¢y, ..., ¢, are arbitrary constants. In this case, every solution of the difference
equation (6.23) has this form. If initial conditions U, U, ..., U Tare specified, then
the constants ¢y, ..., ¢, can be uniquely determined by solving the r X r linear system

citertte=U°
ali+ e+t el =U", (6.27)

all ™+t vt =Uh
Example 6.3. The characteristic polynomial for the difference equation (6.21) is
PO =2-3+=(C-DE-2) (6.28)
withroots {; = 1, ¢, = 2. The general solution has the form
U'=c¢; +cp 2"

and solving for ¢; and ¢, from U® and U! gives the solution (6.22).

This example indicates that if p() has any roots that are greater than one in modu-
lus, the method will not be convergent. It turns out that the converse is nearly true: if all
the roots have modulus no greater than one, then the method is convergent, with one pro-
viso. There must be no repeated roots with modulus equal to one. The next two examples
illustrate this.

If the roots are not distinct, say, {; = &, for simplicity, then {{ and {7 are not
linearly independent and the U” given by (6.26), while still a solution, is not the most
general solution. The system (6.27) would be singular in this case. In addition to {J there
is also a solution of the form n{{ and the general solution has the form

U" = 18] + conli + e383 + -+ + ¢,y

If in addition 3 = ¢;, then the third term would be replaced by c3n2¢ 1. Similar modifica-
tions are made for any other repeated roots. Note how similar this theory is to the standard
solution technique for an rth order linear ODE.

Example 6.4. Applying the consistent LMM

Ut 2yt 4 Ut = %k( FUy — £ (U™) (6.29)
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146 Chapter 6. Zero-Stability and Convergence for Initial Value Problems

to the differential equation u’(¢) = 0 gives the difference equation

Umtr — U 4 U =0.
The characteristic polynomial is

PO =820 +1= -1’ (6.30)
s0 {1 = ¢, = 1. The general solution is
U" = ci + con.

For particular starting values U° and U! the solution is

U'=U°+U'-U%n.

Again we see that the solution grows with n, although not as dramatically as in Example 6.2
(the growth is linear rather than exponential). But this growth is still enough to destroy
convergence. If we take the same starting values as before, U® = 0 and U' = k, then
U" = kn and so

lim UN =kN =T.

k—0
Nk=T

The method converges to the function v(t) = ¢ rather than to u(¢#) = 0, and hence the
LMM (6.29) is not convergent.

This example shows that if p({) has a repeated root of modulus 1, then the method
cannot be convergent.

Example 6.5. Now consider the consistent LMM

5 1 1
Ut —2unt? 4 ZU”“ - ZU” = th(U”). (6.31)
Applying this to (6.20) gives
Un+3 —ZUn+2 4 éUn_l—l _ lUn =0
4 4
and the characteristic polynomial is
5 1
PO = =28+ 20— 2 = (- DE -0 (6.32)

So ¢y =1, § = ¢3 = 1/2 and the general solution is

U'=ci+c¢ 1n+cn '
=y 2\ 3 ni\s) -

Here there is a repeated root but with modulus less than 1. The linear growth of » is then
overwhelmed by the decay of (1/2)".

For this three-step method we need three starting values U°, U!, U? and we can
find ¢y, ¢3, c¢3 in terms of them by solving a linear system similar to (6.27). Each ¢; will
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6.4. Zero-stability of linear multistep methods 147

be a linear combination of U°, U', U? and so if U¥ (k) — 0 as k — 0, then ¢;(k) — 0
as k — 0 also. The value U computed at time 7" with step size k (where kN = T') has
the form

ny ny
UN = c¢i(k) + ca(k) (5) +c3(k)N (5) ) (6.33)
Now we see that
lim UN =0
k—0
Nk=T

and so the method (6.31) converges on u’ = 0 with arbitrary starting values U" (k) satisfy-
ing UY (k) — 0 as k — 0. (In fact, this LMM is convergent in general.)

More generally, if p({) has a root ¢; that is repeated m times, then U™ will involve
terms of the form NSCN fors = 0,1,..., m — 1. This converges to zero as N — oo
provided |{;| < 1. The algebraic growth of N* is overwhelmed by the exponential decay
of ¢ ;v . This shows that repeated roots are not a problem as long as they have magnitude
strictly less than 1.

With the above examples as motivation, we are ready to state the definition of zero-
stability.

Definition 6.2. An r-step LMM is said to be zero-stable if the roots of the characteristic
polynomial p() defined by (5.49) satisfy the following conditions:

Eil<1 for j=1,2,,...,r

If¢; is a repeated root, then |{;| < 1.

(6.34)

If the conditions (6.34) are satisfied for all roots of p, then the polynomial is said to
satisfy the root condition.
Example 6.6. The Adams methods have the form

yntr — grtr-1 +k ZIB] f(Un+j)
j=1

and hence

p&) =¢ == -1y
The roots are {; = 1 and {, = --- = {, = 0. The root condition is clearly satisfied and all
the Adams—Bashforth and Adams—Moulton methods are zero-stable.

The given examples certainly do not prove that zero-stability as defined above is a
sufficient condition for convergence. We looked at only the simplest possible ODE u/'(t) =
0 and saw that things could go wrong if the root condition is not satisfied. It turns out,
however, that the root condition is all that is needed to prove convergence on the general
initial value problem (in the sense of Definition 6.1).

Theorem 6.3 (Dahlquist [22]). For LMMs applied to the initial value problem for u'(t) =
S @), ),

consistency + zero-stability <= convergence. (6.35)
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148 Chapter 6. Zero-Stability and Convergence for Initial Value Problems

This is the analogue of the statement (2.21) for the BVP. A proof of this result can be
found in [43].

Note: A consistent LMM always has one root equal to 1, say, {; = 1, called the
principal root. This follows from (5.50). Hence a consistent one-step LMM (such as
Euler, backward Euler, trapezoidal) is certainly zero-stable. More generally we have proved
in Section 6.3.4 that any consistent one-step method (that is a Lipschitz continuous) is
convergent. Such methods are automatically “zero-stable” and behave well as k — 0. We
can think of zero-stability as meaning “stable in the limitas k — 0.”

Although a consistent zero-stable method is convergent, it may have other stability
problems that show up if the time step k is chosen too large in an actual computation.
Additional stability considerations are the subject of the next chapter.
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Chapter 7

Absolute Stability for
Ordinary Differential
Equations

7.1 Unstable computations with a zero-stable method

In the last chapter we investigated zero-stability, the form of stability needed to guarantee
convergence of a numerical method as the grid is refined (k — 0). In practice, however,
we are not able to compute this limit. Instead we typically perform a single calculation
with some particular nonzero time step k (or some particular sequence of time steps with a
variable step size method). Since the expense of the computation increases as k decreases,
we generally want to choose the time step as large as possible consistent with our accuracy
requirements. How can we estimate the size of k required?

Recall that if the method is stable in an appropriate sense, then we expect the global
error to be bounded in terms of the local truncation errors at each step, and so we can often
use the local truncation error to estimate the time step needed, as illustrated below. But the
form of stability now needed is something stronger than zero-stability. We need to know
that the error is well behaved for the particular time step we are now using. It is little
help to know that things will converge in the limit “for & sufficiently small.” The potential
difficulties are best illustrated with some examples.

Example 7.1. Consider the initial value problem (IVP)

u'(t) = —sint, u(0) =1

with solution
u(t) = cost.

Suppose we wish to use Euler’s method to solve this problem up to time 7" = 2. The local
truncation error (LTE) is

(1) = %ku”(t) + O(k?) (7.1)
= —%k cos(t) + O(k?).

Since the function f(#) = —sint is independent of u, it is Lipschitz continuous with
Lipschitz constant L = 0, and so the error estimate (6.12) shows that

149
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|[E"| < T|tllcc = k max |cost| = k.
0<t=<T

Suppose we want to compute a solution with |[E| < 1073, Then we should be able to
take k = 107> and obtain a suitable solution after T/k = 2000 time steps. Indeed,
calculating using k = 1073 gives a computed value U?°%° = —0.415692 with an error
E?000 = y2000 _¢o5(2) = 0.4548 x 1073,

Example 7.2. Now suppose we modify the above equation to

u'(t) = AMu — cost) — sint, (7.2)

where A is some constant. If we take the same initial data as before, u(0) = 1, then
the solution is also the same as before, u(f) = cos?. As a concrete example, let’s take
A = —10. Now how small do we need to take k to get an error that is 1073? Since the
LTE (7.1) depends only on the true solution u(¢), which is unchanged from Example 7.1,
we might hope that we could use the same k as in that example, k = 1073. Solving the
problem using Euler’s method with this step size now gives U2°%° = —0.416163 with
an error £2000 = (0.161 x 10™*. We are again successful. In fact, the error is consider-
ably smaller in this case than in the previous example, for reasons that will become clear
later.

Example 7.3. Now consider the problem (7.2) with A = —2100 and the same data
as before. Again the solution is unchanged and so is the LTE. But now if we compute
with the same step size as before, k = 1073, we obtain U?°90 = —0.2453 x 1077 with
an error of magnitude 1077, The computation behaves in an “unstable” manner, with an
error that grows exponentially in time. Since the method is zero-stable and f(u,t) is
Lipschitz continuous in u (with Lipschitz constant L = 2100), we know that the method
is convergent, and indeed with sufficiently small time steps we achieve very good results.
Table 7.1 shows the error at time 7" = 2 when Euler’s method is used with various values
of k. Clearly something dramatic happens between the values £k = 0.000976 and k =
0.000952. For smaller values of k we get very good results, whereas for larger values of k
there is no accuracy whatsoever.

The equation (7.2) is a linear equation of the form (6.3) and so the analysis of Sec-
tion 6.3.1 applies directly to this problem. From (6.7) we see that the global error E”
satisfies the recursion relation

E"™! = (1 4+ kM)E" — k1", (7.3)

where the local error t” = 7(t,) from (7.1). The expression (7.3) reveals the source of
the exponential growth in the error—in each time step the previous error is multiplied by a
factor of (1 4 k). For the case A = —2100 and k = 1073, we have 1 + kA = —1.1 and
so we expect the local error introduced in step m to grow by a factor of (—1.1)"7" by the
end of n steps (recall (6.8)). After 2000 steps we expect the truncation error introduced in
the first step to have grown by a factor of roughly (—1.1)2°%% ~ 1082, which is consistent
with the error actually seen.

Note that in Example 7.2 with A = —10, we have 1 4+ kA = 0.99, causing a decay in
the effect of previous errors in each step. This explains why we got a reasonable result in
Example 7.2 and in fact a better result than in Example 7.1, where 1 4+ kX = 1.
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Table 7.1. Errors in the computed solution using Euler’s method for Example 7.3,
for different values of the time step k. Note the dramatic change in behavior of the error

for k < 0.000952.

k Error

0.001000 | 0.145252E+77
0.000976 | 0.588105E+36
0.000950 | 0.321089E-06
0.000800 | 0.792298E-07
0.000400 | 0.396033E-07

Returning to the case A = —2100, we expect to observe exponential growth in the
error for any value of & greater than 2/2100 = 0.00095238, since for any k larger than
this we have |1 + kA| > 1. For smaller time steps |1 + kA| < 1 and the effect of each
local error decays exponentially with time rather than growing. This explains the dramatic
change in the behavior of the error that we see as we cross the value k& = 0.00095238 in
Table 7.1.

Note that the exponential growth of errors does not contradict zero-stability or con-
vergence of the method in any way. The method does converge as k — 0. In fact the bound
(6.12),

|E"| < eMTT|t]|loo = Ok) as k — 0,

that we used to prove convergence allows the possibility of exponential growth with time.
The bound is valid for all k, but since Te*IT = 2¢4200 = 101825 while ||7 ]| = 1k, this
bound does not guarantee any accuracy whatsoever in the solution until k& < 1071825, This
is a good example of the fact that a mathematical convergence proof may be a far cry from
what is needed in practice.

7.2 Absolute stability

To determine whether a numerical method will produce reasonable results with a given
value of k > 0, we need a notion of stability that is different from zero-stability. There are
a wide variety of other forms of “stability” that have been studied in various contexts. The
one that is most basic and suggests itself from the above examples is absolute stability. This
notion is based on the linear test equation (6.3), although a study of the absolute stability of
a method yields information that is typically directly useful in determining an appropriate
time step in nonlinear problems as well; see Section 7.4.3.

We can look at the simplest case of the test problem in which g(¢) = 0 and we have
simply

u' (1) = Au(r).

Euler’s method applied to this problem gives

Ul = (14 krU"
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152 Chapter 7. Absolute Stability for Ordinary Differential Equations

and we say that this method is absolutely stable when |14+ kA| < 1; otherwise it is unstable.
Note that there are two parameters k& and A, but only their product z = kX matters. The
method is stable whenever —2 < z < 0, and we say that the interval of absolute stability
for Euler’s method is [—2, 0].

It is more common to speak of the region of absolute stability as a region in the
complex z plane, allowing the possibility that A is complex (of course the time step k
should be real and positive). The region of absolute stability (or simply the stability region)
for Euler’s method is the disk of radius 1 centered at the point —1, since within this disk we
have |1 + kA| < 1 (see Figure 7.1a). Allowing A to be complex comes from the fact that in
practice we are usually solving a system of ordinary differential equations (ODEs). In the
linear case it is the eigenvalues of the coefficient matrix that are important in determining
stability. In the nonlinear case we typically linearize (see Section 7.4.3) and consider the
eigenvalues of the Jacobian matrix. Hence A represents a typical eigenvalue and these
may be complex even if the matrix is real. For some problems, looking at the eigenvalues
is not sufficient (see Section 10.12.1, for example), but eigenanalysis is generally very
revealing.

Forward Euler Backward Euler

2 2
1.5 1.5
1 1

0.5 0.5 /_\
0 0

-0.5 -0.5 U
-1 -1
-1.5 -1.5

(a) 23 -2 -1 0 1 (b) = 0 1 2 3
Trapezoidal Midpoint
2 2
1.5 1.5
1 1
0.5 0.5
0 0
-0.5 -0.5
-1 -1
-1.5 -1.5
(c) = -1 0 1 2 (d) = -1 0 1 2

Figure 7.1. Stability regions for (a) Euler, (b) backward Euler, (c) trapezoidal,
and (d) midpoint (a segment on imaginary axis).
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7.3 Stability regions for linear multistep methods

For a general linear multistep method (LMM) of the form (5.44), the region of absolute
stability is found by applying the method to ' = Au, obtaining

r r
Z(XjUn+j ZkZﬂj)\UrH—j,
Jj=0 Jj=0

which can be rewritten as

> lej—zB)U" = 0. (74)

Jj=0

Note again that it is only the product z = kA that is important, not the values of k or A
separately, and that this is a dimensionless quantity since the decay rate A has dimensions
time~!, while the time step has dimensions of time. This makes sense—if we change the
units of time (say, from seconds to milliseconds), then the parameter A will decrease by a
factor of 1000 and we may be able to increase the numerical value of k by a factor of 1000
and still be stable. But then we also have to solve out to time 10007 instead of to time 7',
so we haven’t really changed the numerical problem or the number of time steps required.

The recurrence (7.4) is a homogeneous linear difference equation of the same form
considered in Section 6.4.1. The solution has the general form (6.26), where the {; are
now the roots of the characteristic polynomial Z;=0 (aj —zB j)é'j . This polynomial is
often called the stability polynomial and denoted by 7(¢; z). It is a polynomial in ¢ but its
coefficients depend on the value of z. The stability polynomial can be expressed in terms
of the characteristic polynomials for the LMM as

7(§;2) = p(§) —zo(9). (7.5)

The LMM is absolutely stable for a particular value of z if errors introduced in one time
step do not grow in future time steps. According to the theory of Section 6.4.1, this requires
that the polynomial 7 (¢; z) satisfy the root condition (6.34).

Definition 7.1. The region of absolute stability for the LMM (5.44) is the set of points z in
the complex plane for which the polynomial 7 ({; z) satisfies the root condition (6.34).

Note that an LMM is zero-stable if and only if the origin z = 0 lies in the stability
region.
Example 7.4. For Euler’s method,

n(z)=¢—(1+2)
with the single root {; = 1 + z. We have already seen that the stability region is the disk

in Figure 7.1(a).
Example 7.5. For the backward Euler method (5.21),

n(§iz) =(1-27¢—1

2007/6/1
page 153

e
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with root {; = (1 — z)~'. We have
(1-2)7 <1 & |[I-z]>1
so the stability region is the exterior of the disk of radius 1 centered at z = 1, as shown in

Figure 7.1(b).
Example 7.6. For the trapezoidal method (5.22),

o= (1) (142)

with root

This is a linear fractional transformation and it can be shown that
|81 <1 <= Re(z) <0,

where Re(z) is the real part. So the stability region is the left half-plane as shown in
Figure 7.1(c).
Example 7.7. For the midpoint method (5.23),

n(iz) =¢* -228 — L.

The roots are {12 = z &+ +/z2 + 1. It can be shown that if z is a pure imaginary number
of the form z = ia with |@| < 1, then |{;| = |{2] = | and {; # {3, and hence the root
condition is satisfied. For any other z the root condition is not satisfied. In particular, if
z = =i, then {; = ¢, is a repeated root of modulus 1. So the stability region consists only
of the open interval from —i to i on the imaginary axis, as shown in Figure 7.1(d).

Since k is always real, this means the midpoint method is useful only on the test
problem u’ = Au if A is pure imaginary. The method is not very useful for scalar problems
where A is typically real, but the method is of great interest in some applications with
systems of equations. For example, if the matrix is real but skew symmetric (47 = —A4),
then the eigenvalues are pure imaginary. This situation arises naturally in the discretization
of hyperbolic partial differential equations (PDESs), as discussed in Chapter 10.

Example 7.8. Figures 7.2 and 7.3 show the stability regions for the r-step Adams—
Bashforth and Adams—Moulton methods for various values of r. For an r-step method the
polynomial 7(¢; z) has degree r and there are r roots. Determining the values of z for
which the root condition is satisfied does not appear simple. However, there is a simple
technique called the boundary locus method that makes it possible to determine the regions
shown in the figures. This is briefly described in Section 7.6.1.

Note that for many methods the shape of the stability region near the origin z = 0 is
directly related to the accuracy of the method. Recall that the stability polynomial p(¢) for
a consistent LMM always has a principal root {; = 1. It can be shown that for z near 0 the
polynomial 7 (¢; z) has a corresponding principal root with behavior

ti(2) = e+ 0(zPt) asz =0 (7.6)
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Stability region of Adams—-Bashforth 2—step method Stability region of Adams—-Bashforth 3-step method
2
15 15

Y
@

-1.5 b -1.5
2 -2,
(a) 3 -2 -1 0 1 (b) 3 -2 -1 0 1
Stability region of Adams—-Bashforth 4-step method Stability region of Adams—-Bashforth 5-step method
2
15 15

-0.5 b 1 -0.5

-15 b -15

()

(©) 2 -2 -1 0 1 (d) 25 -2 -1

o

Figure 7.2. Stability regions for some Adams—Bashforth methods. The shaded
region just to the left of the origin is the region of absolute stability. See Section 7.6.1 for a
discussion of the other loops seen in figures (c) and (d).

if the method is pth order accurate. We can see this in the examples above for one-step
methods, e.g., for Euler’s method ¢;(z) = 1 + z = e? + O(z?). It is this root that is
giving the appropriate behavior U"*! a eZU" over a time step. Since this root is on the
unit circle at the origin z = 0, and since |e?| < 1 only when Re(z) < 0, we expect the
principal root to move inside the unit circle for small z with Re(z) < 0 and outside the
unit circle for small z with Re(z) > 0. This suggests that if we draw a small circle around
the origin, then the left half of this circle will lie inside the stability region (unless some
other root moves outside, as happens for the midpoint method), while the right half of the
circle will lie outside the stability region. Looking at the stability regions in Figure 7.1
we see that this is indeed true for all the methods except the midpoint method. Moreover,
the higher the order of accuracy in general, the larger a circle around the origin where this
will approximately hold, and so the boundary of the stability region tends to align with the
imaginary axis farther and farther from the origin as the order of the method increases, as
observed in Figures 7.2 and 7.3. (The trapezoidal method is a bit of an anomaly, as its
stability region exactly agrees with that of ¢# for all z.)
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Stability region of Adams—Moulton 2-step method Stability region of Adams—Moulton 3-step method

3 3
2f 2f
1t 1t h
0 0
-2r -2r
-3 -3
%% 5 4 3 =2 -1 o i b % 5 4 3 2 1 o0 1
Stability region of Adams—Moulton 4-step method . Stability region of Adams—Moulton 5-step method
3 3
2 2
1 /_\ 1 f
0 0
N k/ N
-2 -2
-3 -3
%% = 4 3 =2 o o i @* % 5 =+ =3 2 1 o0 1

Figure 7.3. Stability regions for some Adams—Moulton methods.

See Section 7.6 for a discussion of ways in which stability regions can be determined
and plotted.

7.4 Systems of ordinary differential equations

So far we have examined stability theory only in the context of a scalar differential equa-
tion u'(t) = f(u(¢)) for a scalar function u(¢). In this section we will look at how this
stability theory carries over to systems of m differential equations where u(t) € R™. For
a linear system u’ = Au, where A is an m X m matrix, the solution can be written as
u(t) = e4"u(0) and the behavior is largely governed by the eigenvalues of A. A necessary
condition for stability is that kA be in the stability region for each eigenvalue A of 4. For
general nonlinear systems ' = f(u), the theory is more complicated, but a good rule of
thumb is that kA should be in the stability region for each eigenvalue A of the Jacobian
matrix f’(u). This may not be true if the Jacobian is rapidly changing with time, or even
for constant coefficient linear problems in some highly nonnormal cases (see [47] and Sec-
tion 10.12.1 for an example), but most of the time eigenanalysis is surprisingly effective.
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Before discussing this theory further we will review the theory of chemical kinetics,
a field where the solution of systems of ODEs is very important, and where the eigenvalues
of the Jacobian matrix often have a physical interpretation in terms of reaction rates.

7.4.1 Chemical kinetics

Let A and B represent chemical compounds and consider a reaction of the form
K,
A — B.

This represents a reaction in which A is transformed into B with rate K > 0. If we let u;
represent the concentration of 4 and u, represent the concentration of B (often denoted by
uy = [A], us = [B]), then the ODEs for u; and u, are

l
uy =—K1u1,
K1u1.

uy
If there is also a reverse reaction at rate K,, we write
K,
A k, B
and the equations then become

u’l = —Kjui + Kyus, (7.7
u’z = K1u1 - Kzuz.

More typically, reactions involve combinations of two or more compounds, e.g.,

K,
A+ B k, AB.

Since A and B must combine to form A4 B, the rate of the forward reaction is proportional
to the product of the concentrations u; and u;, while the backward reaction is proportional
to u3 = [AB]. The equations become

u’l = —Kjujus + Korus,
u’z = —Kiujuy + Krus, (7.8)
u’3 = K1u1u2 —K2u3.

Note that this is a nonlinear system of equations, while (7.7) are linear.
Often several reactions take place simultaneously, e.g.,

K
A+ B Kk, AB,

K3
244+ C k&, A,C.
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If we now let us = [C], us = [A2C], then the equations are

u’l —K1u1u2+K2u3—2K3u%u4+2K4u5,
u’z —Kjuiuy + Kous,
u’3 =K1M1M2—K2u3, (79)
uy
’

—K3u%u4 + Kaus,

Us = K3u%u4 - K4u5.
Interesting kinetics problems can give rise to very large systems of ODEs. Frequently the
rate constants Ky, K, ... are of vastly different orders of magnitude. This leads to stiff

systems of equations, as discussed in Chapter 8.
Example 7.9. One particularly simple system arises from the decay process

K, K,
A— B C.

Let uy = [A], u2 = [B], us = [C]. Then the system is linear and has the form ' = Au,
where

—K; 0 0
A=| K -k, 0 |. (7.10)
0 K> O
Note that the eigenvalues are —K;, — K3, and 0. The general solution thus has the form

(assuming K # K>)
uj(t) =cjre K1t 4 cjpe7®2 ¢

In fact, on physical grounds (since 4 decays into B which decays into C), we expect that
u simply decays to 0 exponentially,

up () = e~ %1"u; (0)

(which clearly satisfies the first ODE), and also that u, ultimately decays to O (although it
may first grow if K is larger than K,), while 13 grows and asymptotically approaches the
value u1(0) + u2(0) + u3(0) as t — oo. A typical solution for K; = 3 and K, = 1 with
u1(0) = 3, u(0) =4, and u3(0) = 2 is shown in Figure 7.4.

7.4.2 Linear systems

Consider a linear system u’ = Au, where A is a constant m X m matrix, and suppose for
simplicity that 4 is diagonalizable, which means that it has a complete set of m linearly
independent eigenvectors r,, satisfying Ar, = Aprp for p =1, 2, ..., m. Let R =
[r1,72, ..., Fm] be the matrix of eigenvectors and A = diag(Ay, Az, ..., Am) be the
diagonal matrix of eigenvectors. Then we have

A= RAR™' and A = R"'4R.

Now let v(r) = R~ 'u(¢). Multiplying u’ = Au by R™! on both sides and introducing
I = RR™! gives the equivalent equations

RN (6) = (RTTAR) (R u (),
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Figure 7.4. Sample solution for the kinetics problem in Example 7.9.

ie.,

V() = Av(?).

This is a diagonal system of equations that decouples into m independent scalar equations,
one for each component of v. The pth such equation is

v, (1) = Apvp ().

A linear multistep method applied to the linear ODE can also be decoupled in the same
way. For example, if we apply Euler’s method, we have

U™ =U" + kAU",
which, by the same transformation, can be rewritten as
Vit = yr 4 kAV",

where V" = R~1U". This decouples into m independent numerical methods, one for each
component of V”. These take the form

Vit =1+ kv,

We can recover U” from V" using U” = RV".
For the overall method to be stable, each of the scalar problems must be stable, and
this clearly requires that kA , be in the stability region of Euler’s method for all values of p.
The same technique can be used more generally to show that an LMM can be abso-
lutely stable only if kA , is in the stability region of the method for each eigenvalue A , of
the matrix A.
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Example 7.10. Consider the linear kinetics problem with 4 given by (7.10). Since
this matrix is upper triangular, the eigenvalues are the diagonal elements Ay = — K, A, =
—K>, and A3 = 0. The eigenvalues are all real and we expect Euler’s method to be stable
provided k max(Ky, K;) < 2. Numerical experiments easily confirm that this is exactly
correct: when this condition is satisfied the numerical solution behaves well, and if k is
slightly larger there is explosive growth of the error.

Example 7.11. Consider a linearized model for a swinging pendulum, this time with
frictional forces added,

0" (t) = —ab(t) — bO'(t),

which is valid for small values of 6. If we introduce u; = 0 and u, = 6’ then we obtain a
first order system u’ = Au with

0 1
A= [ u b } (7.11)

The eigenvalues of this matrix are A = %( — b £ v/b? —4a). Note in particular that if
b = 0 (no damping), then A = =+ .,/—a are pure imaginary. For b > 0 the eigenvalues shift
into the left half-plane. In the undamped case the midpoint method would be a reasonable
choice, whereas Euler’s method might be expected to have difficulties. In the damped case
the opposite is true.

7.4.3 Nonlinear systems

Now consider a nonlinear system u’ = f(u). The stability analysis we have developed
for the linear problem does not apply directly to this system. However, if the solution is
slowly varying relative to the time step, then over a small time interval we would expect
a linearized approximation to give a good indication of what is happening. Suppose the
solution is near some value #, and let v(¢) = u(t) — u. Then

V') =) = fu@) = fu@) + ).
Taylor series expansion about # (assuming v is small) gives
(1) = f@ + f'@v@) + O(lv]|*).
Dropping the O(||v||?) terms gives a linear system
V() = Av(t) + b,

where A = f”(u) is the Jacobian matrix evaluated at # and b = f'(it). Examining how the
numerical method behaves on this linear system (for each relevant value of u) gives a good
indication of how it will behave on the nonlinear system.

Example 7.12. Consider the kinetics problem (7.8). The Jacobian matrix is

—K1u2 —K1u1 K2
A= —Kju, —Kju; K>
Kiuy Ky —K»
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with eigenvalues Ay = —K (11 + u3) — Ky and A, = A3 = 0. Since u; + u; is simply
the total quantity of species 4 and B present, this can be bounded for all time in terms of
the initial data. (For example, we certainly have v (¢) + u2(t) < u1(0) 4+ u2(0) 4+ 2u3(0).)
So we can determine the possible range of A along the negative real axis and hence how
small & must be chosen so that kA stays within the region of absolute stability.

7.5 Practical choice of step size

As the examples at the beginning of this chapter illustrated, obtaining computed results that
are within some error tolerance requires two conditions:

1. The time step k must be small enough that the local truncation error is acceptably
small. This gives a constraint of the form k < kjycc, where kacc depends on several
things:

e What method is being used, which determines the expansion for the local trun-
cation error;

e How smooth the solution is, which determines how large the high order deriva-
tives occurring in this expansion are; and

e What accuracy is required.

2. The time step k must be small enough that the method is absolutely stable on this
particular problem. This gives a constraint of the form k < kg, that depends on the
magnitude and location of the eigenvalues of the Jacobian matrix f”(u).

Typically we would like to choose our time step based on accuracy considerations,
so we hope kgia, > kacc. For a given method and problem, we would like to choose
k so that the local error in each step is sufficiently small that the accumulated error will
satisfy our error tolerance, assuming some “reasonable” growth of errors. If the errors
grow exponentially with time because the method is not absolutely stable, however, then
we would have to use a smaller time step to get useful results.

If stability considerations force us to use a much smaller time step than the local
truncation error indicates should be needed, then this particular method is probably not
optimal for this problem. This happens, for example, if we try to use an explicit method on a
“stiff”” problem as discussed in Chapter 8, for which special methods have been developed.

As already noted in Chapter 5, most software for solving initial value problems does
a very good job of choosing time steps dynamically as the computation proceeds, based
on the observed behavior of the solution and estimates of the local error. If a time step is
chosen for which the method is unstable, then the local error estimate will typically indicate
a large error and the step size will be automatically reduced. Details of the shape of the
stability region and estimates of the eigenvalues are typically not used in the course of a
computation to choose time steps.

However, the considerations of this chapter play a big role in determining whether a
given method or class of methods is suitable for a particular problem. We will also see in
Chapters 9 and 10 that a knowledge of the stability regions of ODE methods is necessary
in order to develop effective methods for solving time-dependent PDEs.

2007/6/1
page 161

e



162 Chapter 7. Absolute Stability for Ordinary Differential Equations

7.6 Plotting stability regions

7.6.1 The boundary locus method for linear multistep methods

A point z € C is in the stability region S of an LMM if the stability polynomial 7 ({; z)
satisfies the root condition for this value of z. It follows that if z is on the boundary of the
stability region, then 7 ({; z) must have at least one root {; with magnitude exactly equal
to 1. This ¢; is of the form
g = e
for some value of 8 in the interval [0, 27r]. (Beware of the two different uses of 7.) Since
¢ is aroot of 7({; z), we have
n(e?;2)=0

for this particular combination of z and 6. Recalling the definition of 7, this gives

p(?) —zo(e?) =0 (7.12)
and hence )
_pe®)
z = .
a(eze)

If we know 0, then we can find z from this.
Since every point z on the boundary of S must be of this form for some value of 6 in
[0, 27], we can simply plot the parametrized curve

p(e')
a(eie)

z(0) = (7.13)
for 0 < 6 < 27 to find the locus of all points which are potentially on the boundary of S.

For simple methods this yields the region S directly.
Example 7.13. For Euler’s method we have p({) = { — 1 and ¢({) = 1, and so

Z(0) = e — 1.

This function maps [0, 277] to the unit circle centered at z = —1, which is exactly the
boundary of S as shown in Figure 7.1(a).

To determine which side of this curve is the interior of S, we need only evaluate the
roots of 7(¢; z) at some random point z on one side or the other and see if the polynomial
satisfies the root condition.

Alternatively, as noted on page 155, most methods are stable just to the left of the
origin on the negative real axis and unstable just to the right of the origin on the positive real
axis. This is often enough information to determine where the stability region lies relative
to the boundary locus.

For some methods the boundary locus may cross itself. In this case we typically find
that at most one of the regions cut out of the plane corresponds to the stability region. We
can determine which region is S by evaluating the roots at some convenient point z within
each region.

Example 7.14. The five-step Adams—Bashforth method gives the boundary locus
seen in Figure 7.2(d). The stability region is the small semicircular region to the left of the
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origin where all roots are inside the unit circle. As we cross the boundary of this region
one root moves outside. As we cross the boundary locus again into one of the loops in the
right half-plane another root moves outside and the method is still unstable in these regions
(two roots are outside the unit circle).

7.6.2 Plotting stability regions of one-step methods

If we apply a one-step method to the test problem u’ = Au, we typically obtain an expres-
sion of the form

U™t = R(z)U", (7.14)

where R(z) is some function of z = kA (typically a polynomial for an explicit method or
a rational function for an implicit method). If the method is consistent, then R(z) will be
an approximation to e near z = 0, and if it is pth order accurate, then

R(z) —e? = 0(zP™) asz — 0. (7.15)

Example 7.15. The pth order Taylor series method, when applied to u’ = Au, gives
(since the jth derivative of u is uld) = pJ u)

1 1

Ut =U" + kA U" + Ekz)\ZU" +o ok —kPAPU"

| 1 P (7.16)

= (1+z+—22+---+—21’) U
2 p!

In this case R(z) is the polynomial obtained from the first p 4 1 terms of the Taylor series
for e%.

Example 7.16. If the fourth order Runge—Kutta method (5.33) is applied to ' = Au,
we find that

1 1 1
R(z) =1 S L e 7.17
(2) +z4 ZZ + 6Z + 242 (7.17)

which agrees with R(z) for the fourth order Taylor series method.
Example 7.17. For the trapezoidal method (5.22),

1+
1—

z

N[—

R(z) = (7.18)

z

N|—

is a rational approximation to e? with error O(z*) (the method is second order accurate).
Note that this is also the root of the linear stability polynomial that we found by viewing
this as an LMM in Example 7.6.

Example 7.18. The TR-BDF2 method (5.37) has

1+%z

R(z) = —— 127
1— Lz 4 522

(7.19)

This agrees with e? to O(z*) near z = 0.
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From the definition of absolute stability given at the beginning of this chapter, we see
that the region of absolute stability for a one-step method is simply

S={ze C:|R@)| <1} (7.20)

This follows from the fact that iterating a one-step method on u’ = Au gives |U"| =
|R(z)|"|U°| and this will be uniformly bounded in 7 if z lies in S.

One way to attempt to compute S would be to compute the boundary locus as de-
scribed in Section 7.6.1 by setting R(z) = e’ and solving for z as # varies. This would
give the set of z for which |R(z)| = 1, the boundary of S. There’s a problem with this,
however: when R(z) is a higher order polynomial or rational function there will be several
solutions z for each 6 and it is not clear how to connect these to generate the proper curve.

Another approach can be taken graphically that is more brute force, but effective. If
we have a reasonable idea of what region of the complex z-plane contains the boundary of
S, we can sample |R(z)| on a fine grid of points in this region and approximate the level
set where this function has the value 1 and plot this as the boundary of S. This is easily
done with a contour plotter, for example, using the contour command in MATLAB. Or
we can simply color each point depending on whether it is inside S or outside.

For example, Figure 7.5 shows the stability regions for the Taylor series methods of
orders 2 and 4, for which

1
Rz)=14z+ EZZ,

(7.21)
Rz)=14z+ lz2 + l23 + iz4
B 2 6 247
respectively. These are also the stability regions of the second order Runge—Kutta method
(5.30) and the fourth order accurate Runge—Kutta method (5.33), which are easily seen to
have the same stability functions.
Note that for a one-step method of order p, the rational function R(z) must agree
with e? to O(zPT1). As for LMMs, we thus expect that points very close to the origin will
lie in the stability region S for Re(z) < 0 and outside of S for Re(z) > 0.

7.7 Relative stability regions and order stars

Recall that for a one-step method the stability region S (more properly called the region of
absolute stability) is the region S = {z € C : |R(z)| < 1}, where U"T! = R(z)U" is the
relation between U” and U"*! when the method is applied to the test problem u’ = Au.
For z = Ak in the stability region the numerical solution does not grow, and hence the
method is absolutely stable in the sense that past errors will not grow in later time steps.

On the other hand, the true solution to this problem, u(f) = e*'u(0), is itself expo-
nentially growing or decaying. One might argue that if u(¢) is itself decaying, then it isn’t
good enough to simply have the past errors decaying, too—they should be decaying at a
faster rate. Or conversely, if the true solution is growing exponentially, then perhaps it is
fine for the error also to be growing, as long as it is not growing faster.

This suggests defining the region of relative stability as the set of z € C for which
|R(z)| < |€?|. In fact this idea has not proved to be particularly useful in terms of judging
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Figure 7.5. Stability regions for the Taylor series methods of order 2 (left) and 4 (right).

the practical stability of a method for finite-size time steps; absolute stability is the more
useful concept in this regard.

Relative stability regions also proved hard to plot in the days before good computer
graphics, and so they were not studied extensively. However, a pivotal 1978 paper by
Wanner, Hairer, and Ngrsett [99] showed that these regions are very useful in proving
certain types of theorems about the relation between stability and the attainable order of
accuracy for broad classes of methods. Rather than speaking in terms of regions of relative
stability, the modern terminology concerns the order star of a rational function R(z), which
is the set of three regions (A_, Aoy, Ay):

A_={ze C: |R(@2)| <|e?|} ={z € C: |e?R(2)| < 1},
Ao=1{z€e C: |R()| =1ef|} ={ze€ C: |e?R(z)| = 1}, (7.22)
Ay ={ze C: |R()| > |e’|]} ={ze€ C: |eT?R(2)| > 1}.

These sets turn out to be much more strange looking than regions of absolute stability. As
their name implies, they have a star-like quality, as seen, for example, in Figure 7.6, which
shows the order stars for the same two Taylor polynomials (7.21), and Figure 7.7, which
shows the order stars for two implicit methods. In each case the shaded region is A4,
while the white region is .A— and the boundary between them is .4¢. Their behavior near
the origin is directly tied to the order of accuracy of the method, i.e., the degree to which
R(z) matches e? at the origin. If R(z) = e? 4+ CzP+!+ higher order terms, then since
e~ % ~ 1 near the origin,

e ?R(z) ~ 1 + CzPT, (7.23)

As z traces out a small circle around the origin (say, z = §e>™% for some small §), the
function zPT1 = §P+12(P+1)7i0 goeg around a smaller circle about the origin p + 1 times
and hence crosses the imaginary axis 2(p + 1) times. Each of these crossings corresponds
to z moving across Ap. So in a disk very close to the origin the order star must consist
of p + 1 wedgelike sectors of A4 separated by p + 1 sectors of A_. This is apparent in
Figures 7.6 and 7.7.
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(a) % 0 5 (b))% 0

Figure 7.6. Order stars for the Taylor series methods of order (a) 2 and (b) 4.

-
o

o » A M O N A O ©

-
O

o

0 5 10 15 (b) % 0 5

(a)

Figure 7.7. Order stars for two A-stable implicit methods, (a) the TR-BDF2
method (5.37) with R(z) given by (7.19), and (b) the fifth-order accurate Radau5 method
[44], for which R(z) is a rational function with degree 2 in the numerator and 3 in the
denominator.

It can also be shown that each bounded finger of A_ contains at least one root of the
rational function R(z) and each bounded finger of A contains at least one pole. (There
are no poles for an explicit method; see Figure 7.6.) Moreover, certain stability properties
of the method can be related to the geometry of the order star, facilitating the proof of some
“barrier theorems” on the possible accuracy that might be obtained.

This is just a hint of the sort of question that can be tackled with order stars. For a
better introduction to their power and beauty, see, for example, [44], [51], [98].



Chapter 8

Stiff Ordinary Differential
Equations

The problem of stiffness leads to computational difficulty in many practical problems. The
classic example is the case of a stiff ordinary differential equation (ODE), which we will
examine in this chapter. In general a problem is called stiff if, roughly speaking, we are
attempting to compute a particular solution that is smooth and slowly varying (relative to
the time interval of the computation), but in a context where the nearby solution curves are
much more rapidly varying. In other words, if we perturb the solution slightly at any time,
the resulting solution curve through the perturbed data has rapid variation. Typically this
takes the form of a short-lived “transient” response that moves the solution back toward a
smooth solution.
Example 8.1. Consider the ODE (7.2) from the previous chapter,

u' (1) = Mu — cost) —sint. 8.1

One particular solution is the function u(¢#) = cos ¢, and this is the solution with the initial
data #(0) = 1 considered previously. This smooth function is a solution for any value
of A. If we consider initial data of the form u(#y) = # that does not lie on this curve,
then the solution through this point is a different function, of course. However, if A < 0
(or Re(A) < 0 more generally), this function approaches cos ¢ exponentially quickly, with
decay rate A. It is easy to verify that the solution is

u(t) = M) (3 — cos(ty)) + cost. 8.2)

Figure 8.1 shows a number of different solution curves for this equation with different
choices of 7 and 5, with the fairly modest value A = —1. Figure 8.1b shows the corre-
sponding solution curves when A = —10.

In this scalar example, when we perturb the solution at some point it quickly relaxes
toward the particular solution u(¢#) = cos¢. In other stiff problems the solution might move
quickly toward some different smooth solution, as seen in the next example.

Example 8.2. Consider the kinetics model 4 — B — C developed in Example 7.9.
The system of equations is given by (7.10). Suppose that K; > K, so that a typical
solution appears as in Figure 8.2(a). (Here K; = 20 and K, = 1. Compare this to

167
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() = ’ © timde ' N (b) = ’ © timde

Figure 8.1. Solution curves for the ODE (8.1) for various initial values. (a) With
A = —1. (b) With A = —10 and the same set of initial values.

(a) (b)

concentrations
concentrations

time ° ’ ’ ’ time

Figure 8.2. Solution curves for the kinetics problem in Example 7.9 with K, = 20
and K, = 1. In (b) a perturbation has been made by adding one unit of species A at time
t = 1. Figure 8.3 shows similar solutions for the case K; = 10°.

Figure 7.4.) Now suppose at time ¢ = 1 we perturb the system by adding more of species
A. Then the solution behaves as shown in Figure 8.2(b). The additional A introduced is
rapidly converted into B (the fast transient response) and then slowly from B into C. After
the rapid transient the solution is again smooth, although it differs from the original solution
since the final asymptotic value of C must be higher than before by the same magnitude as
the amount of A4 introduced.

8.1 Numerical difficulties

Stiffness causes numerical difficulties because any finite difference method is constantly
introducing errors. The local truncation error acts as a perturbation to the system that moves
us away from the smooth solution we are trying to compute. Why does this cause more
difficulty in a stiff system than in other systems? At first glance it seems like the stiffness
might work to our advantage. If we are trying to compute the solution u(¢) = cost to the
ODE (8.1) with initial data #(0) = 1, for example, then the fact that any errors introduced
decay exponentially should help us. The true solution is very robust and the solution is
almost completely insensitive to errors made in the past. In fact, this stability of the true
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solution does help us, as long as the numerical method is also stable. (Recall that the results
in Example 7.2 were much better than those in Example 7.1.)

The difficulty arises from the fact that many numerical methods, including all ex-
plicit methods, are unstable (in the sense of absolute stability) unless the time step is small
relative to the time scale of the rapid transient, which in a stiff problem is much smaller
than the time scale of the smooth solution we are trying to compute. In the terminology
of Section 7.5, this means that kg, << kacc. Although the true solution is smooth and it
seems that a reasonably large time step would be appropriate, the numerical method must
always deal with the rapid transients introduced by truncation error in every time step and
may need a very small time step to do so stably.

8.2 Characterizations of stiffness

A stiff ODE can be characterized by the property that f’(u) is much larger (in absolute
value or norm) than u(¢). The latter quantity measures the smoothness of the solution
being computed, while f’(u) measures how rapidly f varies as we move away from this
particular solution. Note that stiff problems typically have large Lipschitz constants too.

For systems of ODEs, stiffness is sometimes defined in terms of the “stiffness ratio”
of the system, which is the ratio

max |A p|
— (8.3)
min |A p|
over all eigenvalues of the Jacobian matrix f”(u). If this is large, then a large range of time
scales is present in the problem, a necessary component for stiffness to arise. While this is
often a useful quantity, one should not rely entirely on this measure to determine whether
a problem is stiff.

For one thing, it is possible even for a scalar problem to be stiff (as we have seen
in Example 8.1), although for a scalar problem the stiffness ratio is always 1 since there
is only one eigenvalue. Still, more than one time scale can be present. In (8.1) the fast
time scale is determined by A, the eigenvalue, and the slow time scale is determined by the
inhomogeneous term sin(#). For systems of equations there also may be additional time
scales arising from inhomogeneous forcing terms or other time-dependent coefficients that
are distinct from the scales imposed by the eigenvalues.

We also know that for highly nonnormal matrices the eigenvalues don’t always tell
the full story (see Section D.4). Often they give adequate guidance, but there are examples
where the problem is more stiff than (8.3) would suggest. An example arises when certain
spectral approximations to spatial derivatives are used in discretizing hyperbolic equations;
see Section 10.13.

On the other hand, it is also important to note that a system of ODEs which has a large
“stiffness ratio” is not necessarily stiff! If the eigenvalue with large amplitude lies close to
the imaginary axis, then it leads to highly oscillatory behavior in the solution rather than
rapid damping. If the solution is rapidly oscillating, then it will probably be necessary to
take small time steps for accuracy reasons and kacc may be roughly the same magnitude as
kgtap, even for explicit methods, at least with the sort of methods discussed here. (Special
methods for highly oscillatory problems have been developed that allow one to take larger
time steps; see, e.g., [50], [74].)

2007/6/1
page 169

e



170 Chapter 8. Stiff Ordinary Differential Equations

@ ‘ (b)
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time ° ’ ’ ’ time

Figure 8.3. Solution curves for the kinetics problem in Example 7.9 with K| =
10® and K, = 1. In (b) a perturbation has been made by adding one unit of species A at
timet = 1.

Finally, note that a particular problem may be stiff over some time intervals and
nonstiff elsewhere. In particular, if we are computing a solution that has a rapid transient,
such as the kinetics problem shown in Figure 8.3(a), then the problem is not stiff over
the initial transient period where the true solution is as rapidly varying as nearby solution
curves. Only for times greater than 10~° or so does the problem become stiff, once the
desired solution curve is much smoother than nearby curves.

For the problem shown in Figure 8.3(b), there is another time interval just after = 1
over which the problem is again not stiff since the solution again exhibits rapid transient
behavior and a small time step would be needed on the basis of accuracy considerations.

8.3 Numerical methods for stiff problems

Over time intervals where a problem is stiff, we would like to use a numerical method that
has a large region of absolute stability, extending far into the left half-plane. The problem
with a method like Euler’s, with a stability region that extends only out to Re(A) = =2, is
that the time step k is severely limited by the eigenvalue with largest magnitude, and we
need to take k &~ 2/|Amax|. Over time intervals where this fastest time scale does not appear
in the solution, we would like to be able to take much larger time steps. For example, in the
problems shown in Figure 8.3, where K| = 10, we would need to take k &~ 2 x 10~° with
Euler’s method, requiring 4 million time steps to compute over the time interval shown in
the figure, although the solution is very smooth over most of this time.

An analysis of stability regions shows that there are basically two different classes of
methods: those for which the stability region is bounded and extends a distance O(1) from
the origin, such as Euler’s method, the midpoint method, or any of the Adams methods
(see Figures 7.1 and 8.5), and those for which the stability region is unbounded, such as
backward Euler or trapezoidal. Clearly the first class of methods is inappropriate for stiff
problems.

Unfortunately, all explicit methods have bounded stability regions and hence are gen-
erally quite inefficient on stiff problems. An exception is methods such as the Runge—
Kutta—Chebyshev methods described in Section 8.6 that may work well for mildly stiff
problems. Some implicit methods also have bounded stability regions, such as the Adams—
Moulton methods, and are not useful for stiff problems.
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8.3.1 A-stability and A(x)-stability

It seems like it would be optimal to have a method whose stability region contains the entire
left half-plane. Then any time step would be allowed, provided that all the eigenvalues have
negative real parts, as is often the case in practice. The backward Euler and trapezoidal
methods have this property, for example. We give methods with this property a special
name, as follows.

Definition 8.1. An ODE method is said to be A-stable if its region of absolute stability S
contains the entire left half-plane {z € C : Re(z) < 0}.

For LMMs it turns out that this is quite restrictive. A theorem of Dahlquist [21] (the
paper in which the term A-stability was introduced) states that any A-stable LMM is at
most second order accurate, and in fact the trapezoidal method is the A-stable method with
smallest truncation error. This is Dahlquist’s second barrier theorem, proved, for example,
in [44] and by using order stars in [51].

Higher order A-stable implicit Runge—Kutta methods do exist, including diagonally
implicit (DIRK) methods; see, for example, [13], [44].

For many stiff problems the eigenvalues are far out in the left half-plane but near (or
even exactly on) the real axis. For such problems there is no reason to require that the entire
left half-plane lie in the region of absolute stability. If arg(z) represents the argument of
z with arg(z) = m on the negative real axis, and if the wedge 7 — o < arg(z) < 7 + «
is contained in the stability region, then we say the method is A(«)-stable. An A-stable
method is A(sr/2)-stable. A method is A(0)-stable if the negative real axis itself lies in the
stability region. Note that in general it makes sense to require a wedge to lie in the stability
regions, since adjusting the time step k causes z = kA to move in toward the origin on a
ray through each eigenvalue.

8.3.2 L-stability

Notice a major difference between the stability regions for trapezoidal and backward Euler:
the trapezoidal method is stable only in the left half-plane, whereas backward Euler is also
stable over much of the right half-plane. The point at infinity (if we view these stability re-
gions on the Riemann sphere) lies on the boundary of the stability region for the trapezoidal
method but in the interior of the stability region for backward Euler.

These are both one-step methods and so on the test problem u’ = Au we have
U™l = R(z)U", where

1
R(z) = and |R(z)| = O as |z| = o0
(I-2)
for backward Euler, while
1
1+ 3
R(z) = T and |R(z)| »> 1 as|z| » o0
-5z
2

for the trapezoidal method.
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This difference can have a significant effect on the quality of solutions in some sit-
uations, in particular if there are rapid transients in the solution that we are not interested
in resolving accurately with very small time steps. For these transients we want more than
just stability—we want them to be effectively damped in a single time step since we are
planning to use a time step that is much larger than the true decay time of the transient. For
this purpose a method like backward Euler will perform better than the trapezoidal method.
The backward Euler method is said to be L-stable.

Definition 8.2. A one-step method is L-stable if it is A-stable and lim,_,», |R(z)| = 0,
where the stability function R(z) is defined in Section 7.6.2.

The value of L-stability is best illustrated with an example.

Example 8.3. Consider the problem (8.1) with A = —10°. We will see how the
trapezoidal and backward Euler methods behave in two different situations.

Case 1: Take data u(0) = 1, so that u(#) = cos(¢) and there is no initial transient.
Then both trapezoidal and backward Euler behave reasonably and the trapezoidal method
gives smaller errors since it is second order accurate. Table 8.1 shows the errorsat 7" = 3
with various values of k.

Case 2: Now take data #(0) = 1.5 so there is an initial rapid transient toward u =
cos(t) on a time scale of about 107°. Both methods are still absolutely stable, but the
results in Table 8.1 show that backward Euler works much better in this case.

To understand what is happening, see Figure 8.4, which shows the true and computed
solutions with each method if we use k = 0.1. The trapezoidal method is stable and the

1—Lin _ o
ik 99996 ~ —1 and the

initial deviation from the smooth curve cos(?) is essentially negated in each time step.

Backward Euler, on the other hand, damps the deviation very effectively in the first
time step, since (1 + kA)~! ~ —107°. This is the proper behavior since the true rapid
transient decays in a period much shorter than a single time step.

If we are solving a stiff equation with initial data for which the solution is smooth
from the beginning (no rapid transients), or if we plan to compute rapid transients accu-
rately by taking suitably small time steps in these regions, then it may be fine to use a
method such as the trapezoidal method that is not L-stable.

results stay bounded, but since kA = —10° we have

Table 8.1. Errors at time T = 3 for Example 8.3.

k  Backward Euler Trapezoidal
0.4 4.7770e—02 4.7770e—02
Casel | 0.2 9.7731e—08 4.7229e—10
0.1 4.9223e—08 1.1772e—10
0.4 4.7770e—02 4.5219e—01
Case2 | 0.2 9.7731e—08 4.9985e—01
0.1 4.9223e—08 4.9940e—01
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Trapezoidal Backward Euler

05k

EE] -1
(a) 0 0.5 1 15 2 25 3 (b) 0 0.5 1 15 2 25 3

Figure 8.4. Comparison of (a) trapezoidal method and (b) backward Euler on a
stiff problem with an initial transient (Case 2 of Example 8.3).

8.4 BDF methods

One class of very effective methods for stiff problems consists of the backward differentia-
tion formula (BDF) methods. These were introduced by Curtiss and Hirschfelder [20]. See
e.g., [33], [44], or [59] for more about these methods.

These methods result from taking () = B,¢”, which has all its roots at the origin,
so that the point at infinity is in the interior of the stability region. The method thus has the
form

aoU" + o U oo 4, U = kB, f(UT) (8.4)

with Bo = B = --- = B,—1 = 0. Since f(u) = v/, this form of method can be derived
by approximating u’(¢,+,) by a backward difference approximation based on u(#,+,) and
r additional points going backward in time.

It is possible to derive an r-step method that is rth order accurate. The one-step BDF
method is simply the backward Euler method, U"T! = U" + kf(U™*'), which is first
order accurate. The other useful BDF methods are below:

F=2: 3UTT2 44Ut L U = 2kf(UT?)
r=3: LU — 18U 2 4 oUu™! —2U" = 6kf(U"?)
r=4: 25Ut 48U 436U — 16U 43U = 12kf(U"T?)
r=5: 137U"%35 — 300U+ + 300U 3 — 200U +2
+ 75U — 120" = 60kf(U™)
F=6: 147U"%6 — 360U +5 4+ 450U 4 — 400U +3
+225U"P2 — 720" 4 10U = 60k f(U"TE)

These methods have the proper behavior on eigenvalues for which Re()) is very
negative, but of course we also have other eigenvalues for which z = kA is closer to the
origin, corresponding to the active time scales in the problem. So deciding its suitability
for a particular problem requires looking at the full stability region of a method. This is
shown in Figure 8.5 for each of the BDF methods.
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Stability region of 1-step BDF method Stability region of 2—-step BDF method

—q 0 0 10 20 30 —q 0 0 10 20 30

Stability region of 3—step BDF method Stability region of 4—step BDF method

z—q 0 0 10 20 30 —q 0 0 10 20 30

Stability region of 5—-step BDF method Stability region of 6-step BDF method

—q 0 0 10 20 30 10 20 30

Figure 8.5. Stability regions for the BDF methods. The stability region is the
shaded region exterior to the curves.
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In particular, we need to make sure that the method is zero-stable. Otherwise it would
not be convergent. This is not guaranteed from our derivation of the methods, since zero-
stability depends only on the polynomial p({), whose coefficients «; are determined by
considering the local truncation error and not stability considerations. It turns out that the
BDF methods are zero-stable only for r < 6. Higher order BDF methods cannot be used
in practice. For r > 2 the methods are not A-stable but are A(«)-stable for the following
values of o:

r=1: a=90°, r=4: a=73°
r=2: a=90°, r=5: a=>51°, (8.5)
r=3: oa=88° r=6: a=18°

8.5 The TR-BDF2 method

There are often situations in which it is useful to have a one-step method that is L-stable.
The backward Euler method is one possibility, but it is only first order accurate. It is
possible to derive higher order implicit Runge—Kutta methods that are L-stable. As one
example, we mention the two-stage second order accurate diagonally implicit method

k
Ut =U"+ (/U + [
(8.6)

1
Ut = 5(4U* —U" + kfU" ).

Each stage is implicit. The first stage is simply the trapezoidal method (or trapezoidal rule,
hence TR in the name) applied over time k /2. This generates a value U™ at #,,1.1/>. Then
the two-step BDF method is applied to the data U” and U* with time step k /2 to obtain
U1, This method is written in a different form in (5.37).

8.6 Runge—Kutta—Chebyshev explicit methods

While conventional wisdom says that implicit methods should be used for stiff problems,
there’s an important class of “mildly stiff”” problems for which special explicit methods
have been developed with some advantages. In this section we take a brief look at the
Runge—Kutta—Chebyshev methods that are applicable to problems where the eigenvalues
of the Jacobian matrix are on the negative real axis and not too widely distributed. This
type of problem arises, for example, when a parabolic heat equation or diffusion equation
is discretized in space, giving rise to a large system of ordinary differential equations in
time. This problem is considered in detail in Chapter 9.

The idea is to develop an explicit method whose stability region stretches out along
the negative real axis as far as possible, without much concern with what’s happening away
from the real axis. We want the region of absolute stability S to contain a “stability interval”
[—8, 0] that is as long as possible. To do this we will consider multistage explicit Runge—
Kutta methods as introduced in Section 5.7, but now as we increase the number of stages
we will choose the coefficients to make B as large as possible rather than to increase the
order of accuracy of the method.
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176 Chapter 8. Stiff Ordinary Differential Equations

We will consider only first order methods, because they are easiest to study. Second
order methods are commonly used in practice, and this is often quite sufficient for the ap-
plications we have in mind, such as integrating method of lines (MOL) discretizations of
the heat equation. The system of ODEs is obtained by discretizing the original partial dif-
ferential equations PDE in space, and often this discretization is only second order accurate
spatially. Second order methods similar to those described here can be found in [80], [97],
[2] and higher order methods in [1], [69], for example.

Consider an explicit r-stage Runge—Kutta method of the form (5.34) with ¢;; = 0
for i < j. If we apply this method to #’ = Au we obtain

Un+1 — R(Z)Un,

where z = kA and R(z) is a polynomial of degree r in z, the stability polynomial. We will
write this as

R(z) =do+diz+drz* +---+d,z". (8.7)
Consistency and first order accuracy require that
do=1, di =1 (8.8)

The region of absolute stability is
S={eC: |R(z)| =1}. (8.9)

The coefficients d; depend on the coefficients 4 and b defining the Runge—Kutta method,

but for the moment suppose that for any choice of d; we can find suitable coefficients A

and b that define an explicit r-stage method with stability polynomial (8.7). Then our goal

is to choose the d; coefficients so that S contains an interval [—f, 0] of the negative real

axis with B as large as possible. We also require (8.8) for a first order accurate method.
Note that the condition (8.8) amounts to requiring

RO)=1 and R(0)=1. (8.10)

Then we want to choose R(z) as a polynomial of degree r that satisfies | R(z)| < 1 for as
long as possible as we go out on the negative real axis. The solution is simply a scaled and
shifted Chebyshev polynomial. Figure 8.6 shows the optimal polynomials of degrees 3 and
6. Note that these are plots of R(x) for x real.

We have seen several other examples where Chebyshev polynomials solve problems
of this sort, and as usual the optimal solution equioscillates at a set of points, in this case
r + 2 points (including x = —f and x = 0), where |R(x)| = 1. If we try to perturb the
polynomial so that | R(—f)| < 1 (and hence the method will be stable further out on the
negative real axis), one of the other extrema of the polynomial will move above 1, losing
stability for some z closer to the origin.

The optimal polynomial is

R(z) =T, (1 +z/r2), 8.11)

where 7} (z) is the Chebyshev polynomial of degree r, as in Section B.3.2. For this choice
R(-2r?) = T,(—1) = %1, while |R(x)| > 1 for x < —2r2, and so

B(r) = 2r2. (8.12)
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(@) T e e o b e m w m s

Figure 8.6. Shifted Chebyshev polynomials corresponding to R(x) along the real
axis for the first order Runge—Kutta—Chebyshev methods. (a) r = 3. (b) r = 6.

We have optimized along the negative real axis, but it is interesting to see what the
stability region S from (8.9) looks like in the complex plane. Figure 8.7 shows the stability
region for the two polynomials shown in Figure 8.6 of degrees 3 and 6. They do include
the negative real axis out to —f(r), but notice that everywhere | R(x)| = 1 on the real axis
is a point where the region S contracts to the axis. Perturbing such an x away from the axis
into the complex plane gives a point z where |R(z)| > 1. So these methods are suitable
only for problems with real eigenvalues, such as MOL discretizations of the heat equation.

Even for these problems it is generally preferable to perturb the polynomial R(z) a
bit so that | R(z)| is bounded slightly below 1 on the real axis between —f and the origin,
which can be done at the expense of decreasing f slightly. This is done by using the shifted
Chebyshev polynomial

_ T, (wo + w1Z)
RE =7 o)

where w; = 77 (wo)
’ T (wo)
Here wo > 1 is the “damping parameter” and w; is chosen so that (8.8) holds and hence
the method remains first order accurate. Now R(x) alternates between %(7} (wo))™! < 1
on the interval [—f, 0], where f is now found by solving wo — Bw; = —1, so

B = (wo + )T (wo)
- Tr(wO)

Verwer [97] suggests taking wo = 1 + €/r? with € = 0.05, for which
4
B~ (2— 56) r? ~ 1.93r%

This gives about 5% damping with little reduction in B. Figure 8.8 shows the stability
regions for the damped first order methods, again for r = 3 and r = 6.

Once we have determined the desired stability polynomial R(z), we must still de-
velop an r-stage Runge—Kutta method with this stability polynomial. In general there are
infinitely many such Runge—Kutta methods. Here we discuss one approach that has several
desirable properties, the Runge—Kutta—Chebyshev method introduced by van der Houwen
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Figure 8.7. Absolute stability regions for the first order Runge—Kutta—Chebyshev
methods. (a) r = 3. (b)r = 6.

-5F -

_1 0 | | | | | | |
(b) -70 -60 -50 -40 -30 -20 -10 0

Figure 8.8. Absolute stability regions for the first order Runge—Kutta—Chebyshev
methods with damping. (a) r = 3. (b)r = 6.

and Sommeijer [94]. See the review paper of Verwer [97] for a derivation of this method
and a discussion and comparison of some other approaches, and see [80] for a discussion
of software that implements these methods.

The Runge—Kutta—Chebyshev methods are based on the recurrence relation of Cheby-
shev polynomials and have the general form



8.6. Runge—Kutta—Chebyshev explicit methods 179
Y() = Un,
Yy = Yo+ itk f (Yo, tn),
Yi=U—pj—vj)Yo+pn;Yj (8.13)
+v;Yj o+ ﬁjkf(Yj_1,ln +Cj_1k) +ykfYo,tn), j=2, ..., 71,
Un+1 — Yr.

The various parameters in these formulas are given in the references above. This is an
r-stage explicit Runge—Kutta method, although written in a different form than (5.34). An
advantage of this recursive form is that only three intermediate solution vectors Yy, Y1,
and Y;_, are needed to compute the next Y}, no matter how many stages r are used. This
is important since large values of r (e.g., r = 50) are often used in practice, and for PDE
applications each Y; is a grid function over the entire (possibly multidimensional) spatial
domain.

Another advantage of the Runge—Kutta—Chebyshev methods is that they have good
internal stability properties, as discussed in the references above. We know the stability
region of the overall stability polynomial R(z), but some r-stage methods for large r suf-
fer from exponential growth of the solution from one stage to the next in the early stages
before ultimately decaying even when |R(z)| < 1 (analogous to the transient growth some-
times seen when iterating with a nonnormal matrix even if it is asymptotically stable; see
Section D.4). This growth can cause numerical difficulties if methods are not carefully
designed.
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Chapter 9

Diffusion Equations and
Parabolic Problems

We now begin to study finite difference methods for time-dependent partial differential
equations (PDEs), where variations in space are related to variations in time. We begin
with the heat equation (or diffusion equation) introduced in Appendix E,

U = KUy - 9.1

This is the classical example of a parabolic equation, and many of the general properties
seen here carry over to the design of numerical methods for other parabolic equations. We
will assume k = 1 for simplicity, but some comments will be made about how the results
scale to other values of k > 0. (If « < 0, then (9.1) would be a “backward heat equation,”
which is an ill-posed problem.)

Along with this equation we need initial conditions at some time 7o, which we typi-
cally take to be tp = 0,

u(x,0) = n(x), 9.2)

and also boundary conditions if we are working on a bounded domain, e.g., the Dirichlet
conditions

u(0,7) = go(t) for t >0,

u(l,t) =gi1(t) fort >0 9.3

ifo<x=1

We have already studied the steady-state version of this equation and spatial dis-
cretizations of ux, in Chapter 2. We have also studied discretizations of the time deriva-
tives and some of the stability issues that arise with these discretizations in Chapters 5
through 8. Next we will put these two types of discretizations together.

In practice we generally apply a set of finite difference equations on a discrete grid
with grid points (x;, ¢,), where

xX;i =1ih, t, = nk.

Here i/ = Ax is the mesh spacing on the x-axis and &k = At is the time step. Let
U/" ~ u(x;, t,) represent the numerical approximation at grid point (x;, #).

181
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(@) (b)
Int1 -9+ o
In - e o
Xj—1 Xj Xj+1

Figure 9.1. Stencils for the methods (9.5) and (9.7).

Since the heat equation is an evolution equation that can be solved forward in time,
we set up our difference equations in a form where we can march forward in time, deter-
mining the values U/ *1 for all i from the values U/" at the previous time level, or perhaps
using also values at earlier time levels with a multistep formula.

As an example, one natural discretization of (9.1) would be

Uin+1 _ Uin

1
- 5 (UL =207 + UL ). (9.4)

This uses our standard centered difference in space and a forward difference in time. This
is an explicit method since we can compute each Ul.”+1 explicitly in terms of the previous
data:

k
urtt =ul + 23Uty =200 + Ufy). 9.5)

Figure 9.1(a) shows the stencil of this method. This is a one-step method in time, which is
also called a two-level method in the context of PDEs since it involves the solution at two
different time levels.

Another one-step method, which is much more useful in practice, as we will see
below, is the Crank—Nicolson method,

UHT_U = l(DZU,." + D*Uth) (9.6)
= 2h2( —2U" + Utrfl—l Un+1 Uin+1 Uzrfll)
which can be rewritten as
urtt =o' + 2%(U,."_1 —2U" + Ul + UM 20!t ot 9.7)
or
—r UM + (420U — UM =1 U+ (=200 + 1 UL, 9.8)

where r = k/2h?. This is an implicit method and gives a tridiagonal system of equations
to solve for all the values U" *+1 simultaneously. In matrix form this is
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[ (1+2r)  —r 17 Ut T
—r (1 42r) —r urt!
—r (1+2r) —r urt!
—r (142r) —r Ut
—r I+2r) | urtt |
- - 9.9

r(go(tn) + go(ta+1)) + (1 = 2r)U + r UL
rUf + (1 =2r)Uy + rUy
rUy + (1 =2nUy + rU{

rUn L+ (1 —20)U_ | 41U
L 17Uy (1 =20)Ug +r(g1(tn) + &1(tns1)) |

Note how the boundary conditions u(0,¢) = go(¢) and u(1,¢) = g1(¢) come into these
equations.

Since a tridiagonal system of m equations can be solved with O(m) work, this
method is essentially as efficient per time step as an explicit method. We will see in Sec-
tion 9.4 that the heat equation is “stiff,” and hence this implicit method, which allows much
larger time steps to be taken than an explicit method, is a very efficient method for the heat
equation.

Solving a parabolic equation with an implicit method requires solving a system of
equations with the same structure as the two-point boundary value problem we studied
in Chapter 2. Similarly, a multidimensional parabolic equation requires solving a problem
with the structure of a multidimensional elliptic equation in each time step; see Section 9.7.

9.1 Local truncation errors and order of accuracy

We can define the local truncation error as usual—we insert the exact solution u(x, ¢) of
the PDE into the finite difference equation and determine by how much it fails to satisfy
the discrete equation.

Example 9.1. The local truncation error of the method (9.5) is based on the form
(9.4): 7' = t(x;, ty), where

ulx,t +k)—u(x,) 1

T(x,1) = A h—z(u(x—h,t)—Zu(x,t)+u(x+h,t)).

Again we should be careful to use the form that directly models the differential equation
in order to get powers of k and / that agree with what we hope to see in the global error.
Although we don’t know u(x, ¢) in general, if we assume it is smooth and use Taylor series
expansions about u(x, ), we find that

1 1 1
‘C(x,l) = (ut + Ekutt + gkzuttt + ) - (uxx + Ehzuxxxx + ) .
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Since u; = uxy, the O(1) terms drop out. By differentiating u; = uy, we find that
Upr = Upxx = Uxxxx and so

1 1
T(x,1) = (Ek — Ehz) Uxxxx + Ok + h*).

This method is said to be second order accurate in space and first order accurate in time
since the truncation error is O(h* + k).

The Crank—Nicolson method is centered in both space and time, and an analysis of
its local truncation error shows that it is second order accurate in both space and time,

t(x, 1) = O(k? + h?).

A method is said to be consistent if T(x,t) — 0as k, h — 0. Just as in the other
cases we have studied (boundary value problems and initial value problems for ordinary
differential equations (ODESs)), we expect that consistency, plus some form of stability, will
be enough to prove that the method converges at each fixed point (X, 7) as we refine the
grid in both space and time. Moreover, we expect that for a stable method the global order
of accuracy will agree with the order of the local truncation error, e.g., for Crank—Nicolson

we expect that
U'—u(X,T) = O(k? + h?)

ask, h — Owhenih = X and nk = T are fixed.

For linear PDEs, the fact that consistency plus stability is equivalent to convergence is
known as the Lax equivalence theorem and is discussed in Section 9.5 after an introduction
of the proper concept of stability. As usual, it is the definition and study of stability that is
the hard (and interesting) part of this theory.

9.2 Method of lines discretizations

To understand how stability theory for time-dependent PDEs relates to the stability theory
we have already developed for time-dependent ODEs, it is easiest to first consider the so-
called method of lines (MOL) discretization of the PDE. In this approach we first discretize
in space alone, which gives a large system of ODEs with each component of the system
corresponding to the solution at some grid point, as a function of time. The system of ODEs
can then be solved using one of the methods for ODEs that we have previously studied.

This system of ODEs is also often called a semidiscrete method, since we have dis-
cretized in space but not yet in time.

For example, we might discretize the heat equation (9.1) in space at grid point x; by

1
Ui/(l) = h—Z(Ui_1(l) =2Ui(t) + Uis1(t)) fori=1,2, ..., m, (9.10)
where prime now means differentiation with respect to time. We can view this as a coupled

system of 71 ODEs for the variables U; (¢), which vary continuously in time along the lines
shown in Figure 9.2. This system can be written as

U'(t) = AU() + g (o), ©.11)
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Upt) Uity Up(0) Uy () Uyt 1 (0
t
Xo X1 X2 Xm—1 *m  Xm+1

Figure 9.2. Method of lines interpretation. U;(t) is the solution along the line
forward in time at the grid point x;.

where the tridiagonal matrix 4 is exactly as in (2.9) and g(¢) includes the terms needed for
the boundary conditions, Uy(¢) = go(¢) and U111 (¢) = g1(¢),

2 1 [ go(t) ]
1 -2 1 0
1 1 =2 1 | 0
A= - Cog=3| L | ©12)
1 -2 1 0
i I L &1(0) |

This MOL approach is sometimes used in practice by first discretizing in space and
then applying a software package for systems of ODEs. There are also packages that are
specially designed to apply MOL. This approach has the advantage of being relatively easy
to apply to a fairly general set of time-dependent PDEs, but the resulting method is often
not as efficient as specially designed methods for the PDE. See Section 11.2 for more
discussion of this.

As a tool in understanding stability theory, however, the MOL discretization is ex-
tremely valuable, and this is the main use we will make of it. We know how to analyze
the stability of ODE methods applied to a linear system of the form (9.11) based on the
eigenvalues of the matrix A, which now depend on the spatial discretization.

If we apply an ODE method to discretize the system (9.11), we will obtain a fully
discrete method which produces approximations U;" ~ U;(t,) at discrete points in time
which are exactly the points (x;, #,) of the grid that we introduced at the beginning of this
chapter.

For example, applying Euler’s method U"*! = U" + k f(U™) to this linear system
results in the fully discrete method (9.5). Applying instead the trapezoidal method (5.22)
results in the Crank—Nicolson method (9.7). Applying a higher order linear multistep or
Runge—Kutta method would give a different method, although with the spatial discretiza-
tion (9.10) the overall method would be only second order accurate in space. Replacing
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186 Chapter 9. Diffusion Equations and Parabolic Problems

the right-hand side of (9.10) with a higher order approximation to ux (x;) and then using
a higher order time discretization would give a more accurate method.

9.3 Stability theory

We can now investigate the stability of schemes like (9.5) or (9.7) since these can be inter-
preted as standard ODE methods applied to the linear system (9.11). We expect the method
to be stableif kA € S, i.e., if the time step k£ multiplied by any eigenvalue A of A lies in the
stability region of the ODE method, as discussed in Chapter 7. (Note that 4 is symmetric
and hence normal, so eigenvalues are the right thing to look at.)

We have determined the eigenvalues of A in (2.23),

2
Ap = h—z(cos(prrh)— 1) for p=1, 2, ..., m, (9.13)

where again m and £ are related by # = 1/(m + 1). Note that there is a new wrinkle here
relative to the ODEs we considered in Chapter 7: the eigenvalues A , depend on the mesh
width /1. As we refine the grid and 4 — 0, the dimension of A4 increases, the number of
eigenvalues we must consider increases, and the values of the eigenvalues change.

This is something we must bear in mind when we attempt to prove convergence as
k, h — 0. To begin, however, let’s consider the simpler question of how the method
behaves for some fixed & and /, i.e., the question of absolute stability in the ODE sense.
Then it is clear that the method is absolutely stable (i.e., the effect of past errors will not
grow exponentially in future time steps) provided that kA , € S for each p, where S is the
stability region of the ODE method, as discussed in Chapter 7.

For the matrix (9.12) coming from the heat equation, the eigenvalues lie on the neg-
ative real axis and the one farthest from the origin is A,,, ~ —4/ h%. Hence we require that
—4k/ h* € S (assuming the stability region is connected along the negative real axis up to
the origin, as is generally the case).

Example 9.2. If we use Euler’s method to obtain the discretization (9.5), then we
must require |1 + kA| < 1 for each eigenvalue (see Chapter 7) and hence we require
—2 < —4k/h* < 0. This limits the time step allowed to

k 1
< .
h? — 2

This is a severe restriction: the time step must decrease at the rate of 42 as we refine the
grid, which is much smaller than the spatial width 4 when / is small.

Example 9.3. If we use the trapezoidal method, we obtain the Crank—Nicolson dis-
cretization (9.6). The trapezoidal method for the ODE is absolutely stable in the whole
left half-plane and the eigenvalues (9.13) are always negative. Hence the Crank—Nicolson
method is stable for any time step k£ > 0. Of course it may not be accurate if k is too large.
Generally we must take k& = O(h) to obtain a reasonable solution, and the unconditional
stability allows this.

9.14)

9.4 Stiffness of the heat equation

Note that the system of ODEs we are solving is quite stiff, particularly for small 4. The
eigenvalues of 4 lie on the negative real axis with one fairly close to the origin, A; ~ —m2

2007/6/1
page 186

e



9.4. Stiffness of the heat equation 187

for all /2, while the largest in magnitude is A, ~ —4/h%. The “stiffness ratio” of the system
is 4 /72h?, which grows rapidly as &7 — 0. As a result the explicit Euler method is stable
only for very small time steps k < %hz. This is typically much smaller than what we would
like to use over physically meaningful times, and a method designed for stiff problems will
be more efficient.

The stiffness is a reflection of the very different time scales present in solutions to
the physical problem modeled by the heat equation. High frequency spatial oscillations
in the initial data will decay very rapidly due to rapid diffusion over very short distances,
while smooth data decay much more slowly since diffusion over long distances takes much
longer. This is apparent from the Fourier analysis of Section E.3.3 or is easily seen by
writing down the exact solution to the heat equationon 0 < x < 1 with go(¢) = g1(¥) =0
as a Fourier sine series:

u(x,t) = Z (1) sin(jmx).

Jj=1

Inserting this in the heat equation gives the ODEs
() = —j* 7, () for j=1,2,,... 9.15)

and so s
ﬁj(l) =e /T tﬁj(O)

with the i ; (0) determined as the Fourier coefficients of the initial data 7(x).

We can view (9.15) as an infinite system of ODEs, but which are decoupled so that
the coefficient matrix is diagonal, with eigenvalues — j27% for j = 1, 2, .... By choosing
data with sufficiently rapid oscillation (large j), we can obtain arbitrarily rapid decay. For
general initial data there may be some transient period when any high wave numbers are
rapidly damped, but then the long-time behavior is dominated by the slower decay rates.
See Figure 9.3 for some examples of the time evolution with different sets of data.

If we are solving the problem over the long periods needed to track this slow dif-
fusion, then we would ultimately (after any physical transients have decayed) like to use
rather large time steps, since typically the variation in time is then on roughly the same scale
as variations in space. We would generally like to have k ~ & so that we have roughly the
same resolution in time as we do in space. A method that requires k ~ h? forces us to take
a much finer temporal discretization than we should need to represent smooth solutions. If
h = 0.001, for example, then if we must take k = /? rather than k = & we would need
to take 1000 time steps to cover each time interval that should be well modeled by a single
time step. This is the same difficulty we encountered with stiff ODEs in Chapter 8.

Note: The remark above that we want k ~ £ is reasonable assuming the method we
are using has the same order of accuracy in both space and time. The method (9.5) does not
have this property. Since the error is O(k + h?) we might want to take k = O(h?) just to
get the same level of accuracy in both space and time. In this sense the stability restriction
k = O(h*) may not seem unreasonable, but this is simply another reason for not wanting
to use this particular method in practice.

Note: The general diffusion equation is #; = kuxx and in practice the diffusion
coefficient ¥ may be different from 1 by many orders of magnitude. How does this affect
our conclusions above? We would expect by scaling considerations that we should take
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ui(x, %) ui(x,tr) ui(x,t2)

i o 1 2 3 4 5 6 . 0 1 2 3 4 5 6 ’ 0 1 2 3 4 5 6
uz(x. fo) uz(x. 1) uz(x, z)

52 S8 S | 38
i o 1 2 3 4 5 6 i 0 1 2 3 4 5 6 . 0 1 2 3 4 5 6
X X X

u3(x,[0) M3(X,l]) U3(x,lz)

Figure 9.3. Solutions to the heat equation at three different times (columns) shown
for three different sets of initial conditions (rows). In the top row u(x, to) consists of only
a low wave number, which decays slowly. The middle row shows data consisting of a
higher wave number, which decays more quickly. The bottom row shows data us(x, ty) that
contains a mixture of wave numbers. The high wave numbers are most rapidly damped (an
initial rapid transient), while at later times only the lower wave numbers are still visible
and decaying slowly.

k = h/x in order to achieve comparable resolution in space and time, i.e., we would like
to take kk / h ~ 1. (Note that &1 (t) = exp(—j>m2kt)ii;(0) in this case.) With the MOL
discretization we obtain the system (9.11) but A now has a factor « in front. For stability we
thus require —4«k / h? € S, which requires kk / h? to be order 1 for any explicit method.
This is smaller than what we wish to use by a factor of /1, regardless of the magnitude of «.
So our conclusions on stiffness are unchanged by «. In particular, even when the diffusion
coefficient is very small it is best to use an implicit method because we then want to take
very long time steps k ~ h/k.

These comments apply to the case of pure diffusion. If we are solving an advection-
diffusion or reaction-diffusion equation where there are other time scales determined by
other phenomena, then if the diffusive term has a very small coefficient we may be able to
use an explicit method efficiently because of other restrictions on the time step.

Note: The physical problem of diffusion is “infinitely stiff” in the sense that (9.15)
has eigenvalues — j 272 with arbitrarily large magnitude, since j can be any integer. Luck-
ily the discrete problem is not this stiff. It is not stiff because, once we discretize in space,
only a finite number of spatial wave numbers can be represented and we obtain the finite
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set of eigenvalues (9.13). As we refine the grid we can represent higher and higher wave
numbers, leading to the increasing stiffness ratio as 7 — 0.

9.5 Convergence

So far we have only discussed absolute stability and determined the relation between k
and /1 that must be satisfied to ensure that errors do not grow exponentially as we march
forward in time on this fixed grid. We now address the question of convergence at a fixed
point (X, T') as the grid is refined. It turns out that in general exactly the same relation
between k and s must now be required to hold as we vary k and /, letting both go to zero.

In other words, we cannot let k and /4 go to zero at arbitrary independent rates and
necessarily expect the resulting approximations to converge to the solution of the PDE.
For a particular sequence of grids (k1, /1), (k2,h2), ..., withk; — Oand h; — 0, we
will expect convergence only if the proper relation ultimately holds for each pair. For the
method (9.5), for example, the sequence of approximations will converge only if k; / h? <
1/2 for all j sufficiently large.

It is sometimes easiest to think of k and / as being related by some fixed rule (e.g.,
we might choose k = 0.442 for the method (9.5)), so that we can speak of convergence as
k — 0 with the understanding that this relation holds on each grid.

The methods we have studied so far can be written in the form

U™ = B(k)U"™ + b" (k) (9.16)

for some matrix B(k) € R™™ on a grid withh = 1/(m + 1) and " (k) € R™. In general
these depend on both k and /, but we will assume some fixed rule is specified relating / to
kask — 0.

For example, applying forward Euler to the MOL system (9.11) gives

B(k) =1 + kA, 9.17)

where A is the tridiagonal matrix in (9.12). The Crank-Nicolson method results from
applying the trapezoidal method to (9.11), which gives

k \7! k
B(k) = (1 - EA) (1 + EA) ) 9.18)

To prove convergence we need consistency and a suitable form of stability. As usual,
consistency requires that the local truncation error vanishes as k — 0. The form of stability
that we need is often called Lax—Richtmyer stability.

Definition 9.1. A linear method of the form (9.16) is Lax—Richtmyer stable if, for each time
T, there is a constant Ct > 0 such that

|B(k)"|| < Cr (9.19)
forall k > 0 and integers n for whichkn < T.

Theorem 9.2 (Lax Equivalence Theorem). A consistent linear method of the form (9.16)
is convergent if and only if it is Lax—Richtmyer stable.
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For more discussion and a proof see [75]. The main idea is the same as our proof in
Section 6.3.1 that Euler’s method converges on a linear problem. If we apply the numerical
method to the exact solution u(x, ¢), we obtain

" = Bu" + b" + k", (9.20)

where we suppress the dependence on k for clarity and where

u(xi, tn) T(X1,tn)

u(x2, tn) T(xX2,tn)
u" = , =

u(Xm, tn) T(Xm, In)

Subtracting (9.20) from (9.16) gives the difference equation for the global error E” =
" —u™:
En+1 — BEn —kfn

and hence, after N time steps,

N
EN — BNEO_kZBN_nfn_l,
n=1
from which we obtain
N
LEN < IBNINE] + & D IBY " 1" 9.21)
n=1

If the method is Lax—Richtmyer stable, then for Nk < T,
IEN|| < Cr| E°| + TCr max |z"!|
1<n<N

—0ask > 0for Nk <T,

provided the method is consistent (|| 7| — 0) and we use appropriate initial data (|| E°|| —
0Oask — 0).

Example 9.4. For the heat equation the matrix 4 from (9.12) is symmetric, and
hence the 2-norm is equal to the spectral radius, and the same is true of the matrix B from
(9.17). From (9.13) we see that || B(k)||2 < 1, provided (9.14) is satisfied, and so the
method is Lax—Richtmyer stable and hence convergent under this restriction on the time
step. Similarly, the matrix B of (9.18) is symmetric and has eigenvalues (1 + kX ,/2)/(1 —
kAp/2), and so the Crank—Nicolson method is stable in the 2-norm for any k& > 0.

For the methods considered so far we have obtained || B|| < 1. This is called strong
stability. But note that this is not necessary for Lax—Richtmyer stability. If there is a
constant « so that a bound of the form

B =1+ ak (9.22)
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holds in some norm (at least for all k sufficiently small), then we will have Lax—Richtmyer
stability in this norm, since

IBKY"| < (14 ak)" < T

for nk < T. Note that the matrix B(k) depends on k, and its dimension m = O(1/h)
grows as k, h — 0. The general theory of stability in the sense of uniform power bounded-
ness of such families of matrices is often nontrivial.

9.5.1 PDE versus ODE stability theory

It may bother you that the stability we need for convergence now seems to depend on
absolute stability, and on the shape of the stability region for the time-discretization, which
determines the required relationship between & and /. Recall that in the case of ODEs all
we needed for convergence was “zero-stability,” which does not depend on the shape of the
stability region except for the requirement that the point z = 0 must lie in this region.

Here is the difference: with ODEs we were studying a fixed system of ODE:s of fixed
dimension, and the fixed set of eigenvalues A was independent of k. For convergence we
needed kA in the stability region as k — 0, but since these values all converge to O it is
only the origin that is important, at least to prove convergence as k — 0. Hence the need
for zero-stability. With PDEs, on the other hand, in our MOL discretization the system of
ODE:s grows as we refine the grid, and the eigenvalues A grow in magnitude as k and / go
to zero. So it is not clear that kA will go to zero, and zero-stability is not sufficient. For the
heat equation with k / h? fixed, these values do not go to zero as k — 0. For convergence
we must now require that these values at least lie in the region of absolute stability as
k — 0, and this gives the stability restriction relating k and /. If we keep k/ A fixed as
k,h — 0, then kA — —oo for the eigenvalues of the matrix A from (9.12). We must use
an implicit method that includes the entire negative real axis in its stability region.

We also notice another difference between stability theory for ODEs and PDEs that
for the ODE u/(t) = f(u(t)) we could prove convergence of standard methods for any Lip-
schitz continuous function f'(u). For example, the proof of convergence of Euler’s method
for the linear case, found in Section 6.3.1, was easily extended to nonlinear functions in
Section 6.3.3. In the PDE case, the Lax equivalence theorem is much more limited: it ap-
plies only to linear methods (9.16), and such methods typically only arise when discretizing
linear PDEs such as the heat equation. It is possible to prove stability of many methods for
nonlinear PDEs by showing that a suitable form of stability holds, but a variety of different
techniques must be used, depending on the character of the differential equation, and there
is no general theory of the sort obtained for ODEs.

The essential difficulty is that even a linear PDE such as the heat equation u; = E)fcu
involves an operator on the right-hand side that is not Lipschitz continuous in a function
space norm of the sort introduced in Section A.4. Discretizing on a grid replaces d2u by
f(U) = AU, which is Lipschitz continuous, but the Lipschitz constant || A| grows at the
rate of 1/ 2 as the grid is refined. In the nonlinear case it is often difficult to obtain the sort
of bounds needed to prove convergence. See [40], [68], [75], or [84] for further discussions
of stability.
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9.6 Von Neumann analysis

Although it is useful to go through the MOL formulation to understand how stability theory
for PDEs is related to the theory for ODEs, in practice there is another approach that will
sometimes give the proper stability restrictions more easily.

The von Neumann approach to stability analysis is based on Fourier analysis and
hence is generally limited to constant coefficient linear PDEs. For simplicity it is usually
applied to the Cauchy problem, which is the PDE on all space with no boundaries, —oco <
X < oo in the one-dimensional case. Von Neumann analysis can also be used to study
the stability of problems with periodic boundary conditions, e.g., in 0 < x < 1 with
u(0,¢) = u(1,t) imposed. This is generally equivalent to a Cauchy problem with periodic
initial data.

Stability theory for PDEs with more general boundary conditions can often be quite
difficult, as the coupling between the discretization of the boundary conditions and the
discretization of the PDE can be very subtle. Von Neumann analysis addresses the issue
of stability of the PDE discretization alone. Some discussion of stability theory for initial
boundary value problems can be found in [84], [75]. See also Section 10.12.

The Cauchy problem for linear PDEs can be solved using Fourier transforms—see
Section E.3 for a review. The basic reason this works is that the functions e’¢* with wave
number £ = constant are eigenfunctions of the differential operator 0,

Dot = iéeisx,

and hence of any constant coefficient linear differential operator. Von Neumann analysis
is based on the fact that the related grid function W; = e h§ is an eigenfunction of any
translation-invariant finite difference operator.! For example, if we approximate v’(x ) by
DyV; = ﬁ(VjH — Vj_1), then in general the grid function DoV is not a scalar multiple
of V. But for the special case of W, we obtain

1 L L
DoW; = 5 (ez(m)hs _ez(f—l)hs)
_ 1 (eihg _ e—ihg) olihE
2h (9.23)

. sin(h€)e/
h
i
=5 sin(h&)W;.
So W is an “eigengridfunction” of the operator Dy, with eigenvalue IE sin(h§).
Note the relation between these and the eigenfunctions and eigenvalues of the opera-

tor d, found earlier: W; is simply the eigenfunction w(x) of d, evaluated at the point x;,
and for small 42§ we can approximate the eigenvalue of Dgy by

'In this section i = 4/—1 and the index j is used on the grid functions.
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i . _ L TEPE Ses
Esm(hé) = (hé 6h &+ 0§ ))
i

This agrees with the eigenvalue i £ of 9, to O(h%E3).
Suppose we have a grid function V; defined at grid points x; = jh for j =0, =+

1, £2, ..., whichis an /, function in the sense that the 2-norm
1/2
o0
WUl ={n Y U
j=—00

is finite. Then we can express V; as a linear combination of the grid functions ehE for all
& intherange —m/h < & < 7/ h. Functions with larger wave number £ cannot be resolved
on this grid. We can write

1 w/h ihe
V== [ Ve ae
! N2 J—n/h
where

A /" y
V) =—= 3 Ve
V2w o
These are direct analogue of the formulas for a function v(x) in the discrete case.
Again we have Parseval’s relation, ||V|2 = |V |2, although the 2-norms used for
the grid function V; and the function V' (§) defined on [-7/ &, 7/ h] are different:

1/2

00 7/ h 1/2
= 2 % = % 2
WVila=(n > vl VI (/ /hIV(fE)I dé‘) .

j=—00 -

To show that a finite difference method is stable in the 2-norm by the techniques
discussed earlier in this chapter, we would have to show that ||B| < 1 + ak in the

notation of (9.22). This amounts to showing that there is a constant « such that
U™ 2 = (1 + @)U

for all U”. This can be difficult to attack directly because of the fact that computing ||U |2
requires summing over all grid points, and each U}’H depends on values of U" at neigh-
boring grid points so that all grid points are coupled together. In some cases one can work
with these infinite sums directly, but it is rare that this can be done. Alternatively one can
work with the matrix B itself, as we did above in Section 9.5, but this matrix is growing as
we refine the grid.

Using Parseval’s relation, we see that it is sufficient to instead show that

1T 2 < (1 + k)| 02,
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where U" is the Fourier transform of the grid function U". The utility of Fourier analysis
now stems from the fact that after Fourier transforming the finite difference method, we
obtain a recurrence relation for each U™" (&) that is decoupled from all other wave numbers.
For a two-level method this has the form

U (&) = g(&)U"(©). (9.24)

The factor g (&), which depends on the method, is called the amplification factor for the
method at wave number £. If we can show that

g =1+ ak,
where « is independent of &, then it follows that the method is stable, since then
0" @) < (1 + ak)|U™(@)] forall §

and so . .
1T 2 < (1 + k)| U2

Fourier analysis allows us to obtain simple scalar recursions of the form (9.24) for
each wave number separately, rather than dealing with a system of equations for U}’ that
couples together all values of ;.

Note: Here we are assuming that u(x,?) is a scalar, so that g(&) is a scalar. For a
system of s equations we would find that g(£) is an s x s matrix for each value of £, so some
analysis of matrix eigenvalues is still required to investigate stability. But the dimension
of the matrices is s, independent of the grid spacing, unlike the MOL analysis, where the
matrix dimension increases as k — 0.

Example 9.5. Consider the method (9.5). To apply von Neumann analysis we con-
sider how this method works on a single wave number £, i.e., we set

Up =", (9.25)

Then we expect that -
Uitt = g(§)e", (9.26)

where g (&) is the amplification factor for this wave number. Inserting these expressions
into (9.5) gives

(E)ehE — oiihE 4 /f_z (cf5U=Dh _2¢ihé . eik(+0h)
= (1 + :—2 (e_ish -2+ eish)) eliht,

k
g&) =1+ Zh—z(cos(éh) —1).

Since —1 < cos(£/h) < 1 for any value of &, we see that

and hence

k
I—43=g®) =1

for all £. We can guarantee that |g(§)| < 1 for all £ if we require
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4£ <2
h? =7
This is exactly the stability restriction (9.14) we found earlier for this method. If this
restriction is violated, then the Fourier components with some wave number £ will be
amplified (and, as expected, it is the largest wave numbers that become unstable first as k
is increased).

Example 9.6. The fact that the Crank—Nicolson method is stable for all £ and /
can also be shown using von Neumann analysis. Substituting (9.25) and (9.26) into the
difference equations (9.7) and canceling the common factor of e”//¢ gives the following
relation for g = g(&):

k ; -
_ —ith _ ith
g_1+2h2(e 2+4e )(l+g),

and hence .
14+ 5z
g=—1 9.27)
1— EZ
where
k. .
z= h—z(e_lsh — 24t
2k
= h—z(cos(éh) —1). (9.28)

Since z < 0 for all £, we see that |g| < | and the method is stable for any choice of k
and /.

Note that (9.27) agrees with the root {; found for the trapezoidal method in Exam-
ple 7.6, while the z determined in (9.28), for certain values of &, is simply & times an
eigenvalue A , from (9.13), the eigenvalues of the MOL matrix (9.11). In general there is a
close connection between the von Neumann approach and the MOL reduction of a periodic
problem to a system of ODE:s.

9.7 Multidimensional problems
In two space dimensions the heat equation takes the form
U = Uxx + Uyy (9.29)

with initial conditions u#(x, y, 0) = n(x, y) and boundary conditions all along the boundary
of our spatial domain 2. We can discretize in space using a discrete Laplacian of the form
considered in Chapter 3, say, the 5-point Laplacian from Section 3.2:

1
V;Uij = h_Z(Ui_l’j + Ui+1,j + Ui,j_1 + Ui,j+1 —4Uij). (9.30)

If we then discretize in time using the trapezoidal method, we will obtain the two-dimensional
version of the Crank—Nicolson method,

k
Ut = U+ 5 [Vivg + viuptt]. 9.31)
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Since this method is implicit, we must solve a system of equations for all the U;; where the
matrix has the same nonzero structure as for the elliptic systems considered in Chapters 3
and 4. This matrix is large and sparse, and we generally do not want to solve the system by
a direct method such as Gaussian elimination. This is even more true for the systems we
are now considering than for the elliptic equation, because of the slightly different nature of
this system, which makes other approaches even more efficient relative to direct methods.
It is also extremely important now that we use the most efficient method possible, because
we must now solve a linear system of this form in every time step, and we may need to take
thousands of time steps to solve the time-dependent problem.
We can rewrite the equations (9.31) as

k k
(1 - Ev,f) Uit = (1 - EV,f) up. (9.32)

The matrix for this linear system has the same pattern of nonzeros as the matrix for V,f (see
Chapter 3), but the values are scaled by k /2 and then subtracted from the identity matrix,
so that the diagonal elements are fundamentally different. If we call this matrix 4,

k
A=1-2Vj,

then we find that the eigenvalues of A4 are

k
hpa = 1= 75 [(cos(prh) = 1) + (cos(gmh) = 1)]

for p, ¢ = 1, 2, ..., m, where we have used the expression for the eigenvalues of V,f
from Section 3.4. Now the largest eigenvalue of the matrix A thus has magnitude O(k / h?)
while the ones closest to the origin are at 1 + O(k). As a result the condition number of A4 is
O(k/ h?). By contrast, the discrete Laplacian V,f alone has condition number O(1/ h?) as
we found in Section 3.4. The smaller condition number in the present case can be expected
to lead to faster convergence of iterative methods.

Moreover, we have an excellent starting guess for the solution U"*1 to (9.31), a fact
that we can use to good advantage with iterative methods but not with direct methods. Since
Ui;’.H = Ui;‘. + O(k), we can use Ui;’., the values from the previous time step, as initial

values Ui[jO] for an iterative method. We might do even better by extrapolating forward in

time, using, say, Ui[jO] = ZUI.;’. - Ui;‘._l , or by using an explicit method, say,
Ul = (1 + kVHUL.

This explicit method (forward Euler) would probably be unstable as a time-marching pro-
cedure if we used only this with the value of k£ we have in mind, but it can sometimes be
used successfully as a way to generate initial data for an iterative procedure.

Because of the combination of a reasonably well-conditioned system and very good
initial guess, we can often get away with taking only one or two iterations in each time
step, and still get global second order accuracy.
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9.8 The locally one-dimensional method

Rather than solving the coupled sparse matrix equation for all the unknowns on the grid
simultaneously as in (9.32), an alternative approach is to replace this fully coupled single
time step with a sequence of steps, each of which is coupled in only one space direction, re-
sulting in a set of tridiagonal systems which can be solved much more easily. One example
is the locally one-dimensional (LOD) method:

Us =Ul + %(ch Ul + DIU). (9.33)
Uit = U5 + %(D; Uj + DU, (9.34)
or, in matrix form,
(1 - %Di) U* = (1 + %Di) u", (9.35)
(1 - %Dj) untt = (1 + %Df) U*. (9.36)

In (9.33) we apply Crank—Nicolson in the x-direction only, solving #; = ux, alone over
time k, and we call the result U*. Then in (9.34) we take this result and apply Crank—
Nicolson in the y-direction to it, solving u; = u,, alone, again over time k. Physically this
corresponds to modeling diffusion in the x- and y-directions over time k as a decoupled
process in which we first allow u to diffuse only in the x-direction and then only in the
y-direction. If the time steps are very short, then this might be expected to give similar
physical behavior and hence convergence to the correct behavior as k& — 0. In fact, for
the constant coefficient diffusion problem, it can even be shown that (in the absence of
boundaries at least) this alternating diffusion approach gives exactly the same behavior as
the original two-dimensional diffusion. Diffusing first in x alone over time & and then in
y alone over time k gives the same result as if the diffusion occurs simultaneously in both
directions. (This is because the differential operators 92 and Bf, commute, as discussed
further in Example 11.1.)

Numerically there is a great advantage in using (9.35) and (9.36) rather than the fully
coupled (9.32). In (9.35) the unknowns Uijf are coupled together only across each row of
the grid. For any fixed value of j we have a tridiagonal system of equations to solve for
Uijf (i =12, ..., m). The system obtained for each value of j is completely decoupled
from the system obtained for other values of j. Hence we have a set of m + 2 tridiagonal
systems to solve (for j = 0, 1, ..., m + 1), each of dimension m, rather than a single
coupled system with 72 unknowns as in (9.32). Since each of these systems is tridiagonal,
it is easily solved in O(m) operations by Gaussian elimination and there is no need for
iterative methods. (In the next section we will see why we need to solve these for j = 0
and j = m + 1 as well as at the interior grid points.)

Similarly, (9.34) decouples into a set of m tridiagonal systems in the y-direction for
i =1, 2, ..., m. Hence taking a single time step requires solving 2m 4 2 tridiagonal
systems of size 7, and thus O(m?) work. Since there are m? grid points, this is the optimal
order and no worse than an explicit method, except for a constant factor.
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9.8.1 Boundary conditions

In solving the second set of systems (9.34), we need boundary values U}, and Ul.'(’)+1 along

the bottom boundary and Ui’:‘m 4 and Uit’rj,' 41_1 along the top boundary, for terms that go on
the right-hand side of each tridiagonal system. The values at level n + 1 are available from
the given boundary data for the heat equation, by evaluating the boundary conditions at
time #,+1 (assuming Dirichlet boundary conditions are given). To obtain the values U3 we
solve (9.33) for j = 0 and j = m 4+ 1 (along the boundaries) in addition to the systems
along each row interior to the grid.

To solve the first set of systems (9.33), we need boundary values U(;’j and Uo*j along
the left boundary and values U, 1, and Uy 1, along the right boundary. The values at
level n come from the given boundary conditions, but we must determine the intermediate
boundary conditions at level * along these boundaries. It is not immediately clear what
values should be used. One might be tempted to think of level * as being halfway between
ty and t,41, since U* is generated in the middle of the two-step procedure used to obtain
U™t from U™. If this were valid, then evaluating the given boundary data at time 7, 4 | /2=
tn + k /2 might provide values for U* on the boundary. This is not a good idea, however,
and would lead to a degradation of accuracy. The problem is that in the first step, (9.33)
does not model the full heat equation over time k /2 but rather models part of the equation
(diffusion in x alone) over the full time step k. The values along the boundary will in
general evolve quite differently in the two different cases.

To determine proper values for Ug; and U,» +1,j0 We can use (9.34) along the left and
right boundaries. Ati = 0, for example, this equation gives a system of equations along
the left boundary that can be viewed as a tridiagonal linear system or the unknowns Uo*j in

terms of the values U(;’.+ !, which are already known from the boundary conditions at time
t,+1. Note that we are solving this equation backward from the way it will be used in the
second step of the LOD process on the interior of the grid, and this works only because we
already know U(;’].H from boundary data.

Since we are solving this equation backward, we can view this as solving the dif-
fusion equation u; = uy, over a time step of length —k, backward in time. This makes
sense physically—the intermediate solution U* represents what is obtained from U” by
doing diffusion in x alone, with no diffusion yet in y. There are in principle two ways to
get this, either by starting with U” and diffusing in x or by starting with U"*! and
“undiffusing” in y. We are using the latter approach along the boundaries to generate data
for U*.

Equivalently we can view this as solving the backward heat equation u; = —uy,
over time k. This may be cause for concern, since the backward heat equation is ill posed
(see Section E.3.4). However, since we are doing this only over one time step starting with
given values U(;’].H in each time step, this turns out to be a stable procedure.

There is still a difficulty at the corners. To solve (9.34) for Uo*j ,j =12, ..., m,
we need to know the values of Uj; and UO*,m 4 thatare the boundary values for this system.
These can be approximated using some sort of explicit and uncentered approximation to
either u; = uyy starting with U", or to u; = —u,,,, starting with Ut For example, we
might use

2007/6/1
page 198

e



9.8. The locally one-dimensional method 199

k
Ugo = U(;lo+1 - h_z(U(;loH _ZU(;ll+1 + U(;le)’
which uses the approximation to u ), centered at (xo, y1).

Alternatively, rather than solving the tridiagonal systems obtained from (9.34) for
Uo*j , we could simply use an explicit approximation to the backward heat equation along
this boundary,

k
_ prn+l +1 +1 +1
Uo*j = U(;’. — 3 U(;ij_l —ZU(;’]. + U&j+1) 9.37)
for j = 1, 2, ..., m. This eliminates the need for values of U™ in the corners. Again,

since this is not iterated but done only starting with given (and presumably smooth) bound-
ary data U1 in each time step, this yields a stable procedure.

With proper treatment of the boundary conditions, it can be shown that the LOD
method is second order accurate (see Example 11.1). It can also be shown that this method,
like full Crank—Nicolson, is unconditionally stable for any time step.

9.8.2 The alternating direction implicit method

A modification of the LOD method is also often used, in which the two steps each involve
discretization in only one spatial direction at the advanced time level (giving decoupled
tridiagonal systems again) but coupled with discretization in the opposite direction at the
old time level. The classical method of this form is

J

Uj = Ufj + 5 (DU} + DIU). 938)
J

Uit = Ujj + S(DIUS + DUST. (9.39)

This is called the alternating direction implicit (ADI) method and was first introduced by
Douglas and Rachford [26]. This again gives decoupled tridiagonal systems to solve in

each step:
I kDZ U* = I+kD2 u” (9.40)
27X B 27y ’ '
k k
I——D2\Uu"™' =1+ =D*|U". 41
( 3 y)U ( + 2 Dx U (9.41)

With this method, each of the two steps involves diffusion in both the x- and the
y-direction. In the first step the diffusion in x is modeled implicitly, while diffusionin y is
modeled explicitly, with the roles reversed in the second step. In this case each of the two
steps can be shown to give a first order accurate approximation to the full heat equation
over time k /2, so that U * represents a first order accurate approximation to the solution at
time 7,4 1/,. Because of the symmetry of the two steps, however, the local error introduced
in the second step almost exactly cancels the local error introduced in the first step, so that
the combined method is in fact second order accurate over the full time step.

Because U™ does approximate the solution at time #,4 1/ in this case, it is possible
to simply evaluate the given boundary conditions at time 7,1/, to generate the necessary
boundary values for U *. This will maintain second order accuracy. A better error constant
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can be achieved by using slightly modified boundary data which introduces the expected
error in U™ into the boundary data that should be canceled out by the second step.

9.9

Other discretizations

For illustration purposes we have considered only the classic Crank—Nicolson method con-
sisting of second order centered approximation to u, coupled with the trapezoidal method
for time stepping. However, an infinite array of other combinations of spatial approxima-
tion and time stepping methods could be considered, some of which may be preferable.
The following are a few possibilities:

The second order accurate spatial difference operator could be replaced by a higher
order method, such as the fourth order accurate approximations of Section 2.20.1 in
one dimension of Section 3.5 in more dimensions.

A spectral method could be used in the spatial dimension(s), as discussed in Sec-
tion 2.21. Note that in this case the linear system that must be solved in each time
step will be dense. On the other hand, for many problems it is possible to use a much
coarser grid for spectral methods, leading to relatively small linear algebra problems.

The time-stepping procedure could be replaced by a different implicit method suit-
able for stiff equations, of the sort discussed in Chapter 8. In particular, for some
problems it is desirable to use an L-stable method. While the trapezoidal method
is stable, it does not handle underresolved transients well (recall Figure 8.4). For
some problems where diffusion is coupled with other processes there are constantly
high-frequency oscillations or discontinuities introduced that should be smoothed by
diffusion, and Crank—Nicolson can suffer from oscillations in time.

The time stepping could be done by using a method such as the Runge—Kutta—
Chebyshev method described in Section 8.6. This is an explicit method that works
for mildly stiff problems with real eigenvalues, such as the heat equation.

The time stepping could be done using the exponential time differencing (ETD)
methods described in Section 11.6. The heat equation with constant coefficients and
time-varying boundary conditions leads to a MOL discretization of the form (9.11),
where A is a constant matrix. If the centered difference approximation is used in one
dimension, then (9.12) holds, but even with other discretizations, or in more dimen-
sions, the semidiscrete system still has the form U’(t) = AU(t) + g(t). The exact
solution can be written in terms of the matrix exponential e’ and this form is used
in the ETD methods. The manner in which this is computed depends on whether 4 is
large and sparse (the typical case with a finite difference discretization) or small and
dense (as it might be if a spectral discretization is used in space). See Section 11.6.1
for more discussion of this.
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Chapter 10

Advection Equations and
Hyperbolic Systems

Hyperbolic partial differential equations (PDEs) arise in many physical problems, typi-
cally whenever wave motion is observed. Acoustic waves, electromagnetic waves, seis-
mic waves, shock waves, and many other types of waves can be modeled by hyperbolic
equations. Often these are modeled by linear hyperbolic equations (for the propagation
of sufficiently small perturbations), but modeling large motions generally requires solv-
ing nonlinear hyperbolic equations. Hyperbolic equations also arise in advective transport,
when a substance is carried along with a flow, giving rise to an advection equation. This
is a scalar linear first order hyperbolic PDE, the simplest possible case. See Appendix E
for more discussion of hyperbolic problems and a derivation of the advection equation in
particular.

In this chapter we will primarily consider the advection equation. This is sufficient to
illustrate many (although certainly not all) of the issues that arise in the numerical solution
of hyperbolic equations. Section 10.10 contains a very brief introduction to hyperbolic sys-
tems, still in the linear case. A much more extensive discussion of hyperbolic problems and
numerical methods, including nonlinear problems and multidimensional methods, can be
found in [66]. Those interested in solving more challenging hyperbolic problems may also
look at the CLAWPACK software [64], which was designed primarily for hyperbolic prob-
lems. There are also a number of other books devoted to nonlinear hyperbolic equations
and their solution, e.g., [58], [88].

10.1 Advection

In this section we consider numerical methods for the scalar advection equation
Uy + auy = 0, (10.1)

where a is a constant. See Section E.2.1 for a discussion of this equation. For the Cauchy
problem we also need initial data

u(x,0) = n(x).

201
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This is the simplest example of a hyperbolic equation, and it is so simple that we can write
down the exact solution,
u(x,t) = n(x —at). (10.2)

One can verify directly that this is the solution (see also Appendix E). However, many of
the issues that arise more generally in discretizing hyperbolic equations can be most easily
seen with this equation.

The first approach we might consider is the analogue of the method (9.4) for the heat
equation. Using the centered difference in space,

u(x+h,t)y—u(x—nh,t)

1) = o(h? 10.3
Ux(x,1) T + O(h7) (10.3)
and the forward difference in time results in the numerical method
n+1 _ yrn
u ( T’ ) (10 4)
k Jj+1 -1/ :
which can be rewritten as
urtt = Ut - ( T =URD. (10.5)

This again has the stencil shown in Figure 9.1(a). In practice this method is not useful
because of stability considerations, as we will see in the next section.
A minor modification gives a more useful method. If we replace U]T‘ on the right-

hand side of (10.5) by the average %(U + U?

| +1)> then we obtain the Lax—Friedrichs
method,

1
UJH1 - E(UJ([—I + UJTI+1) ( j+1 (l—l)‘ (10.6)

Because of the low accuracy, this method is not commonly used in practice, but it
serves to illustrate some stability issues and so we will study this method along with (10.5)
before describing higher order methods, such as the well-known Lax—Wendroff method.

We will see in the next section that Lax—Friedrichs is Lax—Richtmyer stable (see
Section 9.5) and convergent provided

<1. (10.7)

Note that this stability restriction allows us to use a time step k = O(h) although the
method is explicit, unlike the case of the heat equation. The basic reason is that the advec-
tion equation involves only the first order derivative u, rather than 1 and so the difference
equation involves 1/ / rather than 1/ A2,

The time step restriction (10.7) is consistent with what we would choose anyway
based on accuracy considerations, and in this sense the advection equation is not stiff, unlike
the heat equation. This is a fundamental difference between hyperbolic equations and
parabolic equations more generally and accounts for the fact that hyperbolic equations are
typically solved with explicit methods, while the efficient solution of parabolic equations
generally requires implicit methods.

2007/6/1
page 202

e



10.2. Method of lines discretization 203

To see that (10.7) gives a reasonable time step, note that
ux(xv l) = n/(‘x - al)v

while
us(x,t) = —aux(x,t) = —an'(x — at).

The time derivative u; is larger in magnitude than u, by a factor of a, and so we would
expect the time step required to achieve temporal resolution consistent with the spatial
resolution /1 to be smaller by a factor of a. This suggests that the relation k ~ h/a would
be reasonable in practice. This is completely consistent with (10.7).

10.2 Method of lines discretization

To investigate stability further we will again introduce the method of lines (MOL) dis-
cretization as we did in Section 9.2 for the heat equation. To obtain a system of equations
with finite dimension we must solve the equation on some bounded domain rather than
solving the Cauchy problem. However, in a bounded domain, say, 0 < x < 1, the advec-
tion equation can have a boundary condition specified on only one of the two boundaries.
If a > 0, then we need a boundary condition at x = 0, say,

u(0,1) = go(1), (10.8)

which is the inflow boundary in this case. The boundary at x = 1 is the outflow boundary
and the solution there is completely determined by what is advecting to the right from the
interior. If @ < 0, we instead need a boundary condition at x = 1, which is the inflow
boundary in this case.

The symmetric 3-point methods defined above can still be used near the inflow
boundary but not at the outflow boundary. Instead the discretization will have to be cou-
pled with some “numerical boundary condition” at the outflow boundary, say, a one-sided
discretization of the equation. This issue complicates the stability analysis and will be
discussed in Section 10.12.

For analysis purposes we can obtain a nice MOL discretization if we consider the
special case of periodic boundary conditions,

u(0,¢) =u(l,t) fort>0.

Physically, whatever flows out at the outflow boundary flows back in at the inflow boundary.
This also models the Cauchy problem in the case where the initial data is periodic with
period 1, in which case the solution remains periodic and we need to model only a single
period 0 < x < 1.

In this case the value Uy(t) = U,,+1(¢) along the boundaries is another unknown,
and we must introduce one of these into the vector U(t). If we introduce Uy, +1(¢), then we
have the vector of grid values

Ui (1)

Us(1)
u@) = i

Un1(0)
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For 2 < j < m we have the ordinary differential equation (ODE)
Uj(0) = =3 Uy (0) = Up1 1),
while the first and last equations are modified using the periodicity:
Ul(0) = =52 (Ua(0) = Ui (1),
Uppir () = =5 (U1 (0) = Un(0).

This system can be written as

U'(t) = AU(®) (10.9)
with
0 1 -1 7
-1 0 1
R -0 € Rm+Dx(m+1), (10.10)
2h
-1 0 1

! -1 0 |

Note that this matrix is skew-symmetric (A7 = —A) and so its eigenvalues must be pure

imaginary. In fact, the eigenvalues are
ia .
)»p:—;sm(anh) for p=1,2, ...,m+1. (10.11)

The corresponding eigenvector #” has components

uj.’ze”"l’f" for j=1,2, ..., m+1. (10.12)
The eigenvalues lie on the imaginary axis between —ia/h and ia/ h.

For absolute stability of a time discretization we need the stability region S to include
this interval. Any method that includes some interval iy, |y| < b of the imaginary axis
will lead to a stable method for the advection equation provided |ak / | < b. For example,
looking again at the stability regions plotted in Figures 7.1 through 7.3 and Figure 8.5 shows
that the midpoint method or certain Adams methods may be suitable for this problem,
whereas the backward differentiation formula (BDF) methods are not.

10.2.1 Forward Euler time discretization

The method (10.5) can be viewed as the forward Euler time discretization of the MOL
system of ODEs (10.9). We found in Section 7.3 that this method is stable only if |1+ kA| <
1 and the stability region § is the unit circle centered at —1. No matter how small the ratio
ke / h is, since the eigenvalues A , from (10.11) are imaginary, the values kA , will not lie in
S. Hence the method (10.5) is unstable for any fixed mesh ratio k / &1; see Figure 10.1(a).
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The method (10.5) will be convergent if we let k — 0 faster than 4, since then
kA, — 0 for all p and the zero-stability of Euler’s method is enough to guarantee con-
vergence. Taking k much smaller than / is generally not desirable and the method is not
used in practice. However, it is interesting to analyze this situation also in terms of Lax—
Richtmyer stability, since it shows an example where the Lax—Richtmyer stability uses a
weaker bound of the form (9.22), || B|| < 1 + ak,rather than | B|| < 1. Here B = I + kA.
Suppose we take k = h2, for example. Then we have

|1+ kAp|® < 1+ (ka/h)?
for each p (using the fact that A , is pure imaginary) and so
1+ kAp? <1 +a*h* =1+ d%k.

Hence |1 + kA||§ <1+ a’k andif nk < T, we have

(T +kAY' 2 < (1 + aPk)? < e’ T/2,

showing the uniform boundedness of || B”|| (in the 2-norm) needed for Lax—Richtmyer
stability.

10.2.2 Leapfrog

A better time discretization is to use the midpoint method (5.23),
Urtt =yt 42k 40",

which gives the leapfrog method for the advection equation,
urtt =yt = K 10.13
i T _7( j+1 Ui (10.13)

This is a 3-level explicit method and is second order accurate in both space and time.

Recall from Section 7.3 that the stability region of the midpoint method is the interval
io for —1 < a < 1 of the imaginary axis. This method is hence stable on the advection
equation provided |ak / h| < 1 is satisfied.

On the other hand, note that the kA , will always be on the boundary of the stability
region (the stability region for midpoint has no interior). This means the method is only
marginally stable—there is no growth but also no decay of any eigenmode. The difference
equation is said to be nondissipative. In some ways this is good—the true advection equa-
tion is also nondissipative, and any initial condition simply translates unchanged, no matter
how oscillatory. Leapfrog captures this qualitative behavior well.

However, there are problems with this. All modes translate without decay, but they do
not all propagate at the correct velocity, as will be explained in Example 10.12. As a result
initial data that contains high wave number components (e.g., if the data contains steep
gradients) will disperse and can result in highly oscillatory numerical approximations.

The marginal stability of leapfrog can also turn into instability if a method of this sort
is applied to a more complicated problem with variable coefficients or nonlinearities.
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10.2.3 Lax—Friedrichs

Again consider the Lax—Friedrichs method (10.6). Note that we can rewrite (10.6) using
the fact that

1 1
E(U}’_1 + Ul =Uf + E(U;’_1 =20} +U}yy)
to obtain
urtt = yn — %(U” -U" )+ l(U" —2U"4+U" ) (10.14)
i =Y Ty Wi T Vi) T 5 j T Y+ :
This can be rearranged to give

U]T‘+1 -ur i ur, —Uur, 3 ﬁ Up, =207+ U},
k 2h T2k h2 ‘

If we compute the local truncation error from this form we see, as expected, that it is
consistent with the advection equation u; + au, = 0, since the term on the right-hand side
vanishes as k, 7 — 0 (assuming &/ /1 is fixed). However, it looks more like a discretization
of the advection-diffusion equation

U +aux = €Uxx,

where € = h?/2k.

Later in this chapter we will study the diffusive nature of many methods for the
advection equation. For our present purposes, however, the crucial part is that we can now
view (10.14) as resulting from a forward Euler discretization of the system of ODEs

U'(t) = AU(®1)

with
0 1 -1 7
-1 0 1
-1 0 1
A= ——
-1 0 1
L -1 0 |
) ) (10.15)
-2 1 1
1 -2 1
. 1 -2 1
T2 . ;
1 -2 1
L 1 =2 |

where € = h?/2k. The matrix A, differs from the matrix A of (10.10) by the addition of
a small multiple of the second difference operator, which is symmetric rather than skew-
symmetric. As a result the eigenvalues of A, are shifted off the imaginary axis and now lie
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in the left half-plane. There is now some hope that each kA will lie in the stability region
of Euler’s method if k is small enough relative to /.

It can be verified that the eigenvectors (10.12) of the matrix A are also eigenvectors of
the second difference operator (with periodic boundary conditions) that appears in (10.15),
and hence these are also the eigenvectors of the full matrix 4. We can easily compute that
the eigenvalues of A, are

j 2
Ly = —% sin(2w ph) — h—i(l —cos(2m ph)). (10.16)

The values ki, are plotted in the complex plane for various different values of ¢ in Fig-
ure 10.1. They lie on an ellipse centered at —2ke/ h? with semi-axes of length 2ke/ h?
in the x-direction and ak /& in the y-direction. For the special case € = h?/2k used in
Lax-Friedrichs, we have —2ke/ h* = —1 and this ellipse lies entirely inside the unit circle
centered at —1, provided that |ak/h| < 1. (If |ak/h| > 1, then the top and bottom of
the ellipse would extend outside the circle.) The forward Euler method is stable as a time-
discretization, and hence the Lax—Friedrichs method is Lax—Richtmyer stable, provided
lak/h| < 1.

10.3 The Lax-Wendroff method

One way to achieve second order accuracy on the advection equation is to use a second
order temporal discretization of the system of ODEs (10.9), since this system is based
on a second order spatial discretization. This can be done with the midpoint method, for
example, which gives rise to the leapfrog scheme (10.13) already discussed. However, this
is a three-level method and for various reasons it is often much more convenient to use
two-level methods for PDEs whenever possible—in more than one dimension the need to
store several levels of data may be restrictive, boundary conditions can be harder to impose,
and combining methods using fractional step procedures (as discussed in Chapter 11) may
require two-level methods for each step, to name a few reasons. Moreover, the leapfrog
method is nondissipative, leading to potential stability problems if the method is extended
to variable coefficient or nonlinear problems.

Another way to achieve second order accuracy in time would be to use the trapezoidal
method to discretize the system (10.9), as was done to derive the Crank—Nicolson method
for the heat equation. But this is an implicit method and for hyperbolic equations there is
generally no need to introduce this complication and expense.

Another possibility is to use a two-stage Runge—Kutta method such as the one in
Example 5.11 for the time discretization. This can be done, although some care must be
exercised near boundaries, and the use of a multistage method again typically requires
additional storage.

One simple way to achieve a two-level explicit method with higher accuracy is to use
the idea of Taylor series methods, as described in Section 5.6. Applying this directly to the
linear system of ODEs U’(t) = AU(t) (and using U” = AU’ = A?U) gives the second
order method

1
U™ =U" + kAU" + EkZAZU".
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(a) € = 0.0 (Forward Euler) (b) e = 0.001
&
e
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Figure 10.1. Eigenvalues of the matrix A¢ in (10.15), for various values of €, in
the case h = 1/50 and k = 0.8h, a = 1, so ak/h = 0.8. (a) shows the case ¢ = 0
which corresponds to the forward Euler method (10.5). (d) shows the case € = azk/Z, the
Lax—Wendroff method (10.18). (e) shows the case € = h?/2k, the Lax—Friedrichs method
(10.6). The method is stable for € between a’k /2 and h* |2k, as in (d) through (e).
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Here A is the matrix (10.10), and computing A% and writing the method at the typical grid
point then gives

a’k?
8h?
This method is second order accurate and explicit but has a 5-point stencil involving the
points U]T’_Z and U]T‘ - With periodic boundary conditions this is not a problem, but with
other boundary conditions this method needs more numerical boundary conditions than a 3-
point method. This makes it less convenient to use and potentially more prone to numerical

instability.
Note that the last term in (10.17) is an approximation to %azkzu xx using a centered
difference based on step size 2/1. A simple way to achieve a second order accurate 3-point

method is to replace this term by the more standard 3-point formula. We then obtain the
standard Lax—Wendroff method:

ak
U}H—l =Uj— E(U}IH - tht—l) + (UJTI—Z —2Uj + UJ(I*'Z)‘ (10.17)

a*k?

ak
Uit = U = (U] —U) + o (U =207 + U y). (10.18)

A cleaner way to derive this method is to use Taylor series expansions directly on the
PDE u; + au, = 0, to obtain

1
u(xvl + k) = M(x,l) + kut(xvl) + Ekzutt(x’l) + e
Replacing u; by —au, and u;; by keI gives
1
ulx,t +k)=u(x,t)—kaux(x,t) + Ekzazuxx(x, )+

If we now use the standard centered approximations to u, and ux, and drop the higher
order terms, we obtain the Lax—Wendroff method (10.18). It is also clear how we could
obtain higher order accurate explicit two-level methods by this same approach, by retaining
more terms in the series and approximating the spatial derivatives (including the higher
order spatial derivatives that will then arise) by suitably high order accurate finite difference
approximations. The same approach can also be used with other PDEs. The key is to
replace the time derivatives arising in the Taylor series expansion with spatial derivatives,
using expressions obtained by differentiating the original PDE.

10.3.1 Stability analysis

We can analyze the stability of Lax—Wendroff following the same approach used for Lax—
Friedrichs in Section 10.2. Note that with periodic boundary conditions, the Lax—Wendroff
method (10.18) can be viewed as Euler’s method applied to the linear system of ODEs
U'(t) = AcU(t), where A is given by (10.15) with € = a?k/2 (instead of the value
€ = h?/2k used in Lax—Friedrichs). The eigenvalues of A, are given by (10.16) with the
appropriate value of €, and multiplying by the time step k gives

2
kpp=—i (%) sin(prh) + (%) (cos(pmh) —1).

2007/6/1
page 209

e



210 Chapter 10. Advection Equations and Hyperbolic Systems

These values all lie on an ellipse centered at —(ak / 1)*> with semi-axes of length (ak / h)?
and |ak / h|. If |ak / h| < 1, then all of these values lie inside the stability region of Euler’s
method. Figure 10.1(d) shows an example in the case ak/h = 0.8. The Lax—Wendroff
method is stable with exactly the same time step restriction (10.7) as required for Lax—
Friedrichs. In Section 10.7 we will see that this is a very natural stability condition to
expect for the advection equation and is the best we could hope for when a 3-point method
is used.

A close look at Figure 10.1 shows that the values k i , near the origin lie much closer
to the boundary of the stability region for the Lax—Wendroff method (Figure 10.1(d)) than
for the other methods illustrated in this figure. This is a reflection of the fact that Lax—
Wendroff is second order accurate, while the others are only first order accurate. Note that
a value k 11, lying inside the stability region indicates that this eigenmode will be damped
as the wave propagates, which is unphysical behavior since the true solution advects with
no dissipation. For small values of , (low wave numbers, smooth components) the Lax—
Wendroff method has relatively little damping and the method is more accurate. Higher
wave numbers are still damped with Lax—Wendroff (unless |ak/h| = 1, in which case
all the ku , lie on the boundary of S) and resolving the behavior of these modes properly
would require a finer grid.

Comparing Figures 10.1(c), (d), and (e) shows that Lax—Wendroff has the minimal
amount of numerical damping needed to bring the values k it , within the stability region.
Any less damping, as in Figure 10.1(c) would lead to instability, while more damping as
in Figure 10.1(e) gives excessive smearing of low wave numbers. Recall that the value of
€ used in Lax—Wendroff was determined by doing a Taylor series expansion and requiring
second order accuracy, so this makes sense.

10.4 Upwind methods

So far we have considered methods based on symmetric approximations to derivatives. Al-
ternatively, one might use a nonsymmetric approximation to u, in the advection equation,

e.g.,
Ux(xj. 1) ~ %(Uj —Uj_y) (10.19)
or
Ux(xj. 1) ~ %(UjH —U;)). (10.20)

These are both one-sided approximations, since they use data only to one side or the other
of the point x ;. Coupling one of these approximations with forward differencing in time
gives the following methods for the advection equation:

K
Ut = Up - S (U) - UL) (10.21)

or
K
Ut = U) = U — U, (10.22)

These methods are first order accurate in both space and time. One might wonder why we
would want to use such approximations, since centered approximations are more accurate.
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10.4. Upwind methods 211

For the advection equation, however, there is an asymmetry in the equations because the
equation models translation at speed a. If a > 0, then the solution moves to the right,
while if @ < 0 it moves to the left. There are situations where it is best to acknowledge this
asymmetry and use one-sided differences in the appropriate direction.

The choice between the two methods (10.21) and (10.22) should be dictated by the
sign of a. Note that the true solution over one time step can be written as

u(xj,t+k)=u(x; —ak,t)

so that the solution at the point x; at the next time level is given by data to the left of x;
if a > 0, whereas it is determined by data to the right of x; if a < 0. This suggests that
(10.21) might be a better choice for a > 0 and (10.22) fora < 0.

In fact the stability analysis below shows that (10.21) is stable only if

ak
0=< 7 <1. (10.23)

Since k and / are positive, we see that this method can be used only if @ > 0. This method
is called the upwind method when used on the advection equation with a > 0. If we view
the equation as modeling the concentration of some tracer in air blowing past us at speed
a, then we are looking in the correct upwind direction to judge how the concentration will
change with time. (This is also referred to as an upstream differencing method in some
literature.)

Conversely, (10.22) is stable only if

ak
h
0.

and can be used only if a < 0. In this case (10.22) is the proper upwind method to use.

—-1= <0 (10.24)

10.4.1 Stability analysis

The method (10.21) can be written as
| ak ak
Ut = Uf = (U4 — UL + 5 (U] =207 + UL, (10.25)

which puts it in the form (10.15) with € = ah/2. We have seen previously that methods of
this form are stable provided |ak /| < 1 and also —2 < —2¢k/h? < 0. Since k, h > 0,
this requires in particular that € > 0. For Lax—Friedrichs and Lax—Wendroff, this condition
was always satisfied, but for upwind the value of € depends on a and we see that € > 0 only
ifa > 0. If a < 0, then the eigenvalues of the MOL matrix lie on a circle that lies entirely
in the right half-plane, and the method will certainly be unstable. If > 0, then the above
requirements lead to the stability restriction (10.23).

If we think of (10.25) as modeling an advection-diffusion equation, then we see that
a < 0 corresponds to a negative diffusion coefficient. This leads to an ill-posed equation,
as in the “backward heat equation” (see Section E.3.4).

The method (10.22) can also be written in a form similar to (10.25), but the last term
will have a minus sign in front of it. In this case we need a < 0 for any hope of stability
and then easily derive the stability restriction (10.24).
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212 Chapter 10. Advection Equations and Hyperbolic Systems

The three methods, Lax—Wendroff, upwind, and Lax—Friedrichs, can all be written
in the same form (10.15) with different values of €. If we call these values €y, €,,, and
€ r, respectively, then we have

a’k ahv ah h? ah
€Lw = (= 5 €up = =

2 2 o T Ty

where v = ak / h. Note that
€ELw = V€, and €up = VELF.

If0<v <1, theney < €,, < err and the method is stable for any value of € between
erw and €, g, as suggested by Figure 10.1.

10.4.2 The Beam-Warming method

The upwind method is only first order accurate. A second order accurate method with the
same one-sided character can be derived by following the derivation of the Lax—Wendroff
method, but using one-sided approximations to the spatial derivatives. This results in the
Beam—Warming method, which for a > 0 takes the form
27,2
n+1 __ n ak n n n a‘k n n n
For a < 0 the Beam—Warming method is one-sided in the other direction:

272

ak a
urtt =up - 2, (30} + 44U} = Ufo) +

; S5 U] =2U74 + Ufyy). (1027)

These methods are stable for 0 < v < 2 and —2 < v < 0, respectively.

10.5 Von Neumann analysis

We have analyzed the stability of various algorithms for the advection equation by viewing
them as ODE methods applied to the MOL system (10.9). The same stability criteria can
be obtained by using von Neumann analysis as described in Section 9.6. Recall that this
is done by replacing U} by g(£)"e™" (where i = +/—1 in this section). Canceling out
common factors results in an expression for the amplification factor g(£), and requiring
that this be bounded by 1 in magnitude gives the stability bounds for the method.

Also recall from Section 9.6 that this can be expected to give the same result as our
MOL analysis because of the close relation between the ¢’ §7h factor and the eigenvectors
of the matrix 4. In a sense von Neumann analysis simply combines the computation of the
eigenvalues of A4 together with the absolute stability analysis of the time-stepping method
being used. Nonetheless we will go through this analysis explicitly for several of the meth-
ods already considered to show how it works, since for other methods it may be more
convenient to work with this approach than to interpret the method as an MOL method.

For the von Neumann analysis in this section we will simplify notation slightly by
setting v = ak / h, the Courant number.
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10.5. Von Neumann analysis 213

Example 10.1. Following the procedure of Example 9.6 for the upwind method
(10.21) gives

g =1—v (1 - e—"f") = (1 —v) + ve i, (10.28)
As the wave number & varies, g(§) moves around a circle of radius v centered at 1 — v.
These values stay within the unit circle if and only if 0 < v < 1, the stability limit that was

also found in Section 10.4.1.
Example 10.2. Going through the same procedure for Lax—Friedrichs (10.6) gives

g) = % (e"'s” + eish) —v (eish _ e—igh)

(10.29)
= cos(Eh) — vi sin(Eh)
and so
g(®)* = cos®(Eh) + v? sin’ (§h), (10.30)
which is bounded by 1 for all £ only if |v| < 1.
Example 10.3. For the Lax—Wendroff method (10.18) we obtain
_ 1 iEh _ —ith Lo ien —ith
g(é)—l—zv(e —e )+EU (e —2+4e )
= 1—ivsin(Eh) + vZ(cos(Eh) — 1) (10.31)

=1 —iv[2sin(h/2) cos(Eh/2)] + v3[2sin®(Eh/2)],

where we have used two trigonometric identities to obtain the last line. This complex
number has modulus

|g(§)|2 =[l- 212 sinz(éh/Z)]2 + 4sin2(§h/2) cosz(éh/Z)

10.32
=1—4v2(1 —v?)sin*(Eh/2). ( )

Since 0 < sin*(£/1/2) < 1 for all values of £, we see that |g(£)|> < 1 for all £, and hence
the method is stable provided that |[v| < 1, which again gives the expected stability bound
(10.7).

Example 10.4. The leapfrog method (10.13) involves three time levels but can still
be handled by the same basic approach. If we set U]T‘ = g(&)"e"/" in the leapfrog method
we obtain

g@)n+1eisjh _ g@)n—leisjh g ()" (eis(j+1)h _ e—is(j—l)h) ‘ (10.33)

If we now divide by g(£)"~'e’é/" we obtain a quadratic equation for g (£),

g(§)? =1 —2visin(Eh)g(§). (10.34)

Examining this in the same manner as the analysis of the stability region for the midpoint
method in Example 7.7 yields the stability limit |v| < 1.
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It is important to note the severe limitations of the von Neumann approach just pre-
sented. It is strictly applicable only in the constant coefficient linear case (with periodic
boundary conditions or on the Cauchy problem). Applying von Neumann analysis to the
“frozen coefficient” problem locally often gives good guidance to the stability properties
of a method more generally, but it cannot always be relied on. A great deal of work has
been done on proving that methods stable for frozen coefficient problems remain stable for
variable coefficient or nonlinear problems when everything is sufficiently smooth; see, for
example, [40], [75]. In the nonlinear case, where the solution can contain shocks, a non-
linear stability theory is needed that employs techniques very different from von Neumann
analysis; see, e.g., [66].

10.6 Characteristic tracing and interpolation

The solution to the advection equation is given by (10.2). The value of u is constant along
each characteristic, which for this example is a straight line with constant slope. Over a
single time step we have

U(Xj, tay1) = u(x; —ak, ty). (10.35)

Tracing this characteristic back over time step & from the grid point x ; results in the picture
shown in Figure 10.2(a). Note that if 0 < ak/h < 1, then the point x; — ak lies between
xj—1 and x;. If we carefully choose k and / so that ak/h = 1 exactly, then x; —ak =
xj—1 and we would find that u(x, tp+1) = u(xj—1, ;). The solution should just shift one
grid cell to the right in each time step. We could compute the exact solution numerically
with the method

urtt =, (10.36)

Actually, all the two-level methods that we have considered so far reduce to the formula
(10.36) in this special case ak = h, and each of these methods happens to be exact in this
case.

In+1

In

(a) ak (b) —ak

Figure 10.2. Tracing the characteristic of the advection equation back in time
Sfrom the point (X j, ty41) to compute the solution according to (10.35). Interpolating the
value at this point from neighboring grid values gives the upwind method (for linear inter-
polation) or the Lax—Wendroff or Beam—Warming methods (quadratic interpolation). (a)
shows the case a > 0, (b) shows the case a < 0.
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10.7. The Courant-Friedrichs—Lewy condition 215

If ak/h < 1, then the point x; — ak is not exactly at a grid point, as illustrated
in Figure 10.2. However, we might attempt to use the relation (10.35) as the basis for a
numerical method by computing an approximation to u(x ; —ak, t,,) based on interpolation
from the grid values U;" at nearby grid points. For example, we might perform simple
linear interpolation between U]T’_l and U]T‘. Fitting a linear function to these points gives

the function
ur—ur
p(x) =Uj + (x —x;) (]T]) . (10.37)

Evaluating this at x; — ak and using this to define U}’H gives

n n ak n n
Ut = p(xj —ak) = U} — - (U] = U}y,

This is precisely the first order upwind method (10.21). Note that this also can be inter-
preted as a linear combination of the two values U]T’_l and U]T‘:

U](H'l = (1 - %) U}’ + %U}’_l. (10.38)
Moreover, this is a convex combination (i.e., the coefficients of U]T‘ and U?_, are both
nonnegative and sum to 1) provided the stability condition (10.23) is satisfied, which is
also the condition required to ensure that x; — ak lies between the two points x;_; and
xj. In this case we are interpolating between these points with the function p(x). If the
stability condition is violated, then we would be using p(x) to extrapolate outside of the
interval where the data lies. It is easy to see that this sort of extrapolation can lead to
instability—consider what happens if the data U" is oscillatory with U]T‘ = (=1)/, for
example.

To obtain better accuracy, we might try using a higher order interpolating polynomial
based on more data points. If we define a quadratic polynomial p(x) by interpolating
the values U]T’_l, U]T‘, and U]T‘H, and then define U}’H by evaluating p(x; — ak), we
simply obtain the Lax—Wendroff method (10.18). Note that in this case we are properly
interpolating provided that the stability restriction |ak/h| < 1 is satisfied. If we instead
base our quadratic interpolation on the three points U]T‘_Z, U]T’_l , and U}‘, then we obtain
the Beam—Warming method (10.26), and we are properly interpolating provided 0 < ak/
h<2.

10.7 The Courant-Friedrichs—Lewy condition

The discussion of Section 10.6 suggests that for the advection equation, the point x ; — ak
must be bracketed by points used in the stencil of the finite difference method if the method
is to be stable and convergent. This turns out to be a necessary condition in general for any
method developed for the advection equation: if U]T’ *1is computed based on values U]T‘ p
U]T’+p+1, R U]T‘+q with p < ¢ (negative values are allowed for p and ¢), then we must
have x;1, < x; —ak < x;44 or the method cannot be convergent. Since x; = i/, this

requires

ak
—q = W < —p.
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This result for the advection equation is one special case of a much more general principle
that is called the CFL condition. This condition is named after Courant, Friedrichs, and
Lewy, who wrote a fundamental paper in 1928 that was the first paper on the stability and
convergence of finite difference methods for PDEs. (The original paper [17] is in German
but an English translation is available in [18].) The value v = ak/# is often called the
Courant number.

To understand this general condition, we must discuss the domain of dependence of
a time-dependent PDE. (See, e.g., [55], [66] for more details.) For the advection equation,
the solution u(X, T') at some fixed point (X, 7') depends on the initial data 5 at only a
single point: (X, T) = u(X — aT). We say that the domain of dependence of the point
(X, T)isthe point X —aT:

DX, T)={X —aT}.

If we modify the data 5 at this point, then the solution u (X, T') will change, while modify-
ing the data at any other point will have no effect on the solution at this point.

This is a rather unusual situation for a PDE. More generally we might expect the
solution at (X, T') to depend on the data at several points or over a whole interval. In
Section 10.10 we consider hyperbolic systems of equations of the form u; + Au, = 0,
where u € R® and A € R is a matrix with real eigenvalues Ay, Az,..., As. If these
values are distinct then we will see that the solution u (X, 7") depends on the data at the s
distinct points X — A7, ..., X — AT, and hence

DX.T)={X—A,Tforp=1,2, ..., s} (10.39)

The heat equation u; = ux, has a much larger domain of dependence. For this
equation the solution at any point (X, 7') depends on the data everywhere and the domain
of dependence is the whole real line,

DX, T) = (—o0, 0).

This equation is said to have infinite propagation speed, since data at any point affects the
solution everywhere at any small time in the future (although its effect of course decays
exponentially away from this point, as seen from the Green’s function (E.37)).

A finite difference method also has a domain of dependence. On a particular fixed
grid we define the domain of dependence of a grid point (x, #,) to be the set of grid points
x; at the initial time ¢ = 0 with the property that the data Ui0 at x; has an effect on the
solution U]T’. For example, with the Lax—Wendroff method (10.18) or any other 3-point

method, the value U]T‘ depends on U]T‘__ll s U]T‘_l , and U]T’III. These values depend in turn on
U]T‘__ZZ through U}‘;ZZ. Tracing back to the initial time we obtain a triangular array of grid
points as seen in Figure 10.3(a), and we see that U]T‘ depends on the initial data at the points
Xj—ny «+os Xj+n-

Now consider what happens if we refine the grid, keeping & / /1 fixed. Figure 10.3(b)
shows the situation when k and /£ are reduced by a factor of 2, focusing on the same value
of (X, T') which now corresponds to UZZJ.” on the finer grid. This value depends on twice
as many values of the initial data, but these values all lie within the same interval and are

merely twice as dense.
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15 7
to fo
(a) Xj—2 X Xj+2 (b) Xj—4  Xj Xj+4

Figure 10.3. (a) Numerical domain of dependence of a grid point when using a
3-point explicit method. (b) On a finer grid.

If the grid is refined further with k / i = r fixed, then clearly the numerical domain of
dependence of the point (X, 7') will fill in the interval [X — T'/r, X + T /r]. As we refine
the grid, we hope that our computed solution at (X, 7") will converge to the true solution
u(X,T) =n(X —aT). Clearly this can be possible only if

X-T/r<X—-aT <X+T/r. (10.40)

Otherwise, the true solution will depend only on a value (X — aT') that is never seen by
the numerical method, no matter how fine a grid we take. We could change the data at
this point and hence change the true solution without having any effect on the numerical
solution, so the method cannot be convergent for general initial data.

Note that the condition (10.40) translates into |¢| < 1/r and hence |ak/h| < 1.
This can also be written as |ak| < h, which just says that over a single time step the
characteristic we trace back must lie within one grid point of x;. (Recall the discussion of
interpolation versus extrapolation in Section 10.6.)

The CFL condition generalizes this idea:

The CFL condition: A numerical method can be convergent only if its numerical
domain of dependence contains the true domain of dependence of the PDE, at least in the
limit as k and /& go to zero.

For the Lax—Friedrichs, leapfrog, and Lax—Wendroff methods the condition on k and
h required by the CFL condition is exactly the stability restriction we derived earlier in this
chapter. But it is important to note that in general the CFL condition is only a necessary
condition. If it is violated, then the method cannot be convergent. If it is satisfied, then the
method might be convergent, but a proper stability analysis is required to prove this or to
determine the proper stability restriction on k£ and /. (And of course consistency is also
required for convergence—stability alone is not enough.)

Example 10.5. The 3-point method (10.5) has the same stencil and numerical domain
of dependence as Lax—Wendroff but is unstable for any fixed value of k / i even though the
CFL condition is satisfied for |ak / h| < 1.

Example 10.6. The upwind methods (10.21) and (10.22) each have a 2-point sten-
cil and the stability restrictions of these methods, (10.23) and (10.24), respectively, agree
precisely with what the CFL condition requires.
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Example 10.7. The Beam—Warming method (10.26) has a 3-point one-sided stencil.
The CFL condition is satisfied if 0 < ak/h < 2. When a < 0 the method (10.27) is used
and the CFL condition requires —2 < ak/h < 0. These are also the stability regions for
the methods, which must be verified by appropriate stability analysis.

Example 10.8. For the heat equation the true domain of dependence is the whole real
line. It appears that any 3-point explicit method violates the CFL condition, and indeed
it does if we fix k/h as the grid is refined. However, recall from Section 10.2.1 that
the 3-point explicit method (9.5) is convergent as we refine the grid, provided we have
k/h?> < 1/2. In this case when we make the grid finer by a factor of 2 in space it will
become finer by a factor of 4 in time, and hence the numerical domain of dependence will
cover a wider interval at time ¢ = 0. As k — 0 the numerical domain of dependence
will spread to cover the entire real line, and hence the CFL condition is satisfied in this
case.

An implicit method such as the Crank—Nicolson method (9.7) satisfies the CFL con-
dition for any time step k. In this case the numerical domain of dependence is the entire
real line because the tridiagonal linear system couples together all points in such a man-
ner that the solution at each point depends on the data at all points (i.e., the inverse of a
tridiagonal matrix is dense).

10.8 Some numerical results

Figure 10.4 shows typical numerical results obtained with three of the methods discussed
in the previous sections. The initial data at time # = 0, shown in Figure 10.4(a), are smooth
and consist of two Gaussian peaks, one sharper than the other:

u(x,0) = n(x) = exp(—20(x — 2)?) + exp(—(x — 5)?). (10.41)

The remaining frames in this figure show the results obtained when solving the advection
equation u; + ux = 0 up to time # = 17, so the exact solution is simply the initial
data shifted by 17 units. Note that only part of the computational domain is shown; the
computation was done on the interval 0 < x < 25. The grid spacing &2 = 0.05 was used,
with time step k = 0.8/ so the Courant number is ak//# = 0.8. On this grid one peak is
fairly well resolved and the other is poorly resolved.

Figure 10.4(b) shows the result obtained with the upwind method (10.21) and illus-
trates the extreme numerical dissipation of this method. Figure 10.4(c) shows the result
obtained with Lax—Wendroff. The broader peak remains well resolved, while the disper-
sive nature of Lax—Wendroff is apparent near the sharper peak. Dispersion is even more
apparent when the leapfrog method is used, as seen in Figure 10.4(d).

The “modified equation” analysis of the next section sheds more light on these results.

10.9 Modified equations

Our standard tool for estimating the accuracy of a finite difference method has been the
“local truncation error.” Seeing how well the true solution of the PDE satisfies the differ-
ence equation gives an indication of the accuracy of the difference equation. Now we will
study a slightly different approach that can be very illuminating since it reveals much more
about the structure and behavior of the numerical solution.
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initial data Upwind

Leapfrog

(0)0'5 15 20 25 (d)°'5 15 20 25

Figure 10.4. The numerical experiments on the advection equation described in
Section 10.8.

The idea is to ask the following question: is there a PDE v, = --- such that our
numerical approximation U]T‘ is actually the exact solution to this PDE, U]T‘ = v(xj,1:)?
Or, less ambitiously, can we at least find a PDE that is better satisfied by U]T‘ than the
original PDE we were attempting to model? If so, then studying the behavior of solutions
to this PDE should tell us much about how the numerical approximation is behaving. This
can be advantageous because it is often easier to study the behavior of PDEs than of finite
difference formulas.

In fact it is possible to find a PDE that is exactly satisfied by the U]T‘ by doing Taylor
series expansions as we do to compute the local truncation error. However, this PDE will
have an infinite number of terms involving higher and higher powers of k and /4. By
truncating this series at some point we will obtain a PDE that is simple enough to study and
yet gives a good indication of the behavior of the U?.

The procedure of determining a modified equation is best illustrated with an example.
See [100] for a more detailed discussion of the derivation of modified equations.

Example 10.9. Consider the upwind method (10.21) for the advection equation u; +
au, = 0in the case a > 0,

K
Ut = Uy - Uy - ULy, (10.42)
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The process of deriving the modified equation is very similar to computing the local trun-
cation error, only now we insert the formula v(x, ¢) into the difference equation. This is
supposed to be a function that agrees exactly with U]T‘ at the grid points and so, unlike
u(x, ), the function v(x, ¢) satisfies (10.42) exactly:

ak
v(x,t +k)=v(x,1)— I(U(x, t) —v(x — h,1)).
Expanding these terms in Taylor series about (x, #) and simplifying gives
+ v+ Sv ) +  hvex + h2ugn +--) = 0
Ut 5 Urt 3 Uttt a\ vy 5 Uxx 3 Uxxx = 0.
We can rewrite this as
1 1
vV + avy = E(ahvxx _kvtt) + g(ahzvxxx _kzvttt) + .-

This is the PDE that v satisfies. If we take &k / /i fixed, then the terms on the right-hand side
are O(k), O(k?), etc., so that for small k we can truncate this series to get a PDE that is
quite well satisfied by the U]T‘.

If we drop all the terms on the right-hand side, we just recover the original advection
equation. Since we have then dropped terms of O(k), we expect that U]T‘ satisfies this
equation to O(k), as we know to be true since this upwind method is first order accurate.

If we keep the O(k) terms, then we get something more interesting:

1
v + avy = E(ahvxx —kuvy). (10.43)

This involves second derivatives in both x and 7, but we can derive a slightly different
modified equation with the same accuracy by differentiating (10.43) with respect to ¢ to
obtain

1
Uty = —AVUxy —+ E(ahvxxt _kvttt)

and with respect to x to obtain

1
Vtx = —AVUxx + E(ahl}xxx - kUttx)‘

Combining these gives
Vi = @ Uxx + o).

Inserting this in (10.43) gives
1
vy +avy, = E(ahvxx —a*kvey) + O(kz).

Since we have already decided to drop terms of O(k?), we can drop these terms here also
to obtain

1 ak
vy + avy = Eah (l — 7) Vxx- (10.44)
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This is now a familiar advection-diffusion equation. The grid values U¥ can be viewed as
giving a second order accurate approximation to the true solution of this equation (whereas
they give only first order accurate approximations to the true solution of the advection
equation).

The fact that the modified equation is an advection-diffusion equation tells us a great
deal about how the numerical solution behaves. Solutions to the advection-diffusion equa-
tion translate at the proper speed a but also diffuse and are smeared out. This is clearly
visible in Figure 10.4(b).

Note that the diffusion coefficient in (10.44) is %(ah — a*k), which vanishes in the
special case ak = h. In this case we already know that the exact solution to the advection
equation is recovered by the upwind method.

Also note that the diffusion coefficient is positive only if 0 < ak/h < 1. This is
precisely the stability limit of upwind. If this is violated, then the diffusion coefficient in
the modified equation is negative, giving an ill-posed problem with exponentially growing
solutions. Hence we see that even some information about stability can be extracted from
the modified equation.

Example 10.10. If the same procedure is followed for the Lax—Wendroff method, we
find that all O(k) terms drop out of the modified equation, as is expected since this method
is second order accurate on the advection equation. The modified equation obtained by
retaining the O(k?) term and then replacing time derivatives by spatial derivatives is

1, ak\?
vy + avy + gah 11— W Uxxx = 0. (10.45)

The Lax—Wendroff method produces a third order accurate solution to this equation. This
equation has a very different character from (10.43). The vyxx term leads to dispersive
behavior rather than diffusion. This is clearly seen in Figure 10.4(c), where the U]T‘ com-
puted with Lax—Wendroff are compared to the true solution of the advection equation. The
magnitude of the error is smaller than with the upwind method for a given set of k and £,
since it is a higher order method, but the dispersive term leads to an oscillating solution and
also a shift in the location of the main peak, a phase error. This is similar to the dispersive
behavior seen in Figure E.1 for an equation very similar to (10.45).

In Section E.3.6 the propagation properties of dispersive waves is analyzed in terms
of the dispersion relation of the PDE and the phase and group velocities of different wave
numbers. Following the discussion there, we find that for the modified equation (10.45),
the group velocity for wave number £ is

1 ak\?
g =a— Eah2 (1 — (7) )52,

which is less than a for all wave numbers. As a result the numerical result can be expected
to develop a train of oscillations behind the peak, with the high wave numbers lagging
farthest behind the correct location.

Some care must be used here, however, when looking at highly oscillatory waves
(relative to the grid, i.e., waves for which &£/ is far from 0). For £/ sufficiently small
the modified equation (10.45) is a reasonable model, but for larger £/ the terms we have
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neglected in this modified equation may play an equally important role. Rather than deter-
mining the dispersion relation for a method from its modified equation, it is more reliable
to determine it directly from the numerical method, which is essentially what we have done
in von Neumann stability analysis. This is pursued further in Example 10.13 below.

If we retain one more term in the modified equation for Lax—Wendroff, we would
find that the U]T‘ are fourth order accurate solutions to an equation of the form

o, ak\?
vy +avy + gah 1— o Uxxx = —€Uxxxxs (10.46)

where the € in the fourth order dissipative term is O(k 3 +h3) and positive when the stability
bound holds. This higher order dissipation causes the highest wave numbers to be damped
(see Section E.3.7), so that there is a limit to the oscillations seen in practice.

The fact that this method can produce oscillatory approximations is one of the reasons
that the first order upwind method is sometimes preferable in practice. In some situations
nonphysical oscillations may be disastrous, for example, if the value of u represents a
concentration that cannot become negative or exceed some limit without difficulties arising
elsewhere in the modeling process.

Example 10.11. The Beam—Warming method (10.26) has a similar modified equa-

tion,
v = Lan (22 30k, (k) (10.47)
v +avx = za 7 7 Vo - )

In this case the group velocity is greater than @ for all wave numbers in the case 0 <
ak/h < 1, so that the oscillations move ahead of the main hump. If 1 < ak/h < 2,
then the group velocity is less than @ and the oscillations fall behind. (Again the dispersion
relation for (10.47) gives an accurate idea of the dispersive properties of the numerical
method only for £/ sufficiently small.)

Example 10.12. The modified equation for the leapfrog method (10.13) can be de-
rived by writing

(v(x,t+k)—v(x,t—k)) :a(v(x+h,t)—v(x—h,t)) _0

7 T (10.48)
and expanding in Taylor series. As in Example 10.9 we then further differentiate the result-
ing equation (which has an infinite number of terms) to express higher spatial derivatives
of v in terms of temporal derivatives. The dominant terms look just like Lax—Wendroff,
and (10.45) is again obtained.

However, from the symmetric form of (10.48) in both x and ¢ we see that all even-
order derivatives drop out. If we derive the next term in the modified equation we will find
an equation of the form

1, ak \?
v +avy + gah 1- 7 Uxxx = €Vxxxxx T °* (10.49)

for some € = O(h* + k*), and higher order modified equations will also involve only odd-
order derivatives and even powers of /1 and k. Hence the numerical solution produced with
the leapfrog method is a fourth order accurate solution to the modified equation (10.45).
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Moreover, recall from Section E.3.6 that all higher order odd-order derivatives give
dispersive terms. We conclude that the leapfrog method is nondissipative at all orders. This
conclusion is consistent with the observation in Section 10.2.2 that kA , is on the boundary
of the stability region for all eigenvalues of 4 from (10.10), and so we see neither growth
nor decay of any mode. However, we also see from the form of (10.49) that high wave
number modes will not propagate with the correct velocity. This was also true of Lax—
Wendroff, but there the fourth order dissipation damps out the worst offenders, whereas
with leapfrog this dispersion of often much more apparent in computational results, as
observed in Figure 10.4(d).

Example 10.13. Since leapfrog is nondissipative it serves as a nice example for
calculating the true dispersion relation of the numerical method. The approach is very
similar to the von Neumann stability analysis of Section 10.5, only now we use e’ €Xi—@)
as our Ansatz (so that the g from von Neumann analysis is replaced by e ~?%). Following
the same procedure as in Example 10.4, we find that

e—iwk — eiwk _ % (ei%'h _ e—i%‘h) , (1050)
which can be simplified to yield

sin(wk) = % sin(éh). (10.51)
This is the dispersion relation relating w to &. Note that || < 7 for waves that can
be resolved on our grid and that for each such £/ there are two corresponding values of
wk. The dispersion relation is multivalued because leapfrog is a three-level method, and
different temporal behavior of the same spatial wave can be seen, depending on the relation
between the initial data chosen on the two initial levels. For well-resolved waves (|£4]
small) and reasonable initial data we expect wk also near zero (not near +m, where the
other solution is in this case).

Solving for w as a function of £ and expanding in Taylor series for small £4 would
show this agrees with the dispersion relation of the infinite modified equation (10.49). We
do not need to do this, however, if our goal is to compute the group velocity for the leapfrog
method. We can differentiate (10.51) with respect to & and solve for

d h h
d_a) _ acos(é)}() 4 acos(éh) ’ (10.52)
§ cos(wk) \/ 1 —vsin?(&h)
where v = ak/h is the Courant number and again the %+ arises from the multivalued

dispersion relation. The velocity observed would depend on how the initial two levels are
set.

Note that the group velocity can be negative and near —a for |Eh| ~ m. This is
not surprising since the leapfrog method has a 3-point centered stencil, and it is possible
for numerical waves to travel from right to left although physically there is advection only
to the right. This can be observed in some computations, for example, in Figure 10.5 as
discussed in Example 10.14.
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10.10 Hyperbolic systems

The advection equation u; + au, = 0 can be generalized to a first order linear system of
equations of the form

up + Auy =0, (10.53)
u(x,0) =n(x),

where # : RxR — RS and A € RS is a constant matrix. (Note that this is not the matrix
A from earlier in this chapter, e.g., (10.10).)

This is a system of conservation laws (see Section E.2) with the flux function f (1) =
Au. This system is called hyperbolic if A is diagonalizable with real eigenvalues, so that

we can decompose
A= RAR™!, (10.54)

where A = diag(A1, A2, ..., Ay) is a diagonal matrix of eigenvalues and R = [ry|r2] - - |#s]
is the matrix of right eigenvectors. Note that AR = RA, i.e.,

Arp =Aprp forp=1,2, ..., s. (10.55)

The system is called strictly hyperbolic if the eigenvalues are distinct.

10.10.1 Characteristic variables

We can solve (10.53) by changing to the “characteristic variables”
w=R"u (10.56)

in much the same way we solved linear systems of ODEs in Section 7.4.2. Multiplying
(10.53) by R ' and using (10.54) gives

R, + AR 'u, =0 (10.57)

or, since R™! is constant,
wr + Awyx = 0. (10.58)

Since A is diagonal, this decouples into s independent scalar equations
(wp)r + Ap(wp)x =0, p=1,2, ..., s. (10.59)
Each of these is a constant coefficient linear advection equation with solution
Wp(x, 1) =wp(x —Apt,0). (10.60)
Since w = R~ 'u, the initial data for w p 1s simply the pth component of the vector
w(x,0) = R™'n(x). (10.61)
The solution to the original system is finally recovered via (10.56):

u(x,t) = Rw(x,1t). (10.62)
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Note that the value w,(x, ) is the coefficient of 7, in an eigenvector expansion of
the vector u(x, t), i.e., (10.62) can be written out as

u(x, 1) =Y wy(x, 0rp. (10.63)

p=1

Combining this with the solutions (10.60) of the decoupled scalar equations gives

u(x, 1) = wp(x = Apt, 0)rp. (10.64)
p=1

Note that u(x, t) depends only on the initial data at the s points x — A ,¢. This set of points
is the domain of dependent D(x, ¢) of (10.39).

The curves x = xo + Apt satisfying x’(t) = A, are the “characteristics of the
pth family,” or simply “p-characteristics.” These are straight lines in the case of a constant
coefficient system. Note that for a strictly hyperbolic system, s distinct characteristic curves
pass through each point in the x-¢ plane. The coefficient w,(x, t) of the eigenvector 7, in
the eigenvector expansion (10.63) of u(x, ¢) is constant along any p-characteristic.

10.11 Numerical methods for hyperbolic systems

Most of the methods discussed earlier for the advection equation can be extended directly
to a general hyperbolic system by replacing a with 4 in the formulas. For example, the
Lax—Wendroff method becomes

k k2
U]TH'I =Uj -~ ﬂA(UJnH Ui+ WAZ(U}[—I =20} + Ujy). (10-65)

This is second order accurate and is stable provided the Courant number is no larger than
1, where the Courant number is defined to be

v = max |Ayk/h| (10.66)

1=p=<

For the scalar advection equation, there is only one eigenvalue equal to @, and the Courant
number is simply |ak / h|. The Lax—Friedrichs and leapfrog methods can be generalized in
the same way to systems of equations and remain stable for v < 1.

The upwind method for the scalar advection equation is based on a one-sided ap-
proximation to u, using data in the upwind direction. The one-sided formulas (10.21) and
(10.22) generalize naturally to

k
+1 _
Uit = Uf - S AU} - ULy (10.67)

and

k
Uit = Uj = 2 AU, - UD). (10.68)
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For a system of equations, however, neither of these is useful unless all the eigenvalues of A
have the same sign, so that the upwind direction is the same for all characteristic variables.
The method (10.67) is stable only if

kAp
0<T§l forallp=1, 2,..., s, (10.69)

while (10.68) is stable only if

kAp
—1<T§0 forall p=1, 2,..., s. (10.70)

It is possible to generalize the upwind method to more general systems with eigenvalues of
both signs, but to do so requires decomposing the system into the characteristic variables
and upwinding each of these in the appropriate direction. The resulting method can also be
generalized to nonlinear hyperbolic systems and generally goes by the name of Godunov’s
method. These methods are described in much more detail in [66].

10.12 Initial boundary value problems

So far we have studied only numerical methods for hyperbolic problems on a domain with
periodic boundary conditions (or the Cauchy problem, if we could use a grid with an infinite
number of grid points).

Most practical problems are posed on a bounded domain with nonperiodic boundary
conditions, which must be specified in addition to the initial conditions to march forward
in time. These problems are called initial boundary value problems (IBVPs).

Consider the advection equation u; + au, = 0 witha > 0, corresponding to flow
to the right, on the domain 0 < x =< 1 where some initial conditions u(x,0) = n(x)
are given. This data completely determine the solution via (10.2) in the triangular region
0 < x —at =<1 of the x-¢ plane. Outside this region, however, the solution is determined
only if we also impose boundary conditions at x = 0, say, (10.8). Then the solution is

_ | nx—at) if0<x—at <1,
ulx, 1) = { go(t —x/a) otherwise. (10.71)

Note that boundary data are required only at the inflow boundary x = 0, not at the outflow
boundary x = 1, where the solutionis determined via (10.71). Trying to impose a different
value on u(1, ) would lead to a problem with no solution.

If a < 0 in the advection equation, then x = 1 is the inflow boundary, the solution is
transported to the left, and x = 0 is the outflow boundary.

10.12.1 Analysis of upwind on the initial boundary value problem

Now suppose we apply the upwind method (10.21) to this IBVP with a > 0 on a grid with
h=1/m+1)and x; = ihfori = 0, 1, ..., m + 1. The formula (10.21) can be
applied fori =1, ..., m + 1 in each time step, while UJ' = g(#,) is set by the boundary
condition. Hence the method is completely specified.
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When is this method stable? Intuitively we expect it to be stable if 0 < ak/h < 1.
This is the stability condition for the problem with periodic boundary conditions, and here

we are using the same method at every point except i = 0, where the exact solution is
being set in each time step. Our intuition is correct in this case and the method is stable if
0<ak/h =<1

Notice, however, that von Neumann analysis cannot be used in this case, as discussed
already in Section 10.5: the Fourier modes e are no longer eigengridfunctions. But
von Neumann analysis is still useful because it generally gives a necessary condition for
stability. In most cases a method that is unstable on the periodic domain or Cauchy problem
will not be useful on a bounded domain either, since locally on a fine grid, away from the
boundaries, any instability indicated by von Neumann analysis is bound to show up.

Instead we can use MOL stability analysis, although it is sometimes subtle to do so
correctly. We have a system of ODEs similar to (10.9) for the vector U(¢), which again has
m + 1 components corresponding to u(x;, #). But now we must incorporate the boundary
conditions, and so we have a system of the form

U'(t) = AU@) + g(1), (10.72)
where
1 go(t)a/h
11 0
A= —% -1 1 . ) = 0 . (1073)
I 0

The upwind method corresponds to using Euler’s method on the ODE (10.72).

The change from the matrix of (10.10) to (10.73) may seem trivial but it completely
changes the character of the matrix. The matrix (10.10) is circulant and normal and has
eigenvalues uniformly distributed about the circle of radius a/ 4 in the complex plane cen-
tered at z = —a/ h. The matrix (10.73) is a defective Jordan block with all its eigenvalues
at the point —a/ h. The eigenvalues have moved distance a/h — oo as h — 0.

Suppose we attempt to apply the usual stability analysis of Chapter 7 to this system
and require that kA, € S for all eigenvalues of A, where S is the stability region for
Euler’s method. Since S contains the interval [—2, 0] on the real axis, this would suggest
the stability restriction

0<ak/h=<2 (10.74)

for the upwind method on the IBVP. This is wrong by a factor of 2. It is a necessary
condition but not sufficient.

The problem is that 4 in (10.73) is highly nonnormal. It is essentially a Jordan block
of the sort discussed in Section D.5.1, and on a fine grid its e-pseudospectra roughly fill up
the circle of radius a/ i about —a/ h, even for very small €. This is a case where we need
to apply a more stringent requirement than simply requiring that kA be inside the stability
region for all eigenvalues; we also need to require that

dist(kAde, S) < Ce (10.75)
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holds for the e-pseudoeigenvalues (see Section D.5), where C is a modest constant, as sug-
gested in [47], [92]. Requiring (10.75) shows that the expected requirement 0 < ak/h <1
is needed rather than (10.74).

10.12.2 Outflow boundary conditions

When the upwind method is used for the advection equation, as in the previous section,
the outflow boundary poses no problem. The finite difference formula is one sided and the
value U |, at the rightmost grid point is computed by the same formula that is used in the
interior.

However, if we use a finite difference method whose stencil extends to the right as
well as the left, we will need to use a different formula at the rightmost point in the domain.
This is called a numerical boundary condition or artificial boundary condition since it is
required by the method, not for the PDE. Numerical boundary conditions may also be
required at boundaries where a physical boundary condition is imposed, if the numerical
method requires more conditions than the equation. For example, if we use the Beam—
Warming method for advection, which has a stencil that extends two grid points in the
upwind direction, then we can use this only for updating U2”+1, U3”+1, .... The value

Uy +1 will be set by the physical boundary condition but U}' *+1 will have to be set by some
other method, which can be viewed as a numerical boundary condition for Beam—Warming.

Naturally some care must be used in choosing numerical boundary conditions, both
in terms of the accuracy and stability of the resulting method. This is a difficult topic,
particularly the stability analysis of numerical methods for IBVPs, and we will not pursue
it here. See, for example, [40], [84], [89].

Example 10.14. We will look at one example simply to give a flavor of the potential
difficulties. Suppose we use the leapfrog method to solve the IBVP for the advection
equation u; + au, = 0. At the left (inflow) boundary we can use the given boundary
condition, but at the right we will need a numerical boundary condition. Suppose we use
the first order upwind method at this point,

m+1 m

ak
yntl — Un+1 _ 7(U$+1 - Uh), (10.76)

which is also consistent with the advection equation. Figure 10.5 shows four snapshots of
the solution when the initial data is u(x, 0) = n(x) = exp(—5(x — 2)?) and the first two
time levels for leapfrog are initialized based on the exact solution u(x,?) = n(x —at). We
see that as the wave passes out the right boundary, a reflection is generated that moves to
the left, back into the domain. The dispersion relation for the leapfrog method found in
Example 10.13 shows that waves with 4 &~ 7 can move to the left with group velocity
approximately equal to —a, and this wave number corresponds exactly to the sawtooth
wave seen in the figure.

For an interesting discussion of the relation of numerical dispersion relations and
group velocity to the stability of numerical boundary conditions, see [89].

Outflow boundaries are often particularly troublesome. Even if a method is formally
stable (as the leapfrog method in the previous example is with the upwind boundary condi-
tion), it is often hard to avoid spurious reflections. We have seen this even for the advection
equation, where in principle flow is entirely to the right, and it can be even more difficult
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Figure 10.5. Numerical solution of the advection equation using the leapfrog
method in the interior and the upwind method at the right boundary. The solution is shown
at four equally spaced times, illustrating the generation and leftward propagation of a
sawtooth mode.

to develop appropriate boundary conditions for wave propagation or fluid dynamics equa-
tions that admit wave motion in all directions. Yet in practice we always have to compute
over a finite domain and this often requires setting artificial boundaries around the region
of interest. The assumption is that the phenomena of interest happen within this region,
and the hope is that any waves hitting the artificial boundary will leave the domain with
no reflection. Numerical boundary conditions that attempt to achieve this are often called
nonreflecting or absorbing boundary conditions.
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10.13 Other discretizations

As in the previous chapter on parabolic equations, we have concentrated on a few basic
methods in order to explore some fundamental ideas. We have also considered only the
simplest case of constant coefficient linear hyperbolic equations, whereas in practice most
hyperbolic problems of interest have variable coefficients (e.g., linear wave propagation in
heterogeneous media) or are nonlinear. These problems give rise to a host of new difficul-
ties, not least of which is the fact that the solutions of interest are often discontinuous since
nonlinearity can lead to shock formation. There is a well-developed theory of numerical
methods for such problems that we will not delve into here; see, for example, [66].

Even in the case of constant coefficient linear problems, there are many other dis-
cretizations possible beyond the ones presented here. We end with a brief overview of just
a few of these:

e Higher order discretizations of ux can be used in place of the discretizations consid-
ered so far. If we write the MOL system for the advection equation as

Uj(t) = —aW;(1), (10.77)

where W;(¢) is some approximation to ux(x;, ), then there are many ways to ap-
proximate W;(¢) from the U; values beyond the centered approximation (10.3).
One-sided approximations are one possibility, as in the upwind method. For suf-
ficiently smooth solutions we might instead use higher order accurate centered ap-
proximations, e.g.,

4 (Ujr1 —Uj— 1 (Ujr2—Uj-
W= (L) (IR 10.78
773 ( 2h ) 3 ( 4h ( )

This and other approximations can be determined using the fdcoef £V .m routine
discussed in Section 1.5; e.g., fdcoeffv (1,0, -2:2) produces (10.78). Cen-
tered approximations such as (10.78) generally lead to skew-symmetric matrices
with pure imaginary eigenvalues, at least when applied to the problem with periodic
boundary conditions. In practice most problems are on a finite domain with nonpe-
riodic boundary conditions, and other issues arise as already seen in Section 10.12.
Note that the discretization (10.78) requires more numerical boundary conditions
than the upwind or second order centered operator.

e An interesting approach to obtaining better accuracy in W; is to use a so-called
compact method, in which the W; are determined by solving a linear system rather
than explicitly. A simple example is

%Wj_l + W+ %WM = ; (%) . (10.79)
This gives a tridiagonal system of equations to solve for the W; values, and it can be
shown that the resulting values will be O(h*) approximations to ux(x;, ). Higher
order methods of this form also exist; see Lele [63] for an in-depth discussion. In
addition to giving higher order of accuracy with a compact stencil, these approx-
imations also typically have much better dispersion properties than standard finite
difference approximations of the same order.
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e Spectral approximations to the first derivative can be used, based on the same ideas
as in Section 2.21. In this case W = DU is used to obtain the approximations to the
first derivative, where D is the dense spectral differentiation matrix. These methods
can also be generalized to variable coefficient and even nonlinear problems and often
work very well for problems with smooth solutions.

Stability analysis of these methods can be tricky. To obtain reasonable results a
nonuniform distribution of grid points must be used, such as the Chebyshev extreme
points as discussed in Section 2.21. In this case the eigenvalues of the matrix D turn
out to be O(1/h?), rather than O(1/ h) as is expected for a fixed-stencil discretiza-
tion of the first derivative. If instead we use the roots of the Legendre polynomial
(see Section B.3.1), another popular choice of grid points for spectral methods, it can
be shown that the eigenvalues are O(1/ /), which appears to be better. In both cases,
however, the matrix D is highly nonnormal and the eigenvalues are misleading, and
in fact a time step k = O(h?) is generally required if an explicit method is used for
either choice of grid points; see, e.g., [92].

e Other time discretizations can be used in place of the ones discussed in this chapter.
In particular, for spectral methods the MOL system is stiff and it may be beneficial
to use an implicit method as discussed in Chapters 8 and 9. Another possibility is to
use an exponential time differencing method, as discussed in Section 11.6.

e For conservation laws (see Section E.2) numerical methods are often more naturally
derived using the integral form (E.9) than by using finite difference approximations to
derivatives. Such methods are particularly important for nonlinear hyperbolic prob-
lems, where shock waves (discontinuous solutions) can develop spontaneously even
from smooth initial data. In this case the discrete value U;" is viewed as an approxi-
mation to the cell average of u(x, ) over the grid cell [x;_1/2, X;j41/2] of length

centered about X;,
l Xi+1/2

U ~ —

! h

u(x,t,) dx. (10.80)
Xi—1/2
According to (E.9) this cell average evolves at a rate given by the difference of fluxes
at the cell edges, and a particular numerical method is obtained by approximating
these fluxes based on the current cell averages. Methods of this form are often called
finite volume methods since the spatial domain is partitioned into volumes of finite
size. Simple finite volume methods often look identical to finite difference methods,
but the change in viewpoint allows the development of more sophisticated methods
that are better suited to solving nonlinear conservation laws. These methods also
have some advantages for linear problems, particularly if they have variable coeffi-
cients with jump discontinuities, as often arises in solving wave propagation prob-
lems in heterogeneous media. See [66] for a detailed description of such methods.
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Mixed Equations

We have now studied the solution of various types of time-dependent equations: ordinary
differential equations (ODEs), parabolic partial differential equations (PDEs) such as the
heat equation, and hyperbolic PDEs such as the advection equation. In practice several
processes may be happening simultaneously, and the PDE model will not be a pure equation
of any of the types already discussed but rather will be a mixture. In this chapter we discuss
several approaches to handling more complicated equations. We restrict our attention to
time-dependent PDEs of the form

ur = Ay (u) + Ay (u) +--- + An(u), (11.1)

where each of the A;(u) are (possibly nonlinear) functions or differential operators in-
volving only spatial derivatives of u. For simplicity, most of our discussion will be further
restricted to only two terms, which we will write as

ur = A(u) + B(u), (11.2)

but more terms often can be handled by extension or combination of the methods described
here.

11.1  Some examples

We begin with some examples of PDEs involving more than one term. See Appendix E for
more discussion of some of these equations.

o Multidimensional problems, such as the diffusion equation in two dimensions,
U = K(Uxx + Uyy), (11.3)

or the three-dimensional version. This problem has already been discussed in Sec-
tion 9.7, where we saw that efficient methods can be developed by splitting (11.3)
into two one-dimensional problems. Hyperbolic equations also arise in multidimen-
sional domains, such as the two-dimensional hyperbolic system

ur + Aux + Bu, =0 (11.4)

233
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or nonlinear hyperbolic conservation laws

ur + fwyx + g(u), =0, (11.5)

where f(u) and g(u) are the flux functions in the two directions.

All the problems discussed below also have multidimensional variants, where even
more terms arise. For simplicity we display only the one-dimensional case.

o Reaction-diffusion equations of the form

Uy = kixx + R(u), (11.6)

where « is a diffusion coefficient (or diagonal matrix of diffusion coefficients if dif-
ferent components in the system diffuse at different rates) and R(u) represents chem-
ical reactions, and is typically nonlinear. The reaction terms might or might not be
stiff. If not, then we typically want to handle these terms explicitly (to avoid solving
nonlinear systems of equations in each time step), while the diffusion term is stiff
and requires appropriate methods.

Even if the reaction terms are stiff, they apply locally at a point in space, unlike the
diffusion term that couples different grid points together. Recognizing this fact can
lead to more efficient solution techniques, as discussed further below.

o Advection-diffusion equations of the form

Ur +auyx = KlUyxx. (11.7)

The diffusion term is stiff and requires an appropriate solver, while the advection
term can be handled explicitly.

e Nonlinear hyperbolic equations with viscous terms,

ur + f(U)x = Kxx. (11.8)

The advection-diffusion equation (11.7) is one example of this form, but more gener-
ally the flux function f'(u#) can be nonlinear, modeling fluid dynamics, for example,
in which case the right-hand side represents viscous terms and perhaps heat conduc-
tion. The Navier—Stokes equations for compressible gas dynamics have this general
form, for example. A simpler example is the viscous Burgers equation,

Ur + UlUx = €Uxx, (11.9)

where the flux functionis f(u) = %uz. This is a simple scalar model for some of

the effects seen in compressible flow, and it has been widely studied.

o Advection-diffusion-reaction equations or reacting flow problems,

ur + f()x = kuxx + R(u). (11.10)

If chemical reactions are occurring in a fluid flow, then equations of this general
form are obtained. Combustion problems are particularly challenging problems of
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this type, where exothermic chemical reactions directly influence the fluid dynamics.
Chemotaxis problems are also of this type, which arise in biology when substances
move in response to concentration gradients of other substances, and often give rise
to interesting pattern formation [73].

o The Korteweg—de Vries (KdV) equation,
Ur + UlUx = VUxxx- (11.11)

This is similar to the viscous Burgers equation (11.9), but the term on the right-
hand side is dispersive rather than dissipative. This leads to very different behavior
and is the simplest example of an equation having soliton solutions. It arises as a
simple model of certain kinds of wave phenomena in fluid dynamics and elsewhere.
The third derivative term is stiffer than a u, term and would typically require k =
O(h?) for an explicit method. However, similar to the advective terms considered in
Chapter 10, the eigenvalues of a discretization of u,,, will typically lie on or near
the imaginary axis over an interval stretching distance O(1/h*) from the origin,
rather than along the negative real axis, influencing the type of time discretization
appropriate for these equations.

Many other equations that couple nonlinearity with dispersion are of importance in
applications, for example, the nonlinear Schrodinger equation

ive(x, 1) = —Yxx(x,0) + V() (11.12)

with a nonlinear potential V(). (With V' = 0 the equation is linear and dispersive,
as shown in Section E.3.8.)

o The Kuramoto—Sivashinsky equation,

1
us + E(”x)z = —Uxx — Uxxxx- (11.13)

The right-hand side gives exponential growth of some low wave numbers, as shown
in Section E.3.7. The nonlinear term transfers energy from low wave numbers to
higher wave numbers, which are damped by the fourth order diffusion. The result
is bounded solutions, but ones that can behave quite chaotically. The fourth order
diffusion term is even more stiff than second order diffusion. Eigenvalues of a dis-
cretization of this term typically lie on the negative real axis over an interval of length

O(1/ h%).

Many approaches can be used for problems that involve two or more different terms,
and a huge number of specialized methods have been developed for particular equations.
The remainder of this chapter contains a brief overview of a few popular approaches, but it
is by no means exhaustive.

11.2  Fully coupled method of lines

One simple approach is to discretize the full right-hand side of (11.1) in space using appro-
priate spatial discretizations of each term to obtain a semidiscrete method of lines (MOL)
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system of the form U’(t) = F(U(t)), where F represents the full spatial discretization.
This system of ODEs can now be solved using an ODE method in MATLAB or with other
ODE software. This may work well for equations where the terms all have similar charac-
ter. The problem in general, however, is that the same ODE method is being applied to all
aspects of the spatial discretization, which can be very wasteful for many of the problems
listed above.

Consider a reaction-diffusion equation of the form (11.6), for example. If this rep-
resents a system of s equations and we discretize in x on a grid with m points, then we
obtain a coupled system of ms ODEs. Typically the reaction terms R(u) are nonlinear and
so this will be a nonlinear system. Generally an implicit method is used since the diffusion
terms are stiff, so in every time step a nonlinear system of dimension ms must be solved.
However, if the reaction terms are not stiff, then there is no need to make these terms im-
plicit and it should be possible to solve only linear systems for the diffusion terms, and
s decoupled linear systems of size m each (with tridiagonal matrices) rather than a fully
coupled nonlinear system of size m.s. Even if the reaction terms are stiff, the reaction terms
uy = R(u) are local at a point and by splitting the reaction from the diffusion (using one of
the other approaches discussed below), it is possible to solve decoupled nonlinear equations
of dimension s at each grid point to advance the reaction terms in a stable manner.

11.3  Fully coupled Taylor series methods

A first order accurate explicit method for the equation (11.2) can be obtained by using the
first order term in the Taylor series,

ux,ty + k) ~u(x,ty) + k(Au(x, ty)) + Bu(x, ty))), (11.14)

and then replacing the spatial operators A and B with discretizations. A second order
accurate method can sometimes be obtained by adding the next term in the Taylor series,
but this requires determining u,; in terms of spatial derivatives of . We did this for the
advection equation u; + au, = 0 in Section 10.3 to derive the Lax—Wendroff method, in
which case u;; = a®uxx. Whether we can do this in general for (11.2) depends on how
complicated the right-hand side is, but in some cases it can be done. For example, for the
two-dimensional hyperbolic equation (11.4) we can compute

Uy = —Auix — Buyy
= A(Aux + Buy)x + B(Aux + Buy), (11.15)
= A%uyx + (AB + BA)uyy + B*u,,.

A second order accurate Lax—Wendroff method can then be derived from
1
u(x, y,tn+k) ~ u—k(Aux + Bu,)+ Ekz(Azuxx +(AB+ BA)uyy + Buyy) (11.16)

(where the terms on the right-hand side are all evaluated at (x, y, #,)) by discretizing in
space using second order accurate centered approximations. This gives the two-dimensional
Lax—Wendroff method.

For some other problems a similar approach works, e.g., for advection-reaction terms
with nonstiff reactions, but this is generally useful only if all terms are nonstiff and can be
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advanced with explicit methods. Moreover, it is generally difficult to achieve higher than
second order accuracy with this approach.

11.4 Fractional step methods

The idea of a fractional step method (also called a time-split or split-step method, among
other things) is to split up the equation into its constituent pieces and alternate between
advancing simpler equations in time. The simplest splitting for an equation with two terms
of the form (11.2) would be

U* = N4(U" k),

U N U ) (11.17)

Here N4(U", k) represents some one-step numerical method that solves u; = A(u) over
a time step of length k starting with data U”. Similarly, Np(U*, k) solves u; = B(u) over
a time step of length k starting with the data U*.

Below we will see that this splitting of the equation does often work—the numerical
solution obtained will usually converge to solutions of the original problem as k — 0
provided the numerical methods used in each step are consistent and stable approximations
to the separate problems they are designed to solve. The approximation obtained often will
be only first order accurate, however, no matter how good each of the constituent numerical
methods is. We will see why below and consider some improvements.

First we note that this fractional step approach has several advantages. It allows us to
use very different methods for each piece u; = A(u) and u; = B(u). One can be implicit
and the other explicit, for example. For the reaction-diffusion problem (11.6), if A(u)
represents the diffusion terms, then these can be solved with an implicit method, solving
tridiagonal linear systems for each component. The reaction terms can be solved with an
explicit or implicit method, depending on whether they are stiff. If an implicit method is
used, then a nonlinear system is obtained at each grid point, but each is decoupled from the
nonlinear system at other grid points, typically leading to a much more efficient solution of
these systems.

Another situation in which this type of splitting is often used is in reducing a mul-
tidimensional problem to a sequence of one-dimensional problems. In this context the
fractional step approach is often called dimensional splitting. We saw an example of this
in Section 9.8, where the locally one-dimensional (LOD) method for the heat equation
was discussed. By decoupling the space dimensions, one obtains a sequence of tridiagonal
systems to solve instead of a large sparse matrix with more complicated structure.

Another advantage of the fractional step approach is that existing methods for the
simpler subproblems are easily patched together, e.g., ODE methods for the reaction terms
can be applied without worrying about the spatial coupling, or a one-dimensional method
for a PDE can easily be extended to two or three dimensions by repeatedly applying it on
one-dimensional slices.

To see that the fractional step method (11.17) may be only first order accurate, con-
sider a simple linear system of ODEs where the coefficient matrix is split into two matrices
as A + B, so the system is

u; = Au + Bu. (11.18)
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Suppose we use the fractional step method (11.17) with the exact solution operator for each
step, so
NAU. k) = e U, Np(U. k) =P U. (11.19)

Then (11.17) gives the numerical method
Ul = o Bkyx = Bk Ak (11.20)
whereas the exact solution satisfies
u(tngr) = e“4B% (1), (11.21)

By Taylor series expansion of the matrix exponentials (see (D.31)), we find that
1
eAHBE — 1 4 (4 + B) + EkZ(A+B)2 4 (11.22)
whereas

1 1
eBkedk — (1 + kA + 5kZA2 +) (1 + kB + EkZB2 +)
| (11.23)
=I+k(A+B)+Ek2(A2+2AB+BZ)+---.

Note that the quadratic term in (11.22) is
(A+ B)> = A*> + AB + BA + B?,

which is not the same as the quadratic term in (11.23) if the matrices A and B do not
commute.

If they do commute, e.g., in the scalar case, then the splitting is exact and all terms in
the Taylor series agree. But in general a one-step error of magnitude O(k?) is introduced,
and so the method is only first order accurate even when the exact solution is used for each
piece.

A second order accurate splitting was introduced by Strang [83] in the context of
methods for multidimensional hyperbolic equations and is often called the Strang splitting:

U* =N4U" k/2),
U* = Np(U*, k), (11.24)
U™ = Ny(U*, k/2).

Working out the product of the Taylor series expansions in this case for the ODE system
(11.18) gives agreement to the quadratic term in (11.22), although there is an error in the
O(k?) term unless A and B commute. A similar result can be shown for general PDEs
with smooth solutions split in the form (11.2).

An alternative procedure, which also gives second order accuracy, is to use the split-
ting (11.17) in every other time step, and in the alternate time steps use a similar splitting
but with the order of A4 and NV'p reversed. Over two time steps this has roughly the same
form as the Strang splitting over a time step of length 2k, although with two applications
of N'p with time step k rather than one application with time step 2k.
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Example 11.1. The LOD method for the heat equation discussed in Section 9.8 uses
a splitting of the form (11.17) but is able to achieve second order accuracy because there
is no splitting error in this case (except near the boundaries, where appropriate treatment
is required). In this case the two-dimensional heat equation is split with A(«#) = ux and
B(u) = uyy, and the operators 92 and Bf, commute. For a more general variable coefficient
heat equation with A(u) = (k(x, y)ux)x and B(u) = (k(x, y)uy),, the two operators no
longer commute and the LOD method would be only first order accurate.

Another possible way to improve the accuracy of fractional step methods is to com-
bine them with the spectral deferred correction method of [28]. This method improves the
accuracy of a time-stepping procedure by a deferred correction process. Application to
advection-diffusion-reaction equations in the context of fractional step methods was inves-
tigated in [9].

One difficulty with fractional step methods is that boundary conditions may be hard
to apply properly when initial boundary value problems are solved. Each application of
N4 or Np typically requires boundary conditions, either physical or artificial, and it is
not always clear how to properly specify the “intermediate boundary conditions” needed in
each stage of the splitting. This has been discussed in relation to the LOD method for the
heat equation in Section 9.8. See [65] for a discussion of intermediate boundary conditions
for hyperbolic equations.

Another potential difficulty is stability. Even if the methods N4 and N are each sta-
ble methods for the problems they are designed to solve, it is not always clear that alternat-
ing between these methods in every time step will lead to a stable procedure. Example D.3
shows the problem that can arise. Suppose N4 (U", k) = AoU" and Ng(U*, k) = Au*,
where Ay and A; are given by (D.84). Then each method is stable by itself but the frac-
tional step procedure (11.17) generates exponentially growing solutions. Often stability
of fractional step methods can be easily shown, for example, if |N4(U, k)| < ||U] and
INB(U, k)| < U]l both hold in the same norm, but caution is required.

11.5 Implicit-explicit methods

Suppose we have an equation split as in (11.2), where A(u) represents stiff terms that we
wish to integrate using an implicit method, whereas B(u) corresponds to nonstiff terms
that can be handled explicitly with a reasonable time step. We have seen various examples
of this form, such as reaction-diffusion equations with nonstiff reactions, where it may be
much more efficient to avoid an implicit solve for the nonlinear reaction terms.

Implicit-explicit IMEX) methods are fully coupled methods that are designed to han-
dle some terms implicitly and others explicitly. A simple example is obtained by combining
forward Euler with backward Euler:

U™ = U + k(AU + BU™)). (11.25)

Another example is a two-step combination of the second order Adams—Bashforth method
for the explicit term with the trapezoidal method for the implicit term:

urtl = un g (AW™ + AU™™) + 3BW™) - BU"). (11.26)
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Higher order methods of this type have been derived and widely used. See, for example,
[7] for a number of other multistep methods and [6] for some Runge—Kutta methods of this

type.

11.6 Exponential time differencing methods

Consider a nonlinear ODE u’ = f(u) (possibly an MOL discretization of a PDE) and
suppose that over the time interval [¢,, #,+1] we write this as

W' (t) = Agu(t) + Bu(u(t)), (11.27)

where we have split the function f(u) into a linear part and a nonlinear part. The idea of
exponential time differencing (ETD) methods is to use a form of Duhamel’s principle (5.8)
to handle the linear part exactly using the matrix exponential and combine this with an
appropriate numerical method of the desired order for the 53, (1) term, typically an explicit
method if we assume that the linear term captures the stiff part of the problem.

Two common forms of this type of splitting are as follows:

1. For a general nonlinear function f'(u), let A, = f’/(U"), the Jacobian matrix evalu-
ated at U" (or perhaps some approximate Jacobian), and then

By(u) = f(u) — Anu. (11.28)

2. For problems such as MOL discretizations of reaction-diffusion equations we may
take A, to be the matrix representing the diffusion operator for all n and let B, () be
the reaction terms. In this case A4, is not the full Jacobian of the nonlinear problem,
but if the reaction terms are not stiff they might be easily approximated with ex-
plicit methods, and there are advantages to having 4 unchanged from one step to the
next—the ETD methods require working with the matrix exponential ekAn and if 4
is constant we may be able to compute this once before beginning the time stepping.

For the system (11.27), Duhamel’s principle (5.8) can be generalized to
x 41
U(tnr1) = e*u(t,) + / et 1=9B (1)) dt. (11.29)
In

This expression is exact, but the integral must be approximated since we don’t know
B, (u(r)). Methods of various order can be obtained by different discretizations of this
integral. The simplest approximation is obtained by replacing B, (#(t)) with B,(U"). We
can then pull this out of the integral and can compute the exact integral of the remaining
integrand by integrating the Taylor series for the matrix exponential (D.31) term by term,
resulting in (5.12),

tnt1 1 1
/ eAn(tn+1—f)df:k+_kZAn+_k3Aﬁ+...
n 2 6 (11.30)

n

=A! (eA"k — I) (if A, is nonsingular).
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Using this, we obtain from (11.29) the numerical method
Untl = eAnkyn 4 41 (eA"k - 1) Ba(U™). (11.31)

Since B,(U") = f(U™) — A,U", we can rewrite this as
Urtl = Ut + A7 (eA"k - 1) Fum. (11.32)

Note that if A, = 0, then using the first line of (11.30) we see that (11.32) reduces to
Euler’s method for ' = f(u) and is only first order accurate. However, we normally
assume that 4, is nonsingular and an approximation to the Jacobian matrix. In general we
can compute the local truncation error to be

o (u(ln+1)k—u(ln)) kA (eA,,k _ 1) W (1)

1 1
= [u’(ln) + Eku”(ln) + gkzu”’(zn) + i|

1 1
_ [1 b Auk + LA ] () (1133)

%k (u”(ln) — Anul(ln)) + ékz (Um(ln) - Anu/(ln)) + -

%k (' (ultn)) — An) u(t) + O(?).

We see that the method is second order accurate if 4, = f/(U").

Higher order methods can be derived by using better approximations of the integral
in (11.29). This can be done either as a multistep method, approximating B, (x) by an
interpolating polynomial through previous values U”~/ as in the derivation of the Adams—
Bashforth methods, or as multistage generalizations of the Runge—Kutta methods. See, for
example, [8], [19], [48], [53] for more discussion of these methods.

Note that the ETD method is exact on the test problem u’ = Au if we take A, = A.
So the region of absolute stability for this method is exactly the left half-plane. The method
is exact more generally on a linear system of equations, provided of course that we can
compute the matrix exponential accurately, as discussed in the next section.

Many mixed equations involve higher order derivative terms that are linear (and of-
ten constant coefficient) and ETD methods may be particularly suitable for handling the
stiffness of spatial discretizations. Note in particular that for dispersive terms, such as the
Uxxx term in the KdV equation (11.11), an ETD method that handles this term exactly may
be advantageous over an implicit method. This dispersion is nondissipative (eigenvalues
are on the imaginary axis), but many implicit methods designed for stiff problems have the
imaginary axis in the interior of the stability region, leading to nonphysical dissipation.

11.6.1 Implementing exponential time differencing methods

Computing the matrix exponential is nontrivial—the classic paper [70] presented “19 du-
bious ways” to do this, and its recent update [71] discusses a 20th way in the appendix,
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a more recently developed approach based on Krylov space methods. The latter approach
has made the exponential time differencing approach viable for MOL discretizations of
parabolic equations and other linear systems of ODEs involving large but sparse coefficient
matrices and is discussed further below.

One situation in which ETD methods are relatively easy to implement is when the ma-
trix A, is diagonal, for then e¥ is just a diagonal matrix of scalar exponential functions.
This arises naturally in some applications, for example, if a problem such as a reaction-
diffusion equation is solved with periodic boundary conditions. By Fourier transforming
the problem, the diffusion operator is reduced to a diagonal matrix. For this reason ETD
methods are often particularly attractive in connection with Fourier spectral methods.

Even in the scalar case, however, the evaluation of the exponential factor

¢(z) = (eF = 1)/z (11.34)

that appears in (11.32) can be susceptible to numerical cancellation effects in floating point
arithmetic. For higher order ETD methods such as the fourth order method considered by
Cox and Matthews [19], higher order terms of the same nature appear that are even more
sensitive to numerical errors. Kassam and Trefethen [53] suggest an approach to evaluating
these coefficients in the numerical method using contour integration in the complex plane,
numerically approximating the Cauchy integral representation (D.4).

In the nondiagonal case, directly computing the matrix exponential by this sort of
approach can still be very effective if the matrix A involved is of modest size, such as may
arise from a spectral approximation based on polynomials.

For very large sparse matrices, the Krylov space approach often works best. In this
case we do not compute the matrix exponential itself, which is a very large dense matrix,
but rather the application of this matrix to a vector. This is all that is needed in (11.32),
for example. Actually we need to apply A~'(e?k — I) = k¢ (Ak) to a vector, which
could be done in two steps, first using a Krylov space method for the exponential and then
a second Krylov space method to solve the linear system, but the Krylov approach can
be applied directly to the function ¢(Ak). This approach has been briefly outlined at the
end of Section 4.4. In practice it has been found that in some cases, particularly if a good
preconditioner is not available, Krylov space methods may converge faster on the matrix
exponential and related functions than it does for a simple linear system with the same
coefficient matrix. In such cases the ETD methods may be more efficient than using a
traditional implicit method. See, e.g., [32], [48], [77] for more details.
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Appendix A
Measuring Errors

To discuss the accuracy of a numerical solution, or the relative virtues of one numerical
method, versus another, it is necessary to choose a manner of measuring that error. It may
seem obvious what is meant by the error, but as we will see there are often many different
ways to measure the error which can sometimes give quite different impressions as to the
accuracy of an approximate solution.

A.1 Errors in a scalar value

First consider a problem in which the answer is a single value Z € R. Consider, for exam-
ple, the scalar ordinary differential equation (ODE)

u'(t) = fu®), u(0)=n,

and suppose we are trying to compute the solution at some particular time 7', so Z = u(T).
Denote the computed solution by z. Then the error in this computed solution is

E=z-7Z.

A.1.1 Absolute error

A natural measure of this error would be the absolute value of E,
|E| = |z —Z|.

This is called the absolute error in the approximation.
As an example, suppose that Z = 2.2, while some numerical method produced a
solution z = 2.20345. Then the absolute error is

|z — 2] = 0.00345 = 3.45 x 1073,

This seems quite reasonable—we have a fairly accurate solution with three correct digits
and the absolute error is fairly small, on the order of 1073, We might be very pleased

245
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with an alternative method that produced an error of 10~ and horrified with a method that
produced an error of 10°.

But note that our notion of what is a large error or a small error might be thrown
off completely if we were to choose a different set of units for measuring Z. For example,
suppose the Z discussed above were measured in meters, so Z = 2.2 meters is the correct
solution. But suppose that instead we expressed the solution (and the approximate solu-
tion) in nanometers rather than meters. Then the true solution is 2 = 2.2 x 10° and the
approximate solution is z = 2.20345 x 10°, giving an absolute error of

|z — 2| = 3.45 x 105.

We have an error that seems huge and yet the solution is just as accurate as before, with
three correct digits.
Conversely, if we measured Z in kilometers, then Z = 2.2 x 1073 and z = 2.20345 x
1073 so
|z—2| =3.45x 107%.

The error seems much smaller and yet there are still only three correct digits.

A.1.2 Relative error

The above difficulties arise from a poor choice of scaling of the problem. One way to avoid
this is to consider the relative error, defined by

A

zZ—z

A

z

The size of the error is scaled by the size of the value being computed. For the above
examples, the relative error in z is equal to

=1.57x1073,

2.20345—2.2| |2.20345x 10° — 2.2 x 10°
2.2 a 2.2x 109

The value of the relative error is the same no matter what units we use to measure Z, a
very desirable feature. Also note that in general a relative error that is on the order of 107
indicates that there are roughly k correct digits in the solution, matching our intuition.

For these reasons the relative error is often a better measure of accuracy than the
absolute error. Of course if we know that our problem is “properly” scaled, so that the
solution Z has magnitude order 1, then it is fine to use the absolute error, which is roughly
the same as the relative error in this case.

In fact it is generally better to ensure that the problem is properly scaled than to
rely on the relative error. Poorly scaled problems can lead to other numerical difficulties,
particularly if several different scales arise in the same problem so that some numbers are
orders of magnitude larger than others for nonphysical reasons. Unless otherwise noted
below, we will assume that the problem is scaled in such a way that the absolute error is
meaningful.
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A.2

the so-called big-oh notation. In case this is unfamiliar, here is a brief review of the proper

“Big-oh” and “little-oh” notation

In discussing the rate of convergence of a numerical method we use the notation O(h?),

use of this notation.
If f(h) and g(h) are two functions of /, then we say that

Sh) = 0(@gMh) as h—0

if there is some constant C such that

AW

g(h)

or, equivalently, if we can bound

< C forall 4 sufficiently small

| f(h)]| < C|g(h)| forall & sufficiently small.

Intuitively, this means that f'(7) decays to zero at least as fast as the function g () does.
Usually g(/) is some monomial /9, but this isn’t necessary.
It is also sometimes convenient to use the “little-oh” notation

f(h) =o0(gh)) as h— 0.

This means that

pAY)
g(h)

—0 as h — 0.

This is slightly stronger than the previous statement and means that /(%) decays to zero
faster than g(h). If f(h) = o(g(h)), then f(h) = O(g(h)), although the converse may

not be true. Saying that f(4) = o(1) simply means that the f(h#) — 0 as /s — 0.

Examples:

3

2h 1
2h% = O(h*) as h— 0, since — =2h <1 forall i < 3

hZ

2h% = o0(h®) as h — 0, since 2h — 0 as h — 0.

sin(h) = O(h) as h — 0,

h o h
3

sin(h) = h +o(h) as h — 0, since (sinh —h)/h = O(h?).

Vh = O(1) as h — 0, and also Vi = o(1), but +/A is not O(h).
l1—cosh=o(h) and 1 —cosh = O(h?) as h — 0.

W /Nh+h3 = 0h') and h®/vVh +h3 =o(h) as h — 0.

o= 1/h

=o(h?) as h — 0 forevery value of ¢.

To see this, let x = 1/ /A then

o—1/h

=e *x? >0 as x — oo.

since sinh:h——+?+---<h forall & > 0.
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Note that saying f(h) = O(g(h)) is a statement about how f behaves in the limit as
h — 0. This notation is sometimes abused by saying, for example, that if # = 1073, then
the number 3 x 107% is O(h?). Although it is clear what is meant, this is really meaning-
less mathematically and may be misleading when analyzing the accuracy of a numerical
method. If the error E (/) on a grid with 4 = 1073 turns out to be 3 x 107, we cannot
conclude that the method is second order accurate. It could be, for example, that the error
E (h) has the behavior
E(h) = 0.003 A, (A.1)

in which case E(1073) = 3 x 107°, but it is not true that E(h) = O(h?). In fact the
method is only first order accurate, which would become apparent as we refined the grid.
Conversely, if
E(h) = 10° h?, (A2)

then £(1073) = 1, which is much larger than 42, and yet it is still true that
E(h) = O(h*) as h — 0.

Also note that there is more to the choice of a method than its asymptotic rate of
convergence. While in general a second order method outperforms a first order method, if
we are planning to compute on a grid with 4 = 1073, then we would prefer a first order
method with error (A.1) over a second order method with error (A.2).

A.3 Errors in vectors

Now suppose Z € R?, i.e., the true solution to some problem is a vector with s components.
For example, Z may be the solution to a system of s ODEs at some particular fixed time 7.
Then z is a vector of approximate values and the error e = z — Z is also a vector in R®. In
this case we can use some vector norm to measure the error.

There are many ways to define a vector norm. In general a vector norm is simply
a mapping from vectors x in R’ to nonnegative real numbers, satisfying the following
conditions (which generalize important properties of the absolute value for scalars):

1. ||x|| = 0 for any x € R®, and ||x|| = 0 if and only if x = 0.
2. If a is any scalar, then ||ax| = |a] ||x]|.

3. If x, y € R™, then ||x + p|| < ||x|| + ||»| (triangle inequality).

One common choice is the max-norm (or infinity-norm) denoted by || - ||co:
lelloo = max |e;]. (A.3)
1<i<s
It is easy to verify that || - || oo satisfies the required properties. A bound on the max-norm

of the error is nice because we know that every component of the error can be no greater
than the max-norm. For some problems, however, there are other norms which are either
more appropriate or easier to bound using our analytical tools.
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Two other norms that are frequently used are the 1-norm and 2-norm,

N

lelv =Y "leil and el =

i=1

(A4)

These are special cases of the general family of ¢g-norms, defined by

s 1/q
lellg = [Z Ieil"] : (A.5)
i=1

Note that the max-norm can be obtained as the limit as ¢ — oo of the g-norm. (Usually p
is used instead of ¢ in defining these norms, but in this book p is often used for the order
of accuracy, which might be measured in some ¢-norm.)

A.3.1 Norm equivalence

With so many different norms to choose from, it is natural to ask whether results on con-
vergence of numerical methods will depend on our choice of norm. Suppose e (%) is the
error obtained with some step size /, and that |le(%)|| = O(h?) in some norm, so that the
method is pth order accurate. Is it possible that the rate will be different in some other
norm? The answer is “no,” due to the following result on the “equivalence” of all norms on
RS. (Note that this result is valid only as long as the dimension s of the vector is fixed as
h — 0. See Section A.5 for an important case where the length of the vector depends on
h)

Let || - || and | - || g represent two different vector norms on R®. Then there exist two
constants Cy and C, such that

Cilixlle = lxllp = C2llx|la (A.6)

for all vectors x € R™. For example, it is fairly easy to verify that the following relations
hold among the norms mentioned above:

[Xlloo <lx[l1= s][x oo, (A.7a)

[X]loo <llx 2= /51X ]lco- (A.7b)

Ixll2 <llx[1= Vsllx]2. (A.7¢)
Now suppose that ||e(h)] o < Ch? as h — 0 in some norm | - ||,. Then we have

lellp = Calle()lla = C2CH?

and so |e(h)||g = O(h?) as well. In particular, if ||e(k)|| — O in some norm, then the
same is true in any other norm and so the notion of “convergence” is independent of our
choice of norm. This will not be true in Section A.4, where we consider approximating
functions rather than vectors.
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A.3.2 Matrix norms

For any vector norm || - || we can define a corresponding matrix norm. The norm of a matrix
A € R is denoted by || A|| and has the property that C = || A|| is the smallest value of
the constant C for which the bound

[4x] = Clix|l (A.8)

holds for every vector x € R*. Hence || 4|| is defined by
[ Ax]l

|A]| = max —— = max | A4x]. (A9)
x€R’ ”x” x€RS
x#£0 lxll=1

It would be rather difficult to calculate || A| from the above definitions, but for the most
commonly used norms there are simple formulas for computing || 4| directly from the
matrix:

N

|All1 = max Z aij| (maximum column sum), (A.10a)
<j<
==
N
|Allco = max Z ;| (maximum row sum), (A.10b)
1<i<s
j=1

[All2 =/ p(AT 4). (A.10c)

In the definition of the 2-norm, p(B) denotes the spectral radius of the matrix B (the
maximum modulus of an eigenvalue). In particular, if A is a normal matrix, e.g., if A = AT
is symmetric, then || 4|2 = p(A).

We also mention the condition number of a matrix in a given norm, defined by

Kk(A) = || A|l |47, (A.11)

provided the matrix is nonsingular. If the matrix is normal then the 2-norm condition
number is the ratio of largest to smallest eigenvalue (in modulus). The condition number
plays a role in the convergence rate of many iterative methods for solving a linear system
with the matrix A (see Chapter 4). See, e.g., [35], [91] for more discussion.

A.4 Errors in functions

Now consider a problem in which the solution is a function u(x) over some interval a <
x = b rather than a single value or vector. Some numerical methods, such as finite element
or collocation methods, produce an approximate solution U(x) which is also a function.
Then the error is given by a function

e(x) = U(x) —u(x).

We can measure the magnitude of this error using standard function space norms, which
are quite analogous to the vector norms described above. For example, the max-norm is
given by
lelloc = max |e(x)]. (A.12)
a<x=<b
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The 1-norm and 2-norm are given by integrals over [a, b] rather than by sums over the
vector elements:

b
el = / ()] dx. (A13)

b 1/2
||e||z=(/ |e(x)|2dx) . (A.14)

These are again special cases of the general ¢g-norm, defined by

b 1/q
||e||q=(/ |e(x)|qu> . (A.15)

A.5 Errors in grid functions

Finite difference methods do not produce a function U(x) as an approximation to u(x).
Instead they produce a set of values U; at grid points x;. For example, on a uniform grid
with N equally spaced in some interval (a, b) and grid spacing /, our approximation to
u(x) would consist of the N values (Uy, U, ..., Uy). (Notethatifh = (b—a)/(m+1)
as is often assumed in this book, then generally N = m, m + 1, or m + 2, depending
on whether one or both boundary points are included in the set of unknowns. For our
discussion here this is immaterial—what is important to note is that N = O(1/h) as
h—0.)

How can we measure the error in this approximation? We want to compare a set of
discrete values with a function.

We must first decide what the values U; are supposed to be approximating. Often
the value U; is meant to be interpreted as an approximation to the pointwise value of the
function at x;, so U; &~ u(x;). In this case it is natural to define a vector of errors e =
(e1, €2, ..., en) by

e = Ui — u(x,-).
This is not always the proper interpretation of U;, however. For example, some numerical
methods are derived using the assumption that U; approximates the average value of u(x)
over an interval of length 7, e.g.,

1 [
Ui ~ 7 u(x)dx.
Xi—1

In this case it would be more appropriate to compare U; to this cell average in defining the
error. Clearly the errors will be different depending on what definition we adopt and may
even exhibit different convergence rates, so it is important to make the proper choice for
the method being studied.

Once we have defined the vector of errors (ey, ..., ey), we can measure its mag-
nitude using some norm. Since this is simply a vector with N components, it would be
tempting to simply use one of the vector norms discussed above, e.g.,

N
lells =) leil. (A.16)
i=1
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However, this choice would give a very misleading idea of the magnitude of the error. The
quantity in (A.16) can be expected to be roughly N times as large as the error at any single
grid point and here N is not the dimension of some physically relevant space, but rather
the number of points on our grid. If we refine the grid and increase N, then the quantity
(A.16) might well increase even if the error at each grid point decreases, which is clearly
not the correct behavior.

Instead we should define the norm of the error by discretizing the integral in (A.13),
which is motivated by considering the vector (e;, ..., en) as a discretization of some
error function e(x). This suggests defining

N
lelli =h) " leil (A.17)
i=1

with the factor of / corresponding to the dx in the integral. Note that since & ~ (b—a)/N,
this scales the sum by 1/N as the number of grid points increases, so that |e||; is the
average value of e over the interval (times the length of the interval), just as in (A.13).
The norm (A.17) will be called a grid function norm and is distinct from the related vector
norm. The set of values (e, ..., ex) will sometimes be called a grid function to remind
us that it is a special kind of vector that represents the discretization of a function.

Similarly, the g-norm should be scaled by /2!/9, so that the g-norm for grid functions
is

N 1/q
lellg = (hz Ieil") : (A.18)
i=1

Since 4'/9 — 1 as ¢ — oo, the max-norm remains unchanged,
lelloo = max e,
1<i<N

which makes sense from (A.12).
In two space dimensions we have analogous norms of functions and grid functions,

e.g.,

1/q
lellqg = (/ le(x, p)|9 dx dy) for functions,
1/q

lellg = | Ax Ay Z Z leijl for grid functions
i
with the obvious extension to more dimensions.

A.5.1 Norm equivalence

Note that we still have an equivalence of norms in the sense that, for any fixed N (and
hence fixed h), there are constants C; and C, such that

Cillxlle = llxllg = Callx]le
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for any vector e € RY. For example, translating (A.7a) to the context of grid function
norms gives the bounds

el <llelli< Nhlelloo = (b —a) le]lcos (A.19a)
Vi elloo <llel2< VNh|lelloo = Vb —alle]loo, (A.19b)
Villellz <llelli< VN |lell» = Vb —a|le]l». (A.19¢)

However, since these constants may depend on N and /4, this equivalence does not carry
over when we consider the behavior of the error as we refine the grid so that # — 0 and
N — oo.

We are particularly interested in the convergence rate of a method. If e(%) is the
vector of errors obtained on a grid with spacing /1, we would like to show that

le)] < OK?)

for some ¢. In the last section we saw that the rate is independent of the choice of norm if
e(h) is a vector in the space R with fixed dimension 7. But now m = N and grows as
h — 0, and as a result the rate may be quite different in different norms. This is particularly
noticeable if we approximate a discontinuous function, as the following example shows.

Example 3.1. Set
0 x=<
u(x) = {

1 x>

’

N[—= N[—

and define the grid function approximation as indicated in Figure A.1. Then the error e; (/)
is zero at all grid points but the one at the discontinuity, where it has the value 1/2. Then
no matter how fine the grid is, there is always an error of magnitude 1/2 at one grid point
and hence

1
lle)]oo = 5 forall h.
On the other hand, in the 1-norm (A.17) we have
le(h)||1 = h/2 = O(h) as h — 0.

We see that the 1-norm converges to zero as & goes to zero while the max-norm does not.
How should we interpret this? Should we say that U(%) is a first order accurate ap-
proximation to u(x) or should we say that it does not converge? It depends on what we

—————eo—

Figure A.1. The function u(x) and the discrete approximation.
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are looking for. If it is important that the maximum error over all grid points be uniformly
small, then the max-norm is the appropriate norm to use and the fact that |le (/)] oo does
not approach zero tells us that we are not achieving our goal. On the other hand, this may
not be required, and in fact this example illustrates that it is unrealistic to expect point-
wise convergence in problems where the function is discontinuous. For many purposes the
approximation shown in Figure A.1 would be perfectly acceptable.

This example also illustrates the effect of choosing a different definition of the “er-
ror.” If we were to define the error by

xi+h/2
ei(h) =U; — — u(x)dx,
h Jx;—n/2
then we would have e;(#) = 0 for all i and /4 and |e(/%)|| = 0 in every norm, including the

max-norm. With this definition of the error our approximation is not only acceptable, it is
the best possible approximation.

If the function we are approximating is sufficiently smooth, and if we expect the error
to be roughly the same magnitude at all points, then it typically does not matter so much
which norm is chosen. The convergence rate for a given method, as observed on sufficiently
smooth functions, will often be the same in any g-norm. The norm chosen for analysis is
then often determined by the nature of the problem and the availability of mathematical
techniques for estimating different error norms. For example, for linear problems where
Fourier analysis can be applied, the 2-norm is often a natural choice. For conservation laws
where integrals of the solution are studied, the 1-norm is often simplest to use.

A.6 Estimating errors in numerical solutions

When developing a computer program to solve a differential equation, it is generally a
good idea to test the code and ensure that it is producing correct results with the expected
accuracy. How can we do this?

A first step is often to try the code on a problem for which the exact solution is
known, in which case we can compute the error in the numerical solution exactly. Not
only can we then check that the error is small on some grid, we can also refine the grid
and check how the error is behaving asymptotically, to verify that the expected order of
accuracy, and perhaps even error constant, is seen. Of course one must be aware of some
of the issues raised earlier, e.g., that the expected order may appear only for / sufficiently
small.

It is important to test a computer program by doing grid refinement studies even if
the results look quite good on one particular grid. A subtle error in programming (or in
deriving the difference equations or numerical boundary conditions) can lead to a program
that gives reasonable results and may even converge to the correct solution, but at less than
the optimal rate. Consider, for example, the first approach of Section 2.12.

Of course in practice we are usually trying to solve a problem for which we do not
know the exact solution, or we wouldn’t bother with a numerical method in the first place.
However, there are often simplified versions of the problem for which exact solutions are
known, and a good place to start is with these special cases. They may reveal errors in the
code that will affect the solution of the real problem as well.
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This is generally not sufficient, however, even when it is possible, since in going
from the easy special case to the real problem new errors may be introduced. How do we
estimate the error in a numerical solution if we do not have the exact solution with which
to compare it?

The standard approach, when we can afford to use it, is to compute a numerical
solution on a very fine grid and use this as a “reference solution” (or “fine-grid solution”).
This can be used as a good approximation to the exact solution in estimating the error on
other, much coarser, grids. When the fine grid is fine enough, we can obtain good estimates
not only for the errors but also for the order of accuracy. See Section A.6.2.

Often we cannot afford to take very fine grids, especially in more than one space
dimension. We may then be tempted to use a grid that is only slightly finer than the grid
we are testing in order to generate a reference solution. When done properly this approach
can also yield accurate estimates of the order of accuracy, but more care is required. See
Section A.6.3.

A.6.1 Estimates from the true solution

First suppose we know the true solution. Let £ (%) denote the error in the calculation with
grid spacing /1, as computed using the true solution. In this section we suppose that E (/)
is a scalar, typically some norm of the error over the grid, i.e.,

E(h) = ||Uh) — U h)],

where U(h) is the numerical solution vector (grid function) and U(h) is the true solution
evaluated on the same grid.
If the method is pth order accurate, then we expect

E(h) =Ch? +o(h?) ash — 0,
and if 4 is sufficiently small, then
E(h) =~ Ch?. (A.20)
If we refine the grid by a factor of 2, say, then we expect
E(h/2) =~ C(h/2)".

Defining the error ratio

R(h) = E(h) ] E(h/2), (A.21)

we expect
R(h) ~ 27, (A.22)

and hence
p ~ log,(R(h)). (A.23)

Here refinement by a factor of 2 is used only as an example, since this choice is often made
in practice. But more generally if /1; and /1, are any two grid spacings, then we can estimate
p based on calculations on these two grids using

__ log(E(h1)/ E(h2))
~ IOg(/’ll//’lz)

(A.24)

2007/6/1
page 255

e



256 Appendix A. Measuring Errors

Hence we can estimate the order p based on any two calculations. (This will be valid only
if /1 is small enough that (A.20) holds, of course.)
Note that we can also estimate the error constant C by

C ~ E(h)/h?

once p is known.

A.6.2 Estimates from a fine-grid solution

Now suppose we don’t know the exact solution but that we can afford to run the problem on
a very fine grid, say, with grid spacing 4, and use this as a reference solution in computing
the errors on some sequence of much coarser grids. To compare U (/) on the coarser grid
with U(ﬁ) on the fine grid, we need to make sure that these two grids contain coincident
grid points where we can directly compare the solutions. Typically we choose the grids in
such a way that all grid points on the coarser grid are also fine-grid points. (This is often the
hardest part of doing such grid refinement studies—getting the grids and indexing correct.)

Let U(h) be the restriction of the fine-grid solution to the /A-grid, so that we can
define the approximate error E (k) = ||U(h) — U (h)]|, analogous to the true error E(h) =
|U(h) — U(h) |. What is the error in this approximate error? We have

U(h) — U (h) = (U(h) — U (h)) + (U (h) — U (h)).

If the method is supposed to be pth order accurate and hP? <« hP, then the second term on
the right-hand side (the true error on the E-grid) should be negligible compared to the first
term (the true error on the A-grid) and E (h) should give a very accurate estimate of the
error.

Warning: Estimating the error and testing the order of accuracy by this approach only
confirm that the code is converging to some function with the desired rate. It is very possible
that the code is converging very nicely to the wrong function. Consider a second order
accurate method applied to 2-point boundary value problem, for example, and suppose
that we code everything properly except that we mistype the value of one of the boundary
values. Then a grid-refinement study of this type would show that the method is converging
with second order accuracy, as indeed it is. The fact that it is converging to the solution of
the wrong problem would not be revealed by this test. One must use other tests as well, not
least of which is checking that the computed solutions make sense physically, e.g., that the
correct boundary conditions are in fact satisfied.

More generally, a good understanding of the problem being solved, a knowledge of
how the solution should behave, good physical intuition, and common sense are all neces-
sary components in successful scientific computing. Don’t believe the numbers coming out
simply because they are generated by a computer, even if the computer also tells you that
they are second order accurate!

A.6.3 Estimates from coarser solutions

Now suppose that our computation is very expensive even on relatively coarse grids, and
we cannot afford to run a calculation on a much finer grid to test the order of accuracy.
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Suppose, for example, that we are willing to run the calculation only on grids with spacing
h, h/2,and h/4 and we wish to estimate the order of accuracy from these three calculations,
without using any finer grids. Since we can estimate the order from any two values of the
error, we could define the errors in the two coarser grid calculations by using the //4
calculation as our reference solution. Will we get a good estimate for the order? B

In the notation used above, we now have i = h/4, while h = 4h and h/2 = 2h.
Assuming the method is pth order accurate and that / is small enough that (A.20) is valid
(a poor assumption, perhaps, if we are using very coarse grids!), we expect

E(h) = E(h) — E(h)
~ Ch? —Ch?
= (47 —1)Ch?.
Similarly, B
E(h/2) ~ (2P — 1)Ch?.

The ratio of approximate errors is thus

R(h) = E(h)/E (@) ~ P2l g

B 2) Tar—1 ‘
For modest p this differs significantly from (A.22). For a first order accurate method with
p = 1, we now have R(h) ~ 3 and we should expect the apparent error to decrease by
a factor of 3 when we go from / to //2, not by the factor of 2 that we normally expect.
For a second order method we expect a factor of 5 improvement rather than a factor of 4.
This increase in R(h) results from the fact that we are comparing our numerical solutions
to another approximate solution that has a similar error.

We can obtain a good estimate of p from such calculations (assuming (A.20) is valid),

but to do so we must calculate p by

p ~logy(R(h) — 1)

rather than by (A.23). The approximation (A.23) would overestimate the order of accuracy.

Again we have used refinement by factors of 2 only as an example. If the calculation
is very expensive we might want to refine the grid more slowly, using, for example, #,
3h/4,and h/2. One can develop appropriate approximations to p based on any three grids.
The tricky part may be to estimate the error at grid points on the coarser grids if these
are not also grid points on the h grid. Interpolation can be used, but then one must be
careful to ensure that sufficiently accurate interpolation formulas are used that the error in
interpolation does not contaminate the estimate of the error in the numerical method being
studied.

Another approach that is perhaps simpler is to compare the solutions

E(hy=U(h)y—U(h/2) and E(h/2) = U(h/2) — U(h/4).

In other words, we estimate the error on each grid by using the next finer grid as the refer-
ence solution, rather than using the same reference solution for both coarser grids. In this

case we have \ .
Eh=Eh—-E(=)~C|1-—]|n?
i =m-£(3)~c(1-5;)
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Ehz—Eh Eh~C1 L)
w=£(3)-£(3)~c(1-5) 7

E(h)/E (%) ~ 2P,

In this case the approximate error decreases by the same factor we would expect if the true
solution were used as the reference solution on each grid.

and

and so
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Appendix B

Polynomial Interpolation
and Orthogonal
Polynomials

B.1 The general interpolation problem

Given a set of discrete points x; fori = 0, 1, ..., n and function values Fj, the interpola-
tion problem is to determine a function ¢ (x) of some specified form passing through these
points,
¢(x;)=F; fori=0,1, ..., n. (B.1)
We use the notation Int(xy, ..., x,) to denote the smallest interval containing all these
points (which need not be in increasing order but which are assumed to be distinct).
Interpolation has many uses; for example,

e we may have only discrete data values and want to estimate values in between, x €
Int(xo, ..., xp). This is the origin of the term interpolation. We might also use this
function to extrapolate if we evaluate it outside the interval where data are given.

e we may know the true function F(x) but want to approximate it by a function ¢ (x)
that is cheaper to evaluate, or easier to work with symbolically (to differentiate or
integrate, for example).

e we may use it as a starting point for deriving numerical methods for differential
equations (or for integral equations or numerical integration).

There are infinitely many possible functions ¢. Typically ¢ is chosen to be a linear
combination of some n + 1 given basis functions ¢o(x), ..., Pn(x),

¢(x) = copo(x) + -+ + cnpn(X). (B.2)

Then condition (B.1) gives a linear system of n + 1 equations to solve for the coefficients
Co, ..., Cny

do(x0) @1(x0) -+ @ulxo0) Co Fy
do(x1) P1(x1) -+ oulx1) c1 F
: : S I IR (B.3)
BoCcn) d1(n) o duCr) | | cn F,
259
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260 Appendix B. Polynomial Interpolation and Orthogonal Polynomials

This system can we written as ¢ = F. Different choices of basis functions lead to
different types of interpolation. Using trigonometric functions gives Fourier series, for
example, the basis of Fourier spectral methods.

In this appendix we consider interpolation by polynomials, the basis of many finite
difference and spectral methods.

B.2 Polynomial interpolation

Through any n 4 1 points there is a unique interpolating polynomial p(x) of degree n.
There are many ways to represent this function depending on what basis is chosen for P,,
the set of all polynomials of degree 7.

B.2.1 Monomial basis
The monomial functions are

po(x) =1, ¢1(x)=x, ¢a(x)=x% ..., ¢u(x) = x". (B.4)
The matrix ® appearing in (B.3) is then the Vandermonde matrix. This matrix may be quite

ill-conditioned for larger values of 7.

B.2.2 Lagrange basis

The jth Lagrange basis function (based on a given set of interpolation points x;) is given by

$j(x) = l_[ (x] D (B.5)

t#]

This is a polynomial of degree . Note that

1 ifi =,
$s(xi) = 8ij = { 0 ifi #j’.

Then the matrix in (B.3) is the identity matrix and ¢; = F;. The coefficients are easy to
determine in this form but the basis functions are a bit cumbersome.

B.2.3 Newton form

The Newton form of the interpolating polynomial is
p(x) = cot+c1(x—x0)+c2(x—x0)(x—x1)++ - F+cn(x—x0)(x—x1) -+ - (x—xp—1). (B.6)

For these basis functions the matrix ® is lower triangular and the ¢; may be found by for-
ward substitution. Alternatively they are most easily computed using divided differences,
¢i = F[xo, ..., x;]. These can be computed from a tableau of the form
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B.2. Polynomial interpolation 261
X0 F[X()]
F[X(),X1]
X1 Flxi] Fl[xo, x1, X2] (B.7)
Flxy, x2]
X2 F[XZ],
where
F[Xj]ZFj
and for k > 0,
Flxjpro oo Xl = Flxj. ..o Xjr—1]
FIXj, .. X)) = —2 L ! Chc ity (B.8)
Xj+k —Xj

Then the Newton form can be built up as follows:

po(x) = F[xo]
is the polynomial of degree O interpolating at x,
p1(x) = Flxo] + Flxo,x1](x — x0)
is the polynomial of degree 1 interpolating at xg, X1,
p2(x) = Flxo] + F[xo0, x1](x — x0) + F[x0, x1, x2](x — x0)(x — x1)
is the polynomial of degree 2 interpolating at xo, X1, X2,
etc.
In each step we add a term that vanishes at all the preceding interpolation points and makes
the function also interpolate at one new point. Note that the coefficients of previous basis

functions do not change.
Relation to Taylor series. Note that

Fjv1 = Fj

. (B.9)
Xjt1 = Xj

Flxj, xj+1] =

Suppose the data values F; come from some underlying smooth function F(x), so F; =
F(x;). Then (B.9) approximates the derivative F”(x). Similarly,if x;, ..., x ;¢ are close
together, then

1
FIXj, ..., Xj1k] ~ k—!F(")(xj), (B.10)
where F®) (x) is the kth derivative. In fact, one can show that for sufficiently smooth F,
1
Flxj.oxjnl = 5 FO@) (B.11)
for some £ lying in the interval Int(x;, ..., xj4£). This is true provided that F is k times

continuously differentiable on this interval. The Newton form (B.6) thus is similar to the
Taylor series

F(x) = F(xo) + F'(x0)(x — x0) + %F”(xo)(x —x0)> 4 --- (B.12)

and reduces to this in the limit as x; — x¢ forall ;.
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262 Appendix B. Polynomial Interpolation and Orthogonal Polynomials

B.2.4 Error in polynomial interpolation

Suppose F(x) is a smooth function, we evaluate F; = F(x;) (i = 0, 1, ..., n), and
we now fit a polynomial p(x) of degree n through these points. How well does p(x)
approximate F(x) at some other point x?

Note that we could add x as another interpolation point and create an interpolating
polynomial p(x) of degree n + 1 that interpolates also at this point,

p(x) = p(x)+ Flxo, ..., Xn, X](x — x0) -+ (X — Xpn).
Then p(x) = F(x) and so
F(x)— p(X) = Flxo, ..., Xn, X|J(X —Xx0) - (X — xp).

Using (B.11), we obtain an error formula similar to the remainder formula for Taylor
series. If p(x) is given by (B.6), then at any point x,

1
Fx) = p(x) = — FOE)x = X0) -+ (x = xn), (B.13)
where & is some point lying in Int(x, xo, ..., x,). How large this is depends on
e how close the point x is to the interpolation points xo, . . ., X,, and

e how small the derivative F (£) is over this interval, i.e., how smooth the function
is.

For a given x we don’t know exactly what £ is in general, but we can often use this expres-
sion to obtain an error bound of the form

|p(x) = F(x)| = K|(x —x0) -+ (x — xn)|, (B.14)

where
K = 1 max |F™ (&)
n! get(xg,....xn)

Note that the bound (B.14) involves values of the polynomial Q(x) = []/—,(x — x;), the
polynomial with roots at the interpolation points x; and with leading coefficient 1 (i.e., a
monic polynomial). If we want to minimize the error over some interval, then we might
want to choose the interpolation points to minimize the maximum value that Q(x) takes
over that interval. We will return to this in Section B.3.2, where we will see that Cheby-
shev polynomials satisfy the required optimality condition. These are a particular class of
orthogonal polynomials, as described in the next section.

B.3 Orthogonal polynomials

If w(x) is a function on an interval [a, b] that is positive everywhere on the interval, then
we can define the inner product of two functions f'(x) and g(x) on this interval by

b
(fog) = / w(x) () (x) dx. (B.15)
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B.3. Orthogonal polynomials 263

We say that two functions f(x) and g(x) are orthogonal in a given interval [a, b] with
respect to the given weight function w (x) if the inner product of f and g is equal to zero.
For a given [a, b] and w(x), one can define a sequence of orthogonal polynomials

Py(x), P1(x), ...of increasing degree which have the property that
P, (x) € Py (the set of polynomials of degree m), (B.16)
(P, Py) =0 form # n.
The sequence of polynomials is said to be orthonormal if, in addition,
(Pm, Pm) =1 forall m. (B.17)

Orthogonal polynomials have many interesting and useful properties and arise in nu-
merous branches of numerical analysis. In particular, the Chebyshev polynomials described
in Section B.3.2 are used in several contexts in this book.

The set of polynomials Py(x), Pi(x), ..., Px(x) forms an orthogonal basis
for Pr. Any polynomial p € Py can be uniquely expressed as a linear combination of
Py, ..., Pg. Note that each P,, must have an exact degree of m, meaning the coefficient

of x™ is nonzero. Otherwise it would be a linear combination of previous polynomials in
the sequence and could not be orthogonal to them all.

Note that if P, is orthogonal to Py, P, ..., Pm—1, then in fact P, is orthogonal
to all polynomials p € P,—; of degree less than m, since p can be written as p(x) =
coPo(x) + -+ 4+ cm—1 Pm—1(x) and so

(P, Pm) = CO(PO’ Pm) +"'Cm—1(Pm—1a Pm) =0.

We say that P, is orthogonal to the space Py, —1.

Sequences of orthogonal polynomials can be built up by a Gram—Schmidt process,
analogous to the manner in which a sequence of linearly independent vectors is transformed
into a sequence of orthogonal vectors. Suppose Py, Py, ..., Py, are already mutually
orthogonal with P, having exact degree n. We wish to construct Pp,+1(x), a polynomial
of exact degree m + 1 that is orthogonal to all of these. Start with the polynomial

Q(x) = amx P(x)

for some o, # 0. This polynomial has exact degree m + 1 and hence is linearly indepen-
dent from Py, P, ..., Pp. Moreover, it is already orthogonal to Py, Py, ..., Pp—>,
since

b
(Q, Pn) = (X Pm, Pp) = / W (X)X Ppy (x) P (x) dX = (P, X Pn) =0

forn < m — 2, since x P, € Py,—1 and P, is orthogonal to this space. We wish to make Q
orthogonal to P,,— and P,, and, as in the Gram—Schmidt process for vectors, we do this
by subtracting multiples of P,,_; and Py, from Q:

Pint1(x) = omX Pry(x) — B P (X) — Ym Pm—1(X). (B.18)

2007/6/1
page 263

e



264 Appendix B. Polynomial Interpolation and Orthogonal Polynomials

Requiring ( Pp+1, Pm) = 0 determines

Pn’h m Pm
Bm = (P &t Prn) (Pa 1);) ) (B.19)

and then ( Py, 41, Ppy—1) = 0 gives

Vim = (Pm—1,0tmX Pp) — Bin(Pm—1, Pm)‘ (B.20)
(Pm—l s Pm—l)
The relation (B.18) is a three-term recurrence relation for the sequence of orthogonal poly-
nomials and can be used to generate the entire sequence once Py and P; are specified. For
many useful sets of orthogonal polynomials the coefficients «,, B, and v, take particu-
larly simple forms.

B.3.1 Legendre polynomials

The sequence of polynomials that are orthogonal on [—1, 1] with weight function w(x) = 1
are called the Legendre polynomials. We must also choose some normalization to uniquely
define this sequence (since multiplying two orthogonal polynomials by arbitrary constants
leaves them orthogonal). This amounts to choosing the nonzero constants o, in (B.18).
One might choose the polynomials to be orthonormal (i.e., normalize so that (B.17) is
satisfied), but this leads to messy coefficients. The traditional choice is to require that
P,,(1) = 1 for all m. The first few Legendre polynomials are then

P()(x) = 1,
Pi(x) = x,
3 1
P = —x2- -, (B.21)
2(x) 77X —3
5 3
P3(x) = =x3 — Zx.
3(x) 2x 2x

These polynomials satisfy a three-term recurrence relation (B.18) with

2m + 1 m
amzi ﬂmzoa Vm:—

m+1" m+1
The roots of the Legendre polynomials are of importance in various applications. In partic-
ular, they are the nodes for Gaussian quadrature formulas for approximating the integral
of a function; see, e.g., [16], [90]. There is no simple expression for the location of the
roots, but they can be found as the eigenvalues of a tridiagonal matrix in MATLAB by
the following code (adapted from the program gauss . min [90], which also computes the
weights for the associated Gauss quadrature rules):

Toff = .5./sqgrt(1-(2*(1:m-1))."(-2));
T = diag(Toff,1) + diag(Toff,-1);
xi = sort(eig(T));

These points are also sometimes used as grid points in spectral methods.
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B.3. Orthogonal polynomials 265

B.3.2 Chebyshev polynomials

Several topics discussed in this book involve the Chebyshev polynomials 77,(x). These
are a sequence of polynomials that are orthogonal on the interval [—1, 1] with the weight
function

w(x) = (1—x?)~Y2, (B.22)

The first few Chebyshev polynomials are

To(x) = 1,
Ti(x) = x,
B.23
Th(x) = 2x2 -1, (B-23)
T3(x) = 4x3 — 3x.
Again these are normalized so that 7;,(1) = 1 form = 0, 1, .... Chebyshev polynomials
satisfy a particularly simple three-term recurrence,
Ton1(X) = 2X T (x) — T (X). (B.24)

While the weight function (B.22) may seem to be a less natural choice than w(x) = 1, the
Chebyshev polynomials have a number of valuable properties, a few of which are listed
below and are used elsewhere in this text.

Property 1. The Chebyshev polynomial 7,,(x) equioscillates m + 1 times in the
interval [—1, 1],i.e., | Ty, (x)| is maximized at m + 1 points x¢, X1, ..., X, in the interval,
points where T,,(x) takes the values

T(xj) = (=1).
These Chebyshev extreme points are given by
xj=cos(jm/m), j=0,1 ..., m. (B.25)

(Note that these are labeled in decreasing order from xo = 1 to x,, = —1.) Figure B.1
shows a plot of T7(x), for example. This set of extreme points will be useful for spectral
methods as discussed in Section 2.21.

Property 2. For x in the interval [—1, 1], the value of 7}, (x) is given by

T (x) = cos(m arccos x). (B.26)

This does not look much like a polynomial, but it is since cos(m6) can be written as a

polynomial in cos(f) using trigonometric identities, and then set as x = cos(#). Note that

from this formulation it is easy to check that (B.25) gives the desired extreme points.
Outside this interval there is an analogous formula in terms of the hyperbolic cosine,

Tin(x) = cosh(m cosh™! x) for [x]| > 1, (B.27)

an expression that is used in the analysis of the convergence of conjugate gradients. Note
that outside the unit interval the Chebyshev polynomials grow very rapidly.
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ANAY
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Figure B.1. The Chebyshev polynomial T7(x) of degree 1.
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Figure B.2. The Chebyshev polynomial viewed as a function Cp(0) on the unit
disk ¢'® and when projected on the x-axis, i.e., as a function of x = cos(#). Shown for
m = 15.

Property 3. Consider the function
Cm(0) = Re(e™%) = cos(mb) (B.28)

for 0 < 6 < . We can view this as a function defined on the upper half of the unit circle in
the complex plane. If we identify x = cos(f) or 8 = arccos x, then this reduces to (B.26),
so we can view the Chebyshev polynomial on the interval [—1, 1] as being the projection of
the function (B.28) onto the real axis, as illustrated in Figure B.2. This property is useful
in relating polynomial interpolation at Chebyshev points to trigonometric interpolation at
equally spaced points on the unit circle and allows the use of the Fast Fourier Transform
(FFT) algorithm to efficiently implement Chebyshev spectral methods. Orthogonality of
the Chebyshev polynomials with respect to the weight function (B.22) also can be easily
interpreted in terms of orthogonality of the trigonometric functions cos(0) and cos(n6).
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B.3. Orthogonal polynomials 267

Property 4. The m roots of T,,(x) all lie in [—1, 1], at the points
i —1/2
&; = cos (u) forj=1,2, ..., m. (B.29)
m

This follows directly from the representation (B.26).
Property 5. The Chebyshev polynomial 77,(x) solves the mini-max optimization
problem
find p € 73,1,, to minimize max |p(x)], (B.30)
—1=<x<1
where P, is the set of mth degree polynomials satisfying p(1) = 1. Recall that T, (x)
equioscillates with extreme values +1 so max—_j<x<1 | Tn(x)| = 1.

A slightly different formulation of this property is sometimes useful: the scaled
Chebyshev polynomial 2!~ T, (x) is the monic polynomial of degree m that minimizes
max_j<x<i1 | p(x)|. A monic polynomial has leading coefficient 1 on the x term. The
scaled Chebyshev polynomial 2!~ T}, (x) = ]_[;-"=1 (x —&;) has leading coefficient 1 and
equioscillates between the values 21" If we try to reduce the level of any of these
peaks by perturbing the polynomial slightly, at least one of the other peaks will increase in
magnitude.

Note that 2!~ decays to zero exponentially fast as we increase the degree. This is
responsible for the spectral accuracy of Chebyshev spectral methods and this optimality
is also used in proving the rapid convergence of the conjugate gradient algorithm (see
Section 4.3.4).

Returning to the formula (B.14) for the error in polynomial interpolation, we see
that if we are interested in approximating the function F(x) uniformly well on the interval
[—1, 1], then we should use the Chebyshev roots (B.29) as interpolation points. Then (B.14)
gives the bound

[p(x) = F(x)| < K2'™".

On a different interval [a, b], we can use the shifted Chebyshev polynomial

2x — (a + b))
Ty ————)- B.31
n ( b—a) (B.31)
The corresponding Chebyshev extreme points and Chebyshev roots are then
b b — i
x=2th a)cos(ﬂ) forj=0,1, ..., m (B.32)
2 2 m
and
b b— i —1/2
éj:a+ +( a)cos ( /27 forj=1,2, ..., m, (B.33)
2 2 m
respectively.
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Appendix C

Eigenvalues and
Inner-Product Norms

The analysis of differential equations and of finite difference methods for their solution
relies heavily on “spectral analysis,” based on the eigenvalues and eigenfunctions of dif-
ferential operators or the eigenvalues and eigenvectors of matrices approximating these
operators. In particular, knowledge of the spectrum of a matrix (the set of eigenvalues)
gives critical information about the behavior of powers or exponentials of the matrix, as
reviewed in Appendix D. An understanding of this is crucial in order to analyze the be-
havior and stability properties of differential or finite difference equations, as discussed in
Section D.2.1 and at length in the main text.

This appendix contains a review of basic spectral theory and also some additional
results on inner-product norms and the relation between these norms and spectra.

Let A € C™ be an m X m matrix with possibly complex components. We will
mostly be working with real matrices, but many of the results carry over directly to the
complex case or are most easily presented in this generality. Moreover, even real matrices
can have complex eigenvalues and eigenvectors, so we must work in the complex plane.

The matrix 4 has m eigenvalues A1, Az, ..., A, that are the roots of the character-
istic polynomial,

pa(z) = det(d —zI) = (z = A1)(z = h2) -+ (= = Am).

This polynomial of degree m always has m roots, although some may be multiple roots. If
no two are equal, then we say the roots are distinct. The set of m eigenvalues is called the
spectrum of the matrix, and the spectral radius of A, denoted by p(A), is the maximum
magnitude of any eigenvalue,

A) = Ayl
p(A) lgagml pl

If the characteristic polynomial p 4(z) has a factor (z — 1)*, then the eigenvalue A is said
to have algebraic multiplicity mg(A) = s. If A is an eigenvalue, then A — A/ is a singu-
lar matrix and the null space of this matrix is the eigenspace of A corresponding to this
eigenvalue,

NA-A)={ue C":(A—ADu =0} ={ue C": Au = Au}.

269
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Any vector u in the eigenspace satisfies Au = Au. The dimension of this eigenspace is
called the geometric multiplicity mg () of the eigenvalue A. We always have

1= mg()‘) < mg(}). (C.1)

If mg(A) = mg()), then A has a complete set of eigenvectors for this eigenvalue. Oth-
erwise this eigenvalue is said to be defective. If A has one or more defective eigenvalues,
then A is a defective matrix.

Example C.1. If the eigenvalues of A4 are all distinct, then mg = m, = 1 for every
eigenvalue and the matrix is not defective.

Example C.2. A diagonal matrix cannot be defective. The eigenvalues are simply
the diagonal elements, and the unit vectors e; (the vector with a 1 in the jth element, zeros
elsewhere) form a complete set of eigenvectors. For example,

A=

S O W
S WO
wm O O

has Ay = A, = 3 and A3 = 5. The two-dimensional eigenspace for A = 3 is spanned by
er = (1,0, O)T and e; = (0, 1, O)T. The one-dimensional eigenspace for A = 5 is spanned
by ez = (0,0, )T,

Example C.3. Any upper triangular matrix has eigenvalues equal to its diagonal
elements d; since the characteristic polynomial is simply p4(z) = (z — d1) -+ (z — dm).
The matrix may be defective if there are repeated roots. For example,

SO O W
S O W ==
S W o O
wn O OO

has A; = A2 = A3 = 3 and A4 = 5. The eigenvalue A = 3 has algebraic multiplicity
mga = 3 but there is only a two-dimensional space of eigenvectors associated with A = 3,
spanned by e; and e3, so mg = 2.

C.1 Similarity transformations

Let S be any nonsingular matrix and set
B =S7'45. (C.2)
Then B has the same eigenvalues as 4. To see this, suppose
Ar = Ar (C.3)
for some vector 7 and scalar A. Let w = S~'r and multiply (C.3) by S~! to obtain

(S7'ASY S )y =AS"r) = Bw=Aiw,
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so A is also an eigenvalue of B with eigenvector S~!7. Conversely, if A is any eigenvalue
of B with eigenvector w, then similar manipulations in reverse show that A is also an
eigenvalue of 4 with eigenvector Sw.

The transformation (C.2) from A to B is called a similarity transformation and we
say that the matrices A and B are similar if such a relation holds. The fact that similar
matrices have the same eigenvalues is exploited in most numerical methods for computing
eigenvalues of a matrix—a sequence of similarity transformations is performed to approxi-
mately reduce A to a simpler form from which it is easy to determine the eigenvalues, such
as a diagonal or upper triangular matrix. See, for example, [35] for introductory discussions
of such algorithms.

C.2 Diagonalizable matrices

If A is not defective (i.e., if every eigenvalue has a complete set of eigenvectors), then
it is diagonalizable. In this case we can choose a set of m linearly independent right
eigenvectors r; spanning all of C™ such that Ar; = Ajrjfor j =1, 2, ..., m. Let R
be the matrix of right eigenvectors

R = [ri|r2| - |rm]. (C4)

Then
AR = RA, (C.5)

where
A = diag(Ay, A2, ..., Am). (C.6)

This follows by viewing the matrix multiplication columnwise. Since the vectors r; are
linearly independent, the matrix R is invertible and so from (C.5) we obtain

R7YAR = A, (C.7)
and hence we can diagonalize A by a similarity transformation. We can also write
A= RAR™, (C.8)

which is sometimes called the eigendecomposition of A. This is a special case of the Jordan
canonical form discussed in the next section.
Let EJT be the jth row of R~!. We can also write the above expressions as

R '4=AR"!

and when these multiplications are viewed rowwise we obtain EJTA = KJT, which shows
that the rows of R™! are the left eigenvectors of A.

C.3 The Jordan canonical form

If A is diagonalizable, we have just seen in (C.8) that we can decompose 4 as A =
RAR™Y. If A is defective, then it cannot be written in this form; A is not similar to a
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diagonal matrix. The closest we can come is to write it in the form 4 = RJR™!, where
the matrix J is block diagonal. Each block has nonzeros everywhere except perhaps on
its diagonal and superdiagonal, and is a Jordan block of some order. The Jordan blocks of
orders 1, 2, and 3 are

51 A1 0
JA, 1) =4, J(A,Z):I:O )‘i|’ JA,3)=] 0 A 1
0 0 X
In general a Jordan block of order k has the form
J(A, k)= Al + Sk, (C9
where Iy is the k x k identity matrix and Sy, is the k& x k shift matrix
o010 0 -+ 0
001 0 -+ 0
Sp=1| : : fork > 1 (with §; = 0), (C.10)
0 0 0 O 1
0 0 0 O 0
so called because Sy (u1,u2,...,Ug—1, uk)T = (uz, u3,...,ug, O)T. A Jordan block of
order k has eigenvalues A with algebraic multiplicity m, = k and geometric multiplicity
mg = 1. The unit vector e; = (1,0,..., O)T € CK is a basis for the one-dimensional

eigenspace of this block.

Theorem C.1. Every m x m matrix A € C"™ ™ can be transformed into the form

A= RJR!, (C.11)
where J is a block diagonal matrix of the form
J(A1, k1)
J(A2, k2)

J = . : (C.12)
J (s, k)

Each J (Ai, ki) is a Jordan block of some order k; and y_;_, ki = m. If A is an eigenvalue
of A with algebraic multiplicity m, and geometric multiplicity mg, then A appears in mg
blocks and the sum of the orders of these blocks is mg.

The nonsingular matrix R contains eigenvectors of 4. In the defective case, R must
also contain other vectors since there is not a complete set of eigenvectors in this case.
These other vectors are called principal vectors.

Example C.4. For illustration, consider a 3 x 3 matrix A with a single eigenvalue A
with mg(A) = 3 but mg(A) = 1. Then we wish to find a 3 x 3 invertible matrix R such

that
A

10
ARZRJZ[V1|V2|V3] 0 A 1
0 0 A
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C.4. Symmetric and Hermitian matrices 273

From this we obtain

Ary = Arg — (A—)»I)Vlzoa
Ary=r +iry = (A—-ADra=r = (A-A?n=0, (C.13)
Ars=ry+Ar3s = (A=ADrs=r, = (A—II)’r;=0.

The vector r; forms a basis for the one-dimensional eigenspace. The vectors r, and r3 are
principal vectors. They are linearly independent vectors in the null space of (4 — A)? and
the null space of (4 — AI)? that are not in the null space of 4 — A 1.

The choice of the value 1 on the superdiagonal of the nontrivial Jordan blocks is
the standard convention, but this can be replaced with any nonzero value 6 by modifying
the matrix R appropriately. This is easy to verify by applying the following similarity
transformation to a Jordan block J (A, k). Choose § # 0 and set

1 1
5 51
D= 82 Dl = 872

k1 ‘ §—(k=1)
(C.14)
Then
D7 YJ(\, k)D = A + 8Sk.

Note that left multiplying by D~! multiplies the i th row by §~¢~1), while right multiplying
by D multiplies the jth column by §/~!. On the diagonal the two effects cancel, while on
the superdiagonal the net effect is to multiply each element by §.

Similarity transformations of this nature are useful in other contexts as well. If this
transformation is applied to an arbitrary matrix, then all elements on the pth diagonal will
be multiplied by 67 (with p positive for superdiagonals and negative for subdiagonals).

By applying this idea to each block in the Jordan canonical form with § < 1, we
can find a matrix R so that R™1 AR is close to diagonal with the 0 or § at each location
on the superdiagonal. This is done, for example, in the proof of Theorem C.4. But note
that for § < 1 the condition number is k(D) = §'~% and this blows up as § — 0 if
k > 1, so bringing a defective matrix to nearly diagonal form requires an increasingly ill-
conditioned matrix R as the off-diagonals vanish. There is no nonsingular matrix R that
will diagonalize A4 in the defective case.

C.4 Symmetric and Hermitian matrices

If A € R and A = AT, then A is a symmetric matrix. Symmetric matrices arise
naturally in many applications, in particular when discretizing “self-adjoint” differential
equations. The complex analogue of the transpose is the complex conjugate transpose
or adjoint matrix A¥ = AT, in which the matrix is transposed and then the complex
conjugate of each element taken. If A is a real matrix, then A¥ = AT If A = AH | then
A is said to be Hermitian (so in particular a real symmetric matrix is Hermitian).
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Hermitian matrices always have real eigenvalues and are always diagonalizable. More-
over, the eigenvectors 71, ..., , can be chosen to be mutually orthogonal, and normalized
H

to have ritrj = 1, so that the eigenvector matrix R is a unitary matrix, RER =1, and

hence R~! = RHE. (If R is real and Hermitian, then R~! = RT and R is called an
orthogonal matrix.)

If R = RT and the eigenvalues of A4 are all positive, then A4 is said to be symmetric
positive definite (SPD), or Hermitian positive definite in the complex case, or often simply

“positive definite.” In this case
uf Au >0 (C.15)

for any vector u # 0.
This concept is generalized to the following: 4 is

positive definite — ufAu > Oforallu # 0= Ap > 0Oforall p,
positive semidefinite — ufAu>Oforallu # 0= Ap = 0Oforall p,
negative definite — ufAu <Oforallu # 0 1, <0forall p,
negative semidefinite — ufAu <Oforallu # 0 Ap < Oforall p,
indefinite <= u' Au indefinite = A, <0<y

for some p, q.

The proofs follow directly from the observation that

m
u Au = u RARH vy = wH Aw = Zki|wi|2,

i=1

where w = R¥ u.

C.5 Skew-symmetric and skew-Hermitian matrices

If A = —AT, then A is said to be skew-symmetric (or skew-Hermitian in the complex case
if A = —A™). Matrices of this form also arise in discretizing certain types of differen-
tial equations (e.g., the advection equation as discussed in Chapter 10). Skew-Hermitian
matrices are diagonalizable and have eigenvalues that are pure imaginary. This is a gen-
eralization of the fact that for a scalar A, if A = —A, then A is pure imaginary. As in
the Hermitian case, the eigenvectors of a skew-Hermitian matrix can be chosen so that the
matrix R is unitary, RER = 1.

C.6 Normal matrices

If A commutes with its adjoint, AA® = A" A, then A is said to be a normal matrix.
In particular, Hermitian and skew-Hermitian matrices are normal. Any normal matrix is
diagonalizable and R can be chosen to be unitary. Conversely, if 4 can be decomposed as

A= RARH

with R = R~ and A diagonal, then 4 is normal since AA® = AH A for any diagonal
matrix.
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Eigenvalue analysis is particularly useful for normal matrices, since they can be di-
agonalized by a unitary matrix. A unitary matrix R satisfies |R|[» = |R™'||> = 1, and
hence the behavior of powers of A is very closely related to the powers of the eigenvalues,
for example. Nonnormal matrices can be harder to analyze, and in this case studying only
the eigenvalues of 4 can be misleading. See Section D.4 for more discussion of this.

C.7 Toeplitz and circulant matrices
A matrix is said to be Toeplitz if the value along each diagonal is constant, e.g.,

do di dr ds
dy do di d»
d, d_y do di
ds doo d_y do

A=

is a 4 x 4 example. Here we use d; to denote the constant element along the i th diagonal.

Ifdy = d_3,dy, = d_3, and d3 = d_; in the above example, or more generally if
di = di_y, fori =1, 2, ..., m—1 in the m X m case, then the matrix is said to be
circulant.

Toeplitz matrices naturally arise in the study of finite difference methods (see, e.g.,
Section 2.4) and it is useful to have closed-form expressions for their eigenvalues and eigen-
vectors. This is often possible because of their simple structure.

First consider a “tridiagonal” circulant matrix (which also has nonzero corner terms)
of the form

do di d—1
d_q do dy
Y d_1 dy . c R(m+1)><(m+1). (C.16)
d
i dl d_l dO

Alternatively we could use the symbol d,, in place of d_;. We take the dimension to be m +
1 to be consistent with notation used in Chapter 2, since such matrices arise in studying 3-
point difference equations on the unit interval with periodic boundary conditions. Then & =

1/(m + 1) is the mesh spacing between grid points and the unknowns are Uy, ..., Up1.
The pth eigenvalue of the matrix (C.16) is given by
Ap=d_1e 2P L dy + dye?miPh, (C.17)

where i = +/—1, and the jth element of the corresponding eigenvector r, is given by
rip = e¥ririh, (C.18)

This is the (j, p) element of the matrix R that diagonalizes A. Once the form of the
eigenvector has been “guessed,” it is easy to compute the corresponding eigenvalue A , by
computing the jth component of Ar;, and using the fact that

eZnip(j:I:l)h — e:thipheZnipjh (C.19)
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to obtain _ _
(Arp)j = (d_1€_2mph +do + d1€2mPh)Vjp.

The circulant structure is needed to verify that this formula also holds for j = 1 and
j =m+ 1, using 27 m+DE — 1

The same vectors 7, with components (C.18) are the eigenvectors of any (m + 1) x
(m + 1) circulant matrix with diagonals do, dy, ..., d,. It can be verified, as in the
computation above, that the corresponding eigenvalue is

m
hp =Y die?™rkh, (C20)
k=0
In the “tridiagonal” example above we used the label d_; instead of d,,, but note that
e 2mih = p2mimh 4 the expression (C.20) is invariant under this change of notation.

Any constant coefficient difference equation with periodic boundary conditions gives
rise to a circulant matrix of this form and has eigenvectors with components (C.18). Note
that the jth component of r, can be rewritten as

Fip = eZnipxj = ¢p(xj)a

where x; = jh is the jth grid point and ¢, (x) = e?™'P*. The function ¢, (x) is the pth
eigenfunction of the differentiation operator d on the unit interval with periodic boundary
conditions,

Ix¢p(x) = Qmip)pp(x).

It is also the eigenfunction of any higher order derivative 9%, with eigenvalue (2mip)°.
This is the basis of Fourier analysis of linear differential equations, and the fact that differ-
ence equations have eigenvectors that are discretized versions of ¢, (x) means that discrete
Fourier analysis can be used to analyze finite difference methods for constant coefficient
problems, as is done in von Neumann analysis; see Sections 9.6 and 10.5.

Now consider the symmetric tridiagonal Toeplitz matrix (now truly tridiagonal)

[ do d
di do di
di do d;
A= _ € RIXm, (€21
di
dy do |

Such matrices arise in 3-point discretizations of uy, with Dirichlet boundary conditions,
for example; see Section 2.4. The eigenvalues of A are now

Ap =do + 2dy cos(pmh), p=12, ..., m, (C.22)

where again 4 = 1/(m + 1) and now A has dimension m since boundary values are not
included in the solution vector. The eigenvector now has components

rjp = sin(pmjh), j=12 ... m (C.23)
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Again it is easy to verify that (C.22) gives the eigenvalue once the form of the eigenvector
is known. In this case we use the fact that, for any p,

sin(prjh) =0 forj=0and j =m+1

to verify that (Ar,); = Aprjp for j = 0and j = m + 1 as well as in the interior.
Now consider a nonsymmetric tridiagonal Toeplitz matrix,

do di
d.y do d;
d_1 dy di
A= _ e R, (C.24)
di
Ay do |

If dy = d_1 = 0, then the matrix is diagonal with all eigenvalues equal to dy. Otherwise,
if one of d; or d_; is zero the eigenvalues are all equal to dy but the matrix is a single
Jordan block, a defective matrix with a one-dimensional eigenspace.

In the general case where both d; and d_ are nonzero, the eigenvalues are

Ap =do+2div/d_1/dicos(pmh), p=12, ..., m, (C.25)

and the corresponding eigenvector rj, has jth component

J
rip = (,/d_l/dl) sin(prjh),  j=1,2, ..., m. (C.26)

These formulas hold also if d—; /d is negative, in which case the eigenvalues are complex.
For example, the skew-symmetric centered difference matrix with d_; = —1, dy = 0, and
di = 1 has eigenvalues

Ap = 2icos(pmh). (C.27)

C.8 The Gershgorin theorem

If A is diagonal, then its eigenvalues are simply the diagonal elements. If A is “nearly
diagonal,” in the sense that the off-diagonal elements are small compared to the diagonal,
then we might expect the diagonal elements to be good approximations to the eigenvalues.
The Gerschgorin theorem quantifies this and also provides bounds on the eigenvalues in
terms of the diagonal and off-diagonal elements. These bounds are valid in general and
often very useful even when A4 is far from diagonal.

Theorem C.2. Let A € C™ ™ and let D; be the closed disk in the complex plane cen-
tered at a;; with radius r; = Zj#i |aij|, the sum of the magnitude of all the off-diagonal
elements in the ith row of A,

D, ={ze C: |z—a;;| <r}
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Then,
1. all the eigenvalues of A lie in the union of the disks D; fori =1, 2, ..., m.

2. if some set of k overlapping disks is disjoint from all the other disks, then exactly k
eigenvalues lie in the union of these k disks.

Note the following:

e Ifadisk D; is disjoint from all other disks, then it contains exactly one eigenvalue of
A.

e If adisk D; overlaps other disks, then it need not contain any eigenvalues (although
the union of the overlapping disks contains the appropriate number).

o If A is real, then AT has the same eigenvalues as A. Then the theorem can also be
applied to AT (or equivalently the disk radii can be defined by summing elements of
columns rather than rows).

For a proof of this theorem see Wilkinson [103], for example.
Example C.5. Let

5 0.6 0.1
A=| -1 6 —0.1
1 0 2

Applying the Gershgorin theorem to A, we have
Dy ={z:|z-5] 0.7}, Dy, ={z:|z—6| < 1.1}, D3 ={z:|z-2| < 1.0},

as shown in Figure C.1(a). From the theorem we can conclude that there is exactly one
eigenvalue in D3 and two eigenvalues in D; U D,. We can also conclude that all eigen-
values have real parts between 1 and 7.7 (and hence positive real parts, in particular). The
eigenvalue in D3 must be real, since complex eigenvalues must appear in conjugate pairs
(since A is real). The eigenvalues in Dy U D, could be real or imaginary, but the imaginary
part must be bounded by 1.1. The actual eigenvalues of A are also shown in Figure C.1(a),
and are
A~ 1.9639, 5.518 £+ 0.6142i.

Applying the theorem to A7 would give
Dy ={z:|z—5<2.0}, Dy, ={z:|z—6| <0.6}, D3 ={z:]z—2] £0.2},

as shown in Figure C.1(b). Note that this gives a tighter bound on the eigenvalue near 2 but
a larger region around the complex pair.

A matrix is said to be reducible if it is possible to reorder the rows and columns in
such a way that the eigenvalue problem is decoupled into simpler problem, specifically if
there exists a permutation matrix P so that

_ A 0
PAP™' = ;
[ Az Az i|
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Figure C.1. Gerschgorin circles containing the eigenvalues of A for Example C.5.

where A1; and Aj, are square matrices of size at least 1 x 1. In this case the eigenvalues
of A consist of the eigenvalues of 4 together with those of A5,. If no such P exists, then
A is irreducible. The matrix of Example C.5 is irreducible, for example.

For irreducible matrices, a more refined version of the Gerschgorin theorem states
also that a point on the boundary of a set of Gerschgorin disks can be an eigenvalue only if
itis on the boundary of all disks.

Example C.6. The tridiagonal matrix 4 of (2.10) arises from discretizing the second
derivative. Since this matrix is symmetric all its eigenvalues are real. By the Gerschgorin
theorem they must lie in the circle of radius 2/ /2 centered at —2/ 2. In fact, they must
lie in the interior of this disk since the matrix is irreducible and the first and last row of A
give disks with radius 1/ /2. Hence —4/h? < A, < 0 for all eigenvalues A ,. In particular
this shows that all the eigenvalues are negative and hence the matrix A4 is nonsingular and
negative definite. Showing nonsingularity is one use of the Gerschgorin theorem.

For the tridiagonal matrix (2.10) the eigenvalues can be explicitly computed and are
given by the formula (2.23),

2
Ap = h—z(cos(pnh)—l) for p=1,2, ..., m,

where & = 1/(m + 1). They are distributed all along the interval —4/h? < A, < 0.
For related matrices that arise from discretizing variable coefficient elliptic equations the
matrices cannot be explicitly computed, but the Gerschgorin theorem can still be used to
show nonsingularity.

Example C.7. Consider the matrix (2.73) with all x > 0. The Gerschgorin disks all
lie in the left half-plane and the disks D; and D,, are bounded away from the origin. The
matrix is irreducible and hence must be negative definite (and in particular nonsingular).

C.9 Inner-product norms

Some standard vector norms and the corresponding matrix norms were introduced in Sec-
tion A.3. Here we further investigate the 2-norm and its relation to the spectral radius of
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a matrix. We will also see how new inner-product norms can be defined that are closely
related to a particular matrix.
Let A € C™" and u € C™. The 2-norm of of u is defined by

m
3 = ufu =" |wil* = (u.u), (C.28)
i=1
where (-, -} is the standard inner product,
m
(u,v) = ufv =Y ;. (C.29)
i=1

The 2-norm of the matrix A is defined by the formula (A.9) as

1/2
|All2 = sup ||Aullz = sup (uHAHAu) .

lull2=1 lull2=1
Note that if we choose u to be an eigenvector of A, with Au = Au, then
@ A" Au)'? = |2,

and so || A||2 = maxi<p<m |Ap| = p(A). The 2-norm of A is always at least as large as the
spectral radius. Note that the matrix B = A% 4 is always Hermitian (B = B) and so it
is diagonalizable with a unitary eigenvector matrix,

B=RMRH (RH =R,

where M is the diagonal matrix of eigenvectors (1 ; > 0 of B. Any vector u can be written
as u = Rw where w = R u. Note that ||u||, = ||w]|, since

H HRH

u-"u=w H

Rw = w"w,
i.e., multiplication by a unitary matrix preserves the 2-norm. It follows that
I14llz = sup " Bu)'’?
llullz=1
= sup (wHRHBRw)l/2
lwl2=1

= sup (woIMw)'/?

lwl2=1

— 1/2 _ H
= _max up[T =/ p(A7A).

p=12,..,

(C.30)

If A = A, then p(A® A) = (p(A))* and || 4|2 = p(A4). More generally this is true for
any normal matrix A4 (as defined in Section C.6). If A is normal, then 4 and A have the
same eigenvector matrix R and so

AP A = (RAE R)(RART) = RAH AR

It follows that p(A% 4) = maxp=12,..,m |Ap|2.
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If 4 is not normal, then typically || 4|2 > p(A). If 4 is diagonalizable, then an upper
bound on || 4||2 can be obtained from

I4ll2 = | RART 2

- C.3l1
<IRIIR 2 max [kp] = k2(R)p(A), (3D
p=12,...m
where k3(R) = || R||2||R™"]|2 is the 2-norm condition number of the eigenvector matrix
R. We thus have the general relation
p(4) = || 4]z = k2(R)p(A), (C.32)

which holds for any diagonalizable matrix 4. If A is normal, then R is unitary and
K2 (R) = 1.

This relation between the norm and spectral radius is important in studying iterations
of the form U™*! = AU", which leads to U" = A"U° (where the superscript on U is
an index and the superscript on A4 is a power). Such iterations arise both in time-stepping
algorithms for solving differential equations and in iterative methods for solving linear
systems. We often wish to investigate the behavior of ||U"| as n — oo, or the related
question of the behavior of powers of the matrix 4. For diagonalizable 4 we have A" =
RA"R™! so that

14" 5 < 2 (R)(p(A))". (C33)

From this we see that | A"|, — 0 asn — oo if p(4) < 1. In fact this is true for any 4,
not just diagonalizable matrices, as can be seen by using the Jordan canonical form. See
Appendix D for more about bounding powers of a matrix.

This spectral analysis is particularly useful when 4 is normal, in which case k2 (R) =
1. In this case ||4"]2 < (p(A4))" and if p(A) < 1, then we have a strictly decreasing upper
bound on the norm. The asymptotic behavior is still the same if 4 is not normal, but
convergence is not necessarily monotone and this spectral analysis can be quite misleading
if A is far from normal. This topic is discussed in more detail in Appendix D along with a
discussion of the nondiagonalizable (defective) case.

C.10 Other inner-product norms

If T is any nonsingular matrix, then we can define an inner product based on 7" in terms of
the standard inner product (C.29) by

(u,v)7 = (T u, T"') = uf Gv, (C.34)

where G = T~H T~!. The matrix G is always Hermitian positive definite (SPD if T is
real). We can define a corresponding norm (the 7"-norm of ) by

lullr = (u,u)r = | T ull, = @ Gu)"? = (u, Gu). (C.35)

This satisfies the requirements of a norm summarized in Section A.3.
Inner-product norms of this type naturally arise in the study of conjugate gradient
methods for solving linear system Au = f when A is SPD. In this case G = A4 is used
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(see Section 4.3.4) and T could be defined as a “square root” of 4, e.g., T = RA'/?2R™!
if A= RAR™.

In studying iterations of the form U”"T! = AU", and variants such as U"*! =
A, U™ (where the matrix 4, changes in each iteration), it is often useful to choose norms
that are adapted to the matrix or matrices in question in order to obtain more insight into the
asymptotic behavior of U”. A few results are summarized below that are used elsewhere.

Note that w = T 'u can be viewed as the vector of coefficients obtained if u is
written as a linear combination of the columns of 7', u = T'w. Hence ||u| 7 = ||w|2 can
be viewed as a measure of u based on its representation in the coordinate system defined
by T rather than in the standard basis vectors. A particularly useful coordinate system is
the coordinates defined by the eigenvectors, as we will see below.

We can compute the matrix 7'-norm of a matrix 4 using the standard definition of a
matrix norm from (A.9):

|Aully _ AT wilz

|All7 = sup =
wto lullr  wzo ITwlr
IT AT w]> (C.36)
w#0 ”w”Z
= |T7'AT|>.

Now suppose A4 is a diagonalizable matrix with R~! AR = A. Then choosing T =
R yields ||A||g = ||[R"'AR]||2 = p(A). Recall that |A]| > p(A) in any matrix norm
subordinate to a vector norm. We have just shown that equality can be achieved by an
appropriate choice of norm in the case when A is diagonalizable. We have proved the
following theorem.

Theorem C.3. Suppose A € C™* ™ is diagonalizable. Then there exists a norm | - || in
which || A|| = p(A). The norm is given by the R-norm based on the eigenvector matrix.

This theorem will be generalized to the defective case in Theorem C.4 below.
Note that in general the 7-norm, for any nonsingular 7', is “equivalent” to the 2-norm
in the sense of Section A.3.1 with the equivalence inequalities

1715 ullz < Nlullz < 1T l2llul2 (C.37)
for the vector norm and
a(T) " [ All2 < 4llr < k2(T)]|4]2 (C.38)

for the matrix norm, where «(7') is the 2-norm condition number of 7". Applying this last
inequality in conjunction with Theorem C.3 gives

p(4) = [|4]lr = k2(R)[|A]|2, (C.39)

which agrees with the bound (C.31) obtained earlier.
For general matrices 4 € C”™* that are not necessarily diagonalizable, Theo-
rem C.3 can be generalized to the following.

2007/6/1
page 282

e



C.10. Other inner-product norms 283

Theorem C.4. (a) If A € C™ ™ has no defective eigenvalues with modulus p(A), then
there exists a nonsingular matrix T such that

I4ll7 = p(A).

(b) If A has defective eigenvalue(s) of modulus p(A), then for every € > 0 there exists a
matrix T (€) such that
[AllTe) < p(4) + €. (C.40)

In the latter case we can find a norm in which || 4|| is arbitrarily close to p(4), but
T (¢) becomes increasingly ill conditioned as € — 0. The proof of this theorem is based
on a modification of the Jordan canonical form in which the superdiagonal elements are
made sufficiently small by the transformation discussed in Section C.3. Let R"'AR = J
have the form (C.12), and let Z = {i : |X;| = p(A)}, the set of indices of the maximal
eigenvalues. To prove part (a), if i € Z, then k; = 1 and J; = A; with |X;| = p(A4). In
thiscase set D; = 1. If i ¢ Z,let§; = p(A) — |A;| > 0 and set

D; = diag(l, &;, ..., §57").

1

Let D be the block diagonal matrix formed by these blocks. Then J = D~'JD has Jordan
blocks A; 1 + §; Sk, and so

[ Jilla < |Ail + 8 < p(A) fori ¢ Z.

It follows that || A||7 = || J||2 = p(A), where the matrix 4 is given by T = RD.
To prove part (b), let € > 0 be given and choose

s ¢ ifi € Z,
PT\ p(A) = i >0 ifi ¢ Z.

Define D; and D as before and we will achieve

I Ji]l < p(A) fori ¢ Z,
IJi]l < p(A) + € fori € Z,

and so taking 7' (¢) = RD(¢) gives || 4|1 =< p(A) + €. Recall that k(D(€)) — oo as
€ — 0 and so k(7' (€)) — oo as € — 0 in case (b).
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Appendix D

Matrix Powers and
Exponentials

The first order scalar linear differential equation u’(¢) = au(t) has the solution u(t) =
¢ u(0) and so
|u(t)] = 0ast — oo forany u(0) <= Re(a) <0,
|u(¢)| remains bounded as t — oo for any u(0) <= Re(a) <0, D.1)
|u(t)] = oo ast — oo forany u(0) # 0 <= Re(a) > 0.
The first order scalar linear difference equation U"T! = pU™ has the solution U”" = p"U°
and so
|U"| — 0asn — oo forany U’ <= |b| <1,
|U"| remains bounded as n — oo forany U® <= |b| <1, (D.2)
|U"| — coasn — oo forany U #0 <= |b| > I.

For these first order scalar equations the behavior is very easy to predict. The purpose of this
appendix is to review the extension of these results to the vector case, for linear differential
equations u/(t) = Au(t) and difference equations U"T! = BU", where u(t), U" € R™
and A, B € R™_ or more generally could be complex valued. This analysis relies on
a good understanding of the material in Appendix C on eigendecompositions of matrices,
and of the Jordan canonical form for the more interesting defective case.

In the scalar case there is a close relation between the results stated above in (D.1)
and (D.2) for u’ = au and U™*! = bU", respectively. If we introduce a time step At = 1
and let U" = u(n) = e u(0) be the solution to the ordinary differential equation (ODE)
at discrete times, then U"*! = hU" where b = ¢®. Since the function e maps the left
half-plane to the unit circle, we have

|b] <1 <= Re(a) <0,
|b] =1 <= Re(a) =0, (D.3)
|b| >1 <= Re(a) > 0.

Similarly, for the system cases we will see that boundedness of the solutions depends on
eigenvalues of B lying inside the unit circle, or eigenvalues of A lying in the left half-plane,
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although the possibility of multiple eigenvalues makes the analysis somewhat more com-
plicated. We will also see in Section D.4 that when the matrix involved is nonnormal the
eigenvalues do not tell the full story—rapid transient growth in powers or the exponential
can be observed even if there is eventual decay.

In the rest of this chapter we will use the symbol A as our general symbol in dis-
cussing both matrix powers and exponentials, but the reader should keep in mind that re-
sults on powers typically involve the unit circle, while results on exponentials concern the
left half-plane.

D.1 The resolvent

Several of the bounds discussed below involve the resolvent of a matrix A, which is the
complex matrix-valued function (z/ — A)~!. The domain of this function is the complex
plane minus the eigenvalues of A, since the matrix zI — A is noninvertible at these points.
Bounds on the growth of A” or e* can be derived based on the size of ||(z] — 4)7!||
over suitably chosen regions of the complex plane. These are generally obtained using the
following representation of a function f(A), the natural extension of the Cauchy integral
formula to matrices.

Definition D.1. If T is any closed contour in the complex plane that encloses the eigenval-
ues of A and if f(z) is an analytic function within T, then the matrix f(A) can be defined
by

1 _
f(A) = o /F f@) (I —A) 1 dz. (D.4)

The value is independent of the choice of T'.

For some functions f(z), such as e?, it may not be clear what f(A4) means for a
matrix, and this can be used as the definition of f(A4). (Some other definitions of e are
given in Section D.3, which are equivalent.) The representation (D.4) can also be useful
computationally and is one approach to computing the matrix exponential; see, e.g., [53]
and Section 11.6.1.

For the function f(z) = z" (or any polynomial in z) the meaning of f(A) is clear
since we know how to compute powers of a matrix, but (D.4) gives a different representa-
tion of the function that is sometimes useful in obtaining upper bounds.

D.2 Powers of matrices

Consider the linear difference equation
Ut = gqu” (D.5)

for some iteration matrix A. The study of the asymptotic behavior of ||U"|| is important
both in studying stability of finite difference methods and in studying convergence of iter-
ative method for solving linear systems.
From (D.5) we obtain
o =< Al o)
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in any norm and hence
o) =< 141" 1vl. (D.6)

Alternatively, we can start with U"t! = A4"U?° to obtain
o < 14" o). (D.7)

Since ||A"|| < ||A||" this again leads to (D.6), but in many cases || A"|| is much smaller
than || 4]|" and the form (D.7) may be more powerful.

If there exists any norm in which ||4|| < 1, then (D.6) shows that ||[U"| — 0 as
n — oo. This is true not only in this particular norm but also in any other norm. Recall
we are only considering matrix norms that are subordinate to some vector norm and that in
a finite dimensional space of fixed dimension m all such norms are equivalent in the sense
of (A.6). From these inequalities it follows that if ||U"|| — 0 in any norm, then it goes to
zero in every equivalent norm, and similarly if ||U” || blows up in some norm, then it blows
up in every equivalent norm. Moreover, if ||4]] = 1 in some norm, then ||U"| remains
uniformly bounded as n — oo in any equivalent norm.

From Theorem C.4 we thus obtain directly the following results.

Theorem D.1. (a) Suppose p(A) < 1. Then ||U"|| — 0 as n — oo in any vector norm. (b)
Suppose p(A) = 1 and A has no defective eigenvalues of modulus 1. Then |U"|| remains
bounded as n — oo in any vector norm, and there exists a norm in which |U"|| < |U°|.

Note that result (a) holds even if A has defective eigenvalues of modulus p(A4) by
choosing € < 1 — p(A4) in Theorem C.4(b).

If A is diagonalizable, then the results of Theorem D.1 can also be obtained directly
from the eigendecomposition of A. Write A = RAR™!, where

A= diag()q, )\2, ceey )\m)

is the diagonal matrix of eigenvalues of A and R is the matrix of right eigenvectors of A4.
Then the nth power of A4 is given by A" = RA" R™! and

"< 4" v

(D.8)
< k(R)p(A)" U],

where k(R) = ||R]|||R™"| is the condition number of R in whatever norm we are us-
ing. Note that if the value of x(R) is large, then ||U"| could grow to large values before

decaying, even in p(A) < 1 (see Example D.2).
If A is a normal matrix and we use the 2-norm, then «; (R) = 1 and we have the nice

result that

Ul < p(A)"|U°||,  if A is normal. (D.9)

For normal matrices, or for those close to normal, p(A) gives a good indication of the
behavior of ||U"||,. For matrices that are far from being normal, the spectral radius may
give a poor indication of how ||U"|| behaves. The nonnormal case is considered further in
Section D .4.
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More detailed information about the behavior of |U"|| can be obtained by decom-
posing U into eigencomponents. Still assuming A is diagonalizable, we can write

U =WPr 4+ Wora+ -+ Wprm = RW°,

where ry, ..., ry are the eigenvectors of 4 and the vector WO is given by wo = R™1U°,
Multiplying U° by A multiplies each r p by A, and so

U= A"U° = WAy + WM 4 -4+ WOAR rm = RA"WP, (D.10)

For large n this is dominated by the terms corresponding to the largest eigenvalues, and
hence the norm of this vector is proportional to p(A)”, at least for generic initial data. This
also shows that if p(A4) < 1, then U" — 0, while if p(4) > 1 we expect U” to blow up.

Note that for certain initial data || U"|| may behave differently than p(A)", at least in
exact arithmetic. For example, if U? is void in the dominant eigencomponents, then these
terms will be missing from (D.10), and the asymptotic growth or decay rate will be differ-
ent. In particular, it could happen that p(4) > 1 and yet |U"|| — 0 for special data U°
if some eigenvalues of A have modulus less than 1 and U contains only these eigencom-
ponents. However, this generally is not relevant for the stability and convergence issues
considered in this book, where arbitrary initial data must be considered. Moreover, even if
U? is void of some eigencomponents, rounding errors introduced computationally in each
iteration U"*! = AU" will typically be random and will contain all eigencomponents.
The growing modes may start out at the level of rounding error, but if p(4) > 1 they will
grow exponentially and eventually dominate the solution so that the asymptotic behavior
will still be governed by p(A)".

If A is defective, then we cannot express an arbitrary initial vector U° as a linear
combination of eigenvectors. However, using the Jordan canonical form 4 = RJR™!,
we can still write U® = RW?O, where W° = R™'U°. The nonsingular matrix R now
contains principal vectors as well as eigenvectors, as discussed in Section C.3.

Example D.1. Consider the iteration U" ! = AU", where A is the 3 x 3 matrix from
Example C.4, having a single eigenvalue A with geometric multiplicity 1. If we decompose

U = Wlri + Wiry + Wirs,
then multiplying by A4 gives
U' = WPkri + W (ry + Ara) + W(rz + Ar3) oD
= (WPh + Wry + (WRh + W)y + Wkrs.
Repeating this shows that U" has the form
U = A"U° = pi(M)ry + pa(M)ra + WRA"r3,
where p;(A) and p2(A) are polynomials in A of degree 7. It can be shown that

PG = A" WPz, I p2 ()] < nd" WO,

so that there are now algebraic terms (powers of #) in the asymptotic behavior in addition
to the exponential terms (A"). More generally, as we will see below, a Jordan block of order
k gives rise to terms of the form n¥~1A”.
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If |A| > 1, then the power n*~!

is swamped by the exponential growth and the
algebraic term is unimportant. If [A| < 1, then n*~! grows algebraically but A" decays
exponentially and the product decays, n~'A" — 0 as n — oo for any k > 1.

The borderline case |A| = 1 is where this algebraic term makes a difference. In
this case A” remains bounded but 7 ~'A” does not. Note how this relates to the results of
Theorem D.1. If p(A) < 1, then | A"|| — 0 even if A4 has defective eigenvalues of modulus
p(A), since the exponential decay overpowers the algebraic growth. However, if p(4) =
1, then the boundedness of || A”|| depends on whether there are defective eigenvalues of
modulus 1. If so, then || A" || grows algebraically (but not exponentially).

Recall also from Theorem C.4 that in this latter case we can find, for any € > 0, a
norm in which || 4| < 1 + €. This implies that || 4"|| < (1 + €)". There may be growth,
but we can make the exponential growth rate arbitrarily slow. This is consistent with the
fact that in this case we have only algebraic growth. Exponential growth at rate (1 + €)”
eventually dominates algebraic growth 75! no matter how small € is, for any k.

To determine the algebraic growth factors for the general case of a defective matrix,
we can use the fact that if A = RJR™! then A" = RJ"R™', and we can compute the nth
power of the Jordan matrix J. Recall that J is a block diagonal matrix with Jordan blocks
on the diagonal, and powers of J simply consist of powers of these blocks. For a single
Jordan block (C.9) of order k,

J(A, k)= Al + Sk,

where Sy is the shift matrix (C.10). Powers of J(A, k) can be found using the binomial
expansion and the fact that I and Sy commute,

J k)" = Mk + Sp)"

n n—1 n n—2 g2 n n—3 g3
A + nA Sk+(2))» Sk+(3))‘ Sk (D.12)

+---+( o ))\S,;"1+S,’j.

Note that for j < k, S ,i is the matrix with 1’s along the jth superdiagonal and zeros

everywhere else. For j > k, S ,i is the zero matrix. So the series in expression (D.12)
always terminates after at most k terms, and when n > k reduces to

J()\,k)n = )\nlk +I’l)\n_1Sk —+ ( ; )An_zslf +( }; ))‘n_3S]3

(D.13)
n n—k+1 gk—1
+ +( k—1 )A S

Since ( ;’ ) = O(n’) as n — oo, we see that J(A, k)" = P(n)A", where P(n) is a
matrix-valued polynomial of degree k — 1.
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For example, returning to Example C.4, where k = 3, we have

-1
JA,3)" = A" + nA" Sy + %An—zsf
A pAnTl _”(”2—1)”—2 (D.14)
= 0 An nk”_l
0 0 AT

This shows that ||J"|| &~ n?A", the same result obtained in Example D.1,
If A is not normal, i.e., if A¥ A # AAH  then ||A|, > p(A) and p(4)" may not
give a very good indication of the behavior of || A"||. If 4 is diagonalizable, then we have

142 < I RI2IA™ 21 R l2 < e2(R)p(4)", (D.15)

but if k2 (R) is large, then this may not be useful, particularly for smaller z. This does give
information about the asymptotic behavior as n — o0, but in practice it may tell us little or
nothing about how || 4" ||, is behaving for the finite values of n we care about in a particular
computation. See Section D.4 for more about the nonnormal case.

D.2.1 Solving linear difference equations

Matrix powers arise naturally when iterating with the first order linear difference equation
(D.5). In studying linear multistep methods we need the general solution to an rth order
linear difference equation of the form

aoVP +a V' 4+ VP2 oo 4 VT =0 forn > 0. (D.16)

We have normalized the equation by assuming a, = 1. One approach to solving this is
given in Section 6.4.1, and here we give an alternative based on converting this rth order
equation into a first order system of r equations of the form (D.5) and then applying the
results just found for matrix powers.

We can rewrite (D.16) as a system of equations by introducing

ur=v", ur=v"t', .., Uur=y"trt (D.17)
Then (D.16) takes the form
urtt = cu”, (D.18)
where B _
0 1
0 1
0 1
C = A . (D.19)
0 1
| —a0 —ay —ay - —dr-1

This matrix is called the companion matrix for the difference equation. The general solution
to (D.18)is U™ = C"U°, where

vl=o, vt . vrIT
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is the vector consisting of the r initial values required by (D.16). The solution can be
expressed in terms of the eigenvalues of C.
It can be shown that the characteristic polynomial of C is

p(A) =det\I —C) =ag +arh+ - +a,_ A"+ 0. (D.20)

Call the roots of this polynomial {;, ..., {, as in Section 6.4.1. Let C = RJR™! be the
Jordan canonical form of the matrix C. Then U” = RJ" R~'U° and each element of U"
(and in particular V" = U[") is a linear combination of elements of J".

If the roots are distinct, then C is diagonalizable, and so the general solution of (D.16)
is

V= el ol + e+ LT, (D21)
where the coefficients c¢; depend on the initial data.

It can be shown that repeated eigenvalues of a companion matrix always have ge-
ometric multiplicity 1, regardless of their algebraic multiplicity. An eigenvalue {; has a
one-dimensional space of eigenvectors spanned by [1, {;. ]2., ey {‘;_I]T. From the
form (D.13) for powers of a Jordan block, we see that if {; is a repeated root of algebraic
multiplicity k, then the general solution of the difference equation (D.16) includes terms
of the form ¢", n¢", ..., n¥~1¢". We can conclude that the general solution to the rth
order difference equation (D.16) will be bounded as n — oo only if the roots of the char-
acteristic polynomial all lie inside the unit circle, with no repeated roots of magnitude 1.
This is known as the root condition and is used in the stability analysis of linear multistep
methods; see Definition 6.2.

D.2.2 Resolvent estimates

In our analysis of powers of A we have used the eigenstructure of 4. An alternative
approach is to use the resolvent (zI — A)~! and the expression (D.4) for the function
f(z) = z". For example, we can obtain an alternative proof of part (a) of Theorem D.1 as
follows. If p(A4) < 1, then we choose as our contour I" a circle of radius 1 —e, where € > 0
is chosen small enough that p(4) < 1 — €. The eigenvalues of A then lie inside I" and
zI — A is invertible for z on I" and so || (zI — A)~!|| is a bounded periodic function of z and
hence attains some maximum value C (4, I') on I". Now consider (D.4) with f(z) = z",

A" = L / 2zl — A)"V dz. (D.22)
2wi Jr

Taking norms and using the fact that |z"| = (1 —€)" and ||(zI — A)~!|| < C(4,T) for z
on I', and that I" has length 27 (1 — €) < 27, we obtain

1 -
= 5 [ Er - a7
T Jr
<C(A4,T)(1—e)".

(D.23)

Since (1 —€)” — 0 as n — oo this proves Theorem D.1(a).
Note that we also get a uniform bound on || A" || that holds for all 7,

[4%] < C(4.T).
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If A is normal then in the 2-norm we have || A"|>» < 1 from (D.9), but for nonnormal ma-
trices there can be transient growth in || A" || before it eventually decays, and the resolvent
gives one approach to bounding this potential growth

Note that the value C (4, I') depends on the matrix A and may be very large if p(A4)
is close to 1. The contour I must lie between the spectrum of A and the unit circle for
the argument above, and ||(zI — A)~'|| is large near the spectrum of A. In the study of
numerical methods we are often concerned not just with a single matrix 4 but with a family
of matrices arising from different discretizations, and proving stability results often requires
proving uniform power boundedness of the family, i.e., that there is a single constant C
such that | A"|| < C for all matrices in the family. This is more difficult than proving that a
single matrix is power bounded, and it is the subject of the Kreiss matrix theorem discussed
in Section D.6.

Note that this resolvent proof does not extend directly to prove part (b) of Theo-
rem D.1, the case where A has nondefective eigenvalues on the unit circle. In this case the
contour I must lie outside the unit circle, at least near these eigenvalues, for (D.22) to hold.
In this case it is necessary to investigate how the product

(zl = Dl — 7 (D.24)

behaves for |z| > 1. Here the resolvent norm is multiplied by a factor that vanishes as
|z] — 1 and so there is hope that the product will be bounded even if the resolvent is
blowing up.

In fact it can be shown that if p(A4) < 1 orif p(A4) = 1 with only nondefective eigen-
values on the unit circle (i.e., if either of the conditions of Theorem D.1 holds), then the
product (D.24) will be uniformly bounded for all z outside the unit circle. The supremum
is called the Kreiss constant for the matrix A4, denoted by IC(A),

K(4) = sup (Iz] — Dl(z1 — )7 (D.25)

|z|>1

An alternative definition based on the e-pseudospectral radius is discussed in Section D.5.

For an idea of how this can be used, again consider the first line of (D.23) but now
take I to be a circle of radius 1 + € with € > 0. We have ||(z1 — A)~'|| < K(A)/e on this
circle, and so

14

IA

1 A
2 T €

1 (D.26)
= g(l + )"t (4),

since the circle has radius 277 (1 + €). This bound holds for any € > 0. It appears to allows
exponential growth for any fixed €, but we are free to choose a different value of ¢ for each
n, and taking € = 1/(n + 1), for example, gives

147 < (n + 1)eK(A) foralln > 0.

Unfortunately, this still allows algebraic growth and so does not prove the theorem.
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It fact, it can be shown (by a more complicated argument based on the resolvent that
will not be presented here) that a bound of the required form holds,

|A™|| < mek(A) foralln > 0, (D.27)

where m is the dimension of the matrix. This shows that for a fixed matrix A all powers
remain bounded provided its Kreiss constant is finite (which in turn is true if and only if
p(A4) < 1 with no defective eigenvalues on the unit circle).

The bound in (D.27) is sharp in a sense made precise in Section 18 of [92] and was
the end product of a long sequence of weaker bounds proved over the years (as recounted
in [92]). This result was proved by Spijker [81] as a corollary to a more general result on
the arclength of the image of the unit circle under a rational function.

Resolvent estimates can also be used to obtain a lower bound on the transient growth
of ||A"|; see (D.46).

The bound (D.27) is a major part of the proof of the Kreiss matrix theorem (see
Section D.6): a family of matrices is uniformly power bounded if (and only if) there is a
uniform bound on the Kreiss constants K (A4) of all matrices in the family.

D.3 Matrix exponentials

Now consider the linear system of m ordinary differential equations u’ () = Au(t), where
A € R™ (or more generally A € C™*™). The nondiagonalizable (defective) case will be
considered in Section D.4. When A is diagonalizable we can solve this system by changing
variables to v = R~'u and multiplying both sides of the ODE by R~ to obtain

Rt =R AR - R 'u(r)
or
V(1) = Av(?).
This is a decoupled set of m scalar equations v} ) = Ajv;@) (for j =1,2, ..., m)
with solutions v; () = e¢*?v;(0). Let eA? denote the matrix

e = diag(eM’, et .., *mh). (D.28)

Then we have v(¢) = e2*v(0) and hence
u(t) = Rv(t) = Re™ R7u(0),
)
u(t) = e u(0), (D.29)
where
e’ = ReAM R (D.30)

This gives one way to define the matrix exponential e’, at least in the diagonalizable case.
The Cauchy integral of Definition D.1 is another. Yet another way to define it is by the
Taylor series

1

1
At 2.2
e —I+At+—2!Al+3!

o0
1 A
A 4. = ZFAW‘ (D.31)
j=07"
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This is often useful, particularly when 7 is sn_lall. The definitions (D.30) and (D.31) agree
in the diagonalizable case since all powers A’ have the same eigenvector matrix R, and so
(D.31) gives

1

1
At 2.2
e ——R|:1+Al+—2!At +3!

A3 +} R
(D.32)

— ReAtR_l,

resulting in (D.30). To go from the first to the second line of (D.32), note that it is easy to
verify that the Taylor series applied to the diagonal matrix A is a diagonal matrix of Taylor
series, each of which converge to the corresponding diagonal element of e, the value
ehit,

Note that the matrix e’ has the same eigenvectors as A and its eigenvalues are e*i’.
To investigate the behavior of u(t) = e’u(0) as t — oo, we need only look at the real
part of each eigenvalue A ;. If none of these are greater than 0, then the solution will remain
bounded as # — oo (assuming still that A is diagonalizable) since |e*/?| < 1 for all ;.

It is useful to introduce the spectral abscissa o(A), defined by

a(d) =  max Re(A ;). (D.33)
<j<m

Then u(¢) remains bounded provided «(A4) < 0 and u(¢) - 0 ast — oo if w(4) < 0.

Note that for integer values of 1 = 1, we have e” = (e4)” and p(e?) = e, so
this result is consistent with what was found in the last section for matrix powers.

If A is not diagonalizable, then the case «(A4) = 0 is more subtle, as is the case
p(A) = 1 for matrix powers. If A has a defective eigenvalue A with Re(A) = 0, then
the solution may still grow, although with polynomial growth in ¢ rather than exponential
growth.

When 4 is not diagonalizable, we can still write the solution to u’ = Au as u(t) =
e4(0), but we must reconsider the definition of e“’. In this case the Jordan canonical
form A = RJR™! can be used, yielding

e =Re/'R7!.
If J has the block structure (C.12) then e is also block diagonal,
ed (1:k1)e

e (A2,ka)t
Jt
e’ = . . (D.34)

e-’()vs kst

For a single Jordan block the Taylor series expansion (D.31) can be used in conjunction
with the expansion (D.12) for powers of the Jordan block. We find that
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(D.35)

Here we have used the fact that

1(])_1 1
J'\p p! (j —p)!

and the fact that S7 = 0 for g > k. The k xk matrix e’ %) is an upper triangular Toeplitz
k q pp g P

matrix with elements do = e’ on the diagonal and d i = ’j—]!e)" on the jth superdiagonal
forj=1,2, ..., k—1.

We see that the situation regarding boundedness of e’ is exactly analogous to what
we found for matrix powers A”. If Re(A) < 0, then #/e** — 0 despite the ¢/ factor, but if
Re(L) = 0, then ¢/ e} grows algebraically. We obtain the following theorem, analogous to
Theorem D.1.

Theorem D.2. Let A € C™ ™ be an arbitrary square matrix, and let «(A) = max Re(A)
be the spectral abscissa of A. Let u(t) = e4'u(0) solve u'(t) = Au(t). Then

(a) ifa(A) < O, then |u(?)|| = 0 ast — oo in any vector norm.

(b) if (A) = 0 and A has no defective eigenvalues with Re(A) = 0, then ||u(¢)||
remains bounded in any norm, and there exists a vector norm in which ||u(t)| < |u(0)]|
forallt > 0.

If A is normal, then
le® ]l = [[eM]|y = e " (D.36)

since || R||2 = 1. In this case the spectral abscissa gives precise information on the behavior
of e4*. If A is nonnormal, then the behavior of ¢*()* may not give a good indication of
the behavior of e (except asymptotically for ¢ sufficiently large), just as p(4)" may not
give a good indication of how powers || A”| behave if 4 is not normal. See Section D.4 for
some discussion of this case.
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D.3.1 Solving linear differential equations

In Section D.2.1 we saw that the rth order linear difference equation (D.16) can be rewritten
as a first order system (D.18) and solved using matrix powers. A similar approach can be
used to convert the homogeneous rth order constant coefficient linear differential equation

aov(t) + av'(t) + av"(t) + -+ a,— v V@) + v @) =0 (D.37)

to a first order system of  equations and solve this using the matrix exponential. We follow
the approach of Example 5.1 and introduce

ur(t) = v(@t), u(t) =0'(0), ..., u,(t) = v V). (D.38)

The equation (D.37) becomes u’(t) = Cu(t), where C is the companion matrix (D.19).
The solution is
u(t) = e“u(0) = Re?" R71u(0),

where ©(0) is the initial data (consisting of v and its first  —1 derivatives at time # = 0), and
C = RJR™! is the Jordan canonical form of C. If the roots of the characteristic polyno-
mial (D.20) are distinct, then v(¢) is a linear combination of the exponentials e%/?. If there
are repeated roots, then they are defective, and examining the expression (D.35) we see
that a root of algebraic multiplicity k leads to terms of the form e%i?, reit, ..., tk=1ebit,
We can thus conclude that in general solutions to the linear differential equations (D.37)
are bounded for all time only if the roots of the characteristic polynomial are in the left
half-plane, with no repeated roots on the imaginary axis.

D.4 Nonnormal matrices

We have seen that if a matrix A has the Jordan form 4 = RJR™! (where J may be diag-
onal), then we can bound powers and the matrix exponential by the following expressions:

[A™]| < «(R)||J"|| in general and (D.39)
14" < k(R)p(A)" if A is diagonalizable, '

le"|| < k(R)|le”?| in general and

(D.40)
e || < k(R)e*" if A is diagonalizable.

Here p(A4) and «(A) are the spectral radius and spectral abscissa, respectively. If 4 is
defective, then J is not diagonal and algebraic growth terms can arise from the || J"| or
lle??|| factors.

If A is not normal, then even in the nondefective case the above bounds may not
be very useful if «(R) is large. In particular, with nonnormal matrices matrix powers or
exponentials can exhibit exponential growth during an initial transient phase (i.e., for n
or ¢ small enough), even if the bounds guarantee eventual exponential decay. Moreover,
in these cases a small perturbation of the matrix may result in a matrix whose powers or
exponential is not bounded.

This growth can be disastrous in terms of stability, particularly since in practice most
interesting problems are nonlinear and often the matrix problems we consider are obtained
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from a local linearization of the problem. Transient growth or instability of perturbed
problems can easily lead to nonlinear instabilities in the original problem.

A related problem is that in practice we often are dealing with coefficient variable
problems, where the matrix changes in each iteration. This issue is discussed more in
Section D.7. In this section we continue to consider a fixed matrix A and explore some
upper and lower bounds on powers and exponentials in the nonnormal case.

D.4.1 Matrix powers

If A is anormal matrix, A% A = AAH  then A is diagonalizable and the eigenvector matrix
R can be chosen as an unitary matrix, for which R R = I and k(R) = 1. (We assume
the 2-norm is always used in this section.) In this case || 4| = p(A) and || A" | = (p(4))",
so the eigenvalues of A give precise information about the rate of growth or decay of || 4",
and similarly for the matrix exponential.

If A is not normal, then || A| > p(A) and (p(A4))" may not give a very good indica-
tion of the behavior of || A”|| even in the diagonalizable case. From (D.39) we know that
|| A"|| eventually decays at worst like (0(A))" for large enough #, but if k(R) is huge, then
there can be enormous growth of || A" || before decay sets in. This is easily demonstrated
with a simple example.

Example D.2. Consider the nonnormal matrix

0.8 100
A:[ 0 09 } 041

This matrix is diagonalizable and the spectral radius is p(4) = 0.9. We expect || A"| ~
C(0.9)" for large n, but for smaller n we observe considerable growth before the norm

begins to decay. For example, starting with U°® = [ (1) ] and computing U" = A"U° for
n=1,2, ...wefind

o [0 [ 100 » [ 170 s [ 217
U_[l U=l oo | U T lost |0 VT o |

We have the bound ||U" || < k2(R)(0.9)"|[U°]|, but in this case

1 1 -1 1 —1000
R_[O 0.0011|’ R _[0 10001|’
s0 k2(R) = 2000. Figure D.1 shows ||U"|» forn = 1, ..., 30 along with the bound.
Clearly this example could be made much more extreme by replacing ;> = 100
by a larger value. Larger matrices can exhibit similar growth before decay even if all the

elements of the matrix are modest.
To gain some insight into the behavior of || A" for a general matrix A, recall that the

2-norm of A4 is
Al = /p(4H 4),

14" = [o((4™) 4™/
=[p(AH AT ... AT 44 .. 4))V/2.

Hence

(D.42)
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2000

1800 1
1600 1
1400 7
1200 7
1000 7
8001 7
6001 7
4001 7

200F o

0 5 10 15 20 25 30

Figure D.1. The points show |U"||» for Example D.2 and the line shows the
upper bound 2000(0.9)".

If A is normal, then A¥ A = AAH and the terms in this product of 27 matrices can be
rearranged to give

|47]| = [p((A® AYD]2 = (p(A A)"2 = (p(a))" = || 4]|". (D43)
If A is not normal, then we cannot rearrange the product, and in general we have
(p(A)" = A" = [14]I". (D.44)

If p(A) < 1 < ||A], as is often the case for nonnormal matrices of interest, then the lower
bound is decaying exponentially to zero while the upper bound is growing exponentially.
If we expect to see transient growth followed by decay, as illustrated, for example, in Fig-
ure D.1, then neither of these bounds tells us anything about how much growth is expected
before the decay sets in. We would like to have lower and upper bounds on

P(A) = sup || A". (D.45)
n=0
The matrix A is said to be power bounded if P(A) < oo, and of course a necessary condi-
tion for this is that the eigenvalues of A lie in the unit disk, with no defective eigenvalues
on the disk.

Lower and upper bounds on P(A4) can be written very concisely in terms of the Kreiss

constant (D.25):
K(4) < P(A) < emK(A) (D.46)

for any A € C™™. The upper bound has already been discussed in Section D.1. The
lower bound is easier to obtain; it says that if || 4" || < C for all n, then

(z] = DI =7 <C.
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4

10
A"
10° | 2e(A) ]
K(4)
2 - '....
10° | e 1
....... .
*ey,. - k(R)p(4)
1 |47 "% oo,
10 ¢ %o J
...°'0
10° | 1
10_1 I I I I
0 10 20 30 40 50

Figure D.2. The norm of the matrix power, | A" || plotted on a logarithmic scale
for the nonnormal matrix (D.41). Also shown are the lower bound p(A)" and the upper
bounds || A||" and k(R)p(A)", as well as the value of the Kreiss constant KC and 2e K that
give lower and upper bounds on sup,s ||A"||. Note that || A" initially grows like | A||"
and asymptotically decays like p(A)".

To prove this note that (zI — A)~!

has the series expansion

- =g -ty = (1 + D+ A+ A+ ) )

Taking norms and using || 4" | < C gives

IGr = < T (LT T R T ) €=

C
|z =1

Figure D.2 shows the various bounds discussed above along with || A" || for the non-
normal matrix (D.41), this time on a logarithmic scale. For this matrix p(4) = 0.9, || 4| ~
100, and the Kreiss constant is X(4) = 171.5.

D.4.2 Matrix exponentials

For the matrix exponential there are similar bounds (Theorem 18.5 in [92]):

Ke(4)

< sup |le!|| < emK,(A),
>0

(D.47)

where the Kreiss constant with respect to the matrix exponential /C. (A4) is defined by

Ke(A4) =

sup Re(2)|(zI — A)_1 Il
Re@z)>0

(D.48)
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This measures how the resolvent of 4 behaves near the imaginary axis, which is the stability
boundary for the matrix exponential.

It is also possible to derive upper and lower bounds on the norm of the matrix ex-
ponential as functions of 7, analogous to (D.44) for powers of the matrix. For an arbitrary
matrix A4 these take the form

DL < oAt < @D forallt > 0, (D.49)

where o (¢) is the spectral abscissa (D.33) and w(A) is the numerical abscissa defined by
1 H
w(A4) = E'O(A + A). (D.50)

Note that A + A is always hermitian and has real eigenvalues, but they may be positive

even if «(A4) < 0. In general,
a(4) < w(A4). (D51

Also note that for any vector u,
Re(u Au) = %(MHAM + ul A" y)
=ull G(AH + A)) u (D.52)
<o(d)ulu,

since the Rayleigh quotient u® Bu/u® u is always bounded by p(B) for any hermitian
matrix B. Another way to characterize w(A) is as the maximum value that the real part of
u™ Au can take over any unit vector . The set

W(A) ={z € C: z =u* Au for some u with ||u|, = 1} (D.53)
is called the numerical range or field of values of the matrix A, and
w(A) = max Re(z). (D.54)
ZEW(A)

For a normal matrix W(A4) is the convex hull of the eigenvalues, but for a nonnormal matrix
it may be larger.

The bound (D.52) is of direct interest in studying the matrix exponential and can be
used to prove the upper bound in (D.49) as follows. Suppose u'(¢) = Au(t) and consider

d
E(uHu) = @) u+ufu
= 2Re(u’ Au)
< 2w(A)utu.
In other words, using the 2-norm,
d
= (Il ®1?) = 20()u )], (D56)

which in turn implies
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d
7 Ol = o D]u@]. (D.57)
or, dividing by ||u ()],
d
a7 log(lu()) = w(A). (D.58)
Integrating gives
lu@] < e Ju()]. (D.59)
Since u(t) = e4*u(0), we have
leu(O)] < e Ju(O)| (D.60)

for any vector u(0) and hence the matrix norm of e’ is bounded as in (D.49).
For a normal matrix 4, (A4) = w(A) and (D.49) reduces to

||eAt|| = ea(A)t = ea)(A)t forall¢ > 0. (Dél)

In the scalar case, for a complex number A, the spectral abscissa and numerical abscissa
are both equal to the real part of 4, so each can be viewed as a generalization of the real
part.

Finally, it is sometimes useful to investigate the initial transient growth of |e“’| at
¢t = 0. This can be determined by differentiating ||e“|| with respect to # and evaluating at
t = 0. The result is

i”eAt” — lim ”eAk” -1
dt =0 ko0 ok (D.62)
.|+ Ak -1
= lim ——.
k—0 k
We can compute
" 1/2
17 + kAl = [p ((1 + AH )1 + Ak))]
1/2
- [,0(1 +(A+ ATk + AHAkZ)]
12 (D.63)
- [1 +p(A+ ATk + O(kz)]
1
=1+ 5p(4+ ATk + 0k,
and so
d . a M+ Ak =1 1 H
- = lim —————— = -p(4 + A7) = w(4). D.64
g el - A FPA+ A7) = o4 (D.64)
Hence we expect
e = D 4 o(t) ast — 0. (D.65)

From (D.49) we know that e“D? is an upper bound on the norm, but this shows that for
small # we will observe transient growth at this rate.
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10 7\ 2e/Co(A) ?

o~ Ke(A4)

10 ¢ K(R)eoz(A)t
10° ¢
e(x(A)t
=
10 L L L L L
0 10 20 30 40 50

Figure D.3. The norm of the matrix exponential ||e“! || plotted on a logarithmic
scale for the nonnormal matrix (D.66). Also shown are the lower bound e* D und the
upper bounds e®* and k(R)e* D!, as well as the value of the Kreiss constant K, and
2¢kC, that give lower and upper bounds on sup,s ||e|. Note that ||e!|| initially grows

like e““D* and asymptotically decays like e,

For example, consider the nonnormal matrix

—0.2 10
A:[ 0 _0‘1] (D.66)

Figure D.3 shows |e“!| as a function of # on a logarithmic scale. The initial growth has
slope w(A) = 5.15 and the eventual decay has slope a(4) = —0.1, which follows from
(D.40). The Kreiss constant for this matrix is /Co(4) = 17.17.

The quantity w(A) is sometimes defined as

|1+ Ak| —1

- (D.67)

w(A4) = lim
( ) k—0
and in the ODE literature often goes by the name of the logarithmic norm of A. Of course

itis not really a norm since it can be negative, but this terminology is motivated by inequal-
ities such as (D.58).

D.5 Pseudospectra

Various tools have been developed to better understand the behavior of matrix powers or
exponentials in the case of nonnormal matrices. One powerful approach is to investigate
the pseudospectra of the matrix. Roughly speaking, this is the set of eigenvalues of all
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“nearby” matrices. For a highly nonnormal matrix a small perturbation to the matrix can
give a very large change in the eigenvalues of the matrix. For example, perturbing the

matrix (D.41) to
- 0.8 100
A= [ 0.001 0.9 } (D.68)

changes the eigenvalues from {0.8, 0.9} to {0.53, 1.17}. A perturbationto A of magnitude
1073 leads to an eigenvalue that is greater than 1. Since A4 is so close to a matrix A for
which A” blows up as n — 00, it is perhaps not so surprising that A” exhibits initial growth
before decaying. We say that the value z = 1.17 lies in the e-pseudospectrum o, of A4 for
e=1073.

The eigenvalues of A are isolated points in the complex plane where (zI — A) is
singular. We know that if any of these points lies outside the unit circle, then A” blows up.
The idea of pseudospectral analysis is to expand these isolated points to larger regions, the
pseudospectra o, for some small €, and see whether these pseudospectra extend beyond
the unit circle.

There are various equivalent ways to define the e-pseudospectrum of a matrix. Here
are three.

Definition D.3. For each € > 0, the e-pseudospectrum oc(A) of A is the set of numbers
z € C satisfying any one of the following equivalent conditions:

(a) z is an eigenvalue of A + E for some matrix E with | E|| < €,
(b) |Au — zu|| < € for some vector u with |u|| = 1, or
@l -7 =

In all these conditions the 2-norm is used (although the ideas can be extended to a
general Banach space). Condition (a) is the easiest to understand and the one already il-
lustrated above by example: z is an e-pseudoeigenvalue of A if it is a genuine eigenvalue
of some e-sized perturbation of A. Condition (b) says that z is an e-pseudoeigenvalue if
there is a unit vector that is almost an eigenvector for this z. Condition (c) relates pseu-
doeigenvalues to the resolvent (zI — A)~!, which we have already seen plays a role in
obtaining bounds on the behavior of matrix powers and exponentials. The value z is an
e-pseudoeigenvalue of A if the resolvent is sufficiently large at z. This fits with the notion
of expanding the singular points A; into regions o where zI — A is nearly singular. (Note
that by convention we set ||(zI — A)~!|| = oo if z is an eigenvalue of 4.)

The e-pseudospectral radius pe(A4) and e-pseudospectral abscissa o (A) can be de-
fined in the natural way as the maximum absolute value and maximum real part of any
e-pseudoeigenvalue of A4, respectively. The Kreiss constants (D.25) and (D.48) can then be
expressed in terms of pseudospectra as

LAE) K4y = sup %e(4).

>0

K(A) = sup

>0

(D.69)

Hence the Kreiss constants can be viewed as a measure of how far the pseudospectra of 4
extend outside the unit circle or into the right half-plane.

2007/6/1
page 303

e



304 Appendix D. Matrix Powers and Exponentials

The MATLAB package eigtool developed by Wright [104] provides tools for
computing and plotting the pseudospectra of matrices and also quantities such as the
e-pseudospectral radius and e-pseudospectral abscissa. See the book by Trefethen and
Embree [92] for an in-depth discussion of pseudospectra with many examples of their
use.

D.5.1 Nonnormality of a Jordan block

In Section D.2 we found an explicit expression for powers of a Jordan block, and we see
that in addition to terms of the form A", a block of order k has terms of order n*A" in its
nth power. This clearly exhibits transient growth even in A < 1. It is interesting to further
investigate the Jordan block as an example of a highly nonnormal matrix.

For this discussion, let

Jo = € Rkxk (D.70)

€ c

with the entries not shown all equal to 0, so that for e = 0, Jj is a Jordan block of the form
(C.9) with all k of its eigenvalues at c.
If € > 0 on the other hand, the characteristic equation is

- AfF—e=0
and the eigenvalues are

Ap=c+ellkermivlk —p— 12 k. (D.71)

The eigenvalues are now equally spaced around a circle of radius € /¥ centered at z = ¢ in
the complex plane.

Note that if k is large, €!/¥ will be close to 1 even for very small . For example, if
k = 1000 and € = 107", then €!/* ~ 0.96. So although the eigenvalues of J, are all at
¢, a perturbation on the order of the machine round-off will blast them apart to a circle of
radius nearly 1 about this point. For large k the e-pseudospectrum of Jy tends to fill up this
circle, even for very small €.

A similar matrix arises when studying the upwind method for advection, in which
case k corresponds to the number of grid points and can easily be large. An implication of
this nonnormality in stability analysis is explored in Section 10.12.1.

D.6 Stable families of matrices and the Kreiss matrix
theorem

So far we have studied the behavior of powers of a single matrix 4. We have seen that
if the eigenvalues of A are inside the unit circle, then the powers of A are uniformly
bounded,

[A™]| < C foralln, (D.72)
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for some constant C. If A is normal, then it fact | 4"|| < ||A||. Otherwise ||A"| may
initially grow, perhaps to a very large value if the deviation from normality is large, but
will eventually decay and hence some bound of the form (D.72) holds.

In studying the stability of discretizations of differential equations, we often need to
consider not just a single matrix but an entire family of matrices. A particular discretization
with mesh width /1 and/or time step k leads to a particular matrix A, but to study stability
and prove convergence we need to let 2,k — 0 and study the whole family of resulting
matrices. This is quite difficult to study in general because typically the dimensions of the
matrices involved is growing as we refine the grid. However, at least in simple cases we
can use von Neumann analysis to decouple the system into Fourier modes, each of which
leads to a system of fixed dimension (the number of equations in the original differential
equation). As we refine the grid we obtain more modes and the matrices involved may
depend explicitly on / and k as well as on the wave number, but the matrices all have fixed
dimension and it is this case that we consider here. (In Sections 9.6 and 10.5 we consider
von Neumann analysis applied to scalar problems, in which case proving stability only
requires studying powers of the scalar amplification factor g for each wave number, and
powers of a scalar are uniformly bounded if and only if |g| < 1. The considerations of
this section come into play if von Neumann analysis is applied to a system of differential
equations.)

Let F represent a family of matrices, say all the amplification matrices for different
wave numbers that arise from discretizing a particular differential equation with different
mesh widths. We say that F is uniformly power bounded if there is a constant C > 0 such
that (D.72) holds for all matrices A € F. The bound must be uniform in both 4 and #, i.e.,
a single constant for all matrices in the family and all powers.

If F consists of only normal matrices and if p(4) < 1 forall 4 € F, then the family
is uniformly power bounded and (D.72) holds in general with C = 1.

When the matrices are not normal it can be more difficult to establish such a bound.
Obviously a necessary condition is that p(4) < 1 forall A € F and that any eigenvalues of
modulus 1 must be nondefective. If this condition fails for any 4 € F, then that particular
matrix will fail to be power bounded and so the family cannot be. However, this condition
is not sufficient—even if each matrix is power bounded they may not be uniformly so. For
example, the infinite family of matrices

1—¢€ 1
A = [ 0 i| (D.73)

for € > 0 are all individually power bounded but not uniformly power bounded. We have

| Q=& n(l—er !
ar=| O O

and the off-diagonal term can be made arbitrarily large for large n by choosing € small
enough.

One fundamental result on power boundedness of matrix families is the Kreiss matrix
theorem.
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Theorem D.4. The following conditions on a family F of matrices are equivalent:

(a) There exists a constant C such that ||A"|| < C forall n and for all A € F. (The
Sfamily is power bounded.)

(b) There exists a constant Cy such that, for all A € F and all z € C with |z| > 1,
the resolvent (zI — A)™" exists and is bounded by

I(zI — A7 < G (D.74)
|z] =1

In other words, the K(A) < C; forall A € F, where K(A) is the Kreiss constant (D.25).

(c) There exist constants C and C3 such that for each A € F a nonsingular matrix
S exists such that

D IS] =< G ST = G,
(ii) B = ST'AS is upper triangular with off-diagonal elements bounded by

|bij| = C3 min(l - |bii|, 11— |b]]|) (D.75)
(Note that the diagonal elements of b are the eigenvalues of A.)

(d) There exists a constant C4 such that for each A € F a positive definite matrix G
exists with

CIIISGSCU, (D.76)
A7Ga<G. '

In condition (d) we say that two Hermitian matrices A4 and B satisfy A < B if
uf Au < u* Bu for any vector u. This condition can be rewritten in a more familiar form
as follows:

(d') There exists a constant Cs so that for each A € [F there is a nonsingular matrix
T such that

|Allz <1 and k(T) < Cs. (D.77)

Here the T-norm of A is defined as in (C.35) in terms of the 2-norm,
lAlr = T7'AT].

Condition (d’) is related to (d) by setting G = T—HT=1 and (d') states that we can define
a set of norms, one for each 4 € F, for which the norm of A is less than 1 and therefore

A" <1 foralln > 0.
From this we can obtain uniform power boundedness by noting that
4™ = k(M| 4" = Cs.

To make sense of condition (c), consider the case where all matrices A € F are
normal. Then each A can be diagonalized by a unitary similarity transformation and so
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(¢) holds with ||S|2 = |S™!|2 = 1 and b;j = 0 fori # j. More generally, condition
(c) requires that we can bring all 4 € F to upper triangular form by uniformly well-
conditioned similarity transformations, and with a uniform bound on the off-diagonals that
is related to how close the diagonal elements (which are the eigenvalues of A) are to the
unit circle.

Several other equivalent conditions have been identified and are sometimes more
useful in practice; see Richtmyer and Morton [75] or the more recent paper of Strikwerda
and Wade [85].

The equivalence of the conditions in Theorem D.4 can be proved by showing that
(a) = (b) = (¢) = (d) = (d’) = (a). For a more complete discussion and proofs
see [75] or [85].

The equivalence of (a) and (b) also follows directly from (D.46) and a proof of this
can be found in [92]. It is this equivalence that is the most interesting part of the theorem
and that has received the most attention in subsequent work, to the point where the term
“Kreiss matrix theorem” is often applied to inequalities of the form (D.46).

D.7 Variable coefficient problems

So far we have only considered solving equations of the form U"*! = AU" or u'(t) =
Au(t), where the matrix A4 is constant (independent of # or ¢), and the solution can be
written in terms of powers or matrix exponentials. In most applications, however, the
matrix changes with time. Often A4 represents the Jacobian matrix for a nonlinear system
and so it certainly varies with time as the solution changes. Adding this complication
makes it considerably more difficult to analyze the behavior of solutions. Often a study of
the “frozen coefficient” problem where A is frozen at a particular value as we solve forward
in time is valuable, however, to gain some information about issues such as boundedness
of the solution, and the theory presented earlier in this appendix will be useful in many
contexts. However, new issues can come into play when the matrices vary, particularly if
they vary rapidly, or more accurately, particularly if the eigenvectors of the matrix vary
rapidly in time. We will not discuss this in detail—just give a brief introduction to this
topic.
We first consider a discrete time iteration of the form

Ut = 4,U", (D.78)
where A, may vary with n. The solution is
U/ =Aj_1Aj_y--- A1 4,U°. (D.79)
If A, = A for all n, then this reduces to U/ = A4/U°, but more generally the matrix
product is harder to analyze than powers of a single matrix.
One case is relatively simple: suppose all the matrices 4, have the same eigenvectors,

although possibly different eigenvalues, so

A, = RA,R7! (D.80)
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for some fixed matrix R. In this case we say the A, are simultaneously diagonalizable.
Then the product in (D.79) reduces to

U/ =RAj_1Aj_5---AAgR7'U°

and Aj_1Aj_5---AiApis adiagonal matrix whose i th diagonal element is the product of
the ith eigenvalue of each of the matrices Ag, 41, ..., A;j—1. Then we clearly have, for
example, that if p(A4,) < 1 for all n, then ||U"|| is uniformly bounded as » — oo. In fact
we don’t need p(A,) < 1 for all n; it is sufficient to have

p(An) <1+ yn (D.81)

for some sequence of values y;, satisfying

o0
> v <o (D.82)
j=0

From (D.81) it follows that p(A4,) < e¥" and so

j—1
P(RAj_1Aj>- - AjAGR™Y) < 1_[ p(An)

n=0
j—1

<[l (D.83)
n=0

j—1

< exp Zyn )

n=0

and hence ||U"|| is uniformly bounded.

If the eigenvectors vary with n, however, then it happens that ||U” || will grow without
bound even if p(4,) < 1 for all n.

Example D.3. As a simple example, consider

0 O 0.1 2
A"_[z 0.1]’ Al_[o o} (D-84)
and then let A, alternate between these two matrices for larger n, so A;; = Ao and
Azi+1 = Ay. Then p(A,) = 0.1 for all n. However, we see that after an even num-
ber of steps
UZi — (A]Ao)iUO
and

4 0.2
A1A0=[0 0 i|,

so [|[U7|| grows like 2.
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If we iterated with either Ao or 4; alone, then U” would go rapidly to zero. But note
that these matrices are nonnormal and in either case there can be transient growth before
decay sets in. For example,

0 __ 1 0 __ 0 2770 __ 0
U _[0 = U=, | = 4U=|,,
0

= AU°= [ 0.02

i| — efc.

Beyond the first iteration there is exponential decay by a factor 0.1 each iteration since
AoU? is in the eigenspace of A corresponding to A = 0.1. But if we apply 4o only once
to U° and then apply A, we instead obtain

1 0 4
U°=[O} = A0U°=[2} = A1A0U°=[O]

Instead of decay we see amplification by another factor of 2. Moreover, the vector has been
moved by A4; out of the eigenspace it was in and into a vector that again suffers transient
growth when Ay is next applied. This couldn’t happen if 49 and A4; shared the same

eigenspaces.
One way to try to guarantee that the vectors U” generated by the process (D.78) are
uniformly bounded is to look for a single norm || - || in which

|Anll <1+ ya (D.85)

with (D.82) holding. In the simultaneously diagonalizable case considered above we can
base the norm on the joint eigenvector matrix R using Theorem C.4. Another case in which
we have stability is if the matrices A, are all normal and satisfy (D.81), for then we can
use the 2-norm.

But even if the matrices are not normal and the eigenvectors vary, if they do so slowly
enough we may be able to prove boundedness using the following theorem. Here || - ||,
is the Tj,-norm defined by (C.35) in terms of some fixed norm || - ||, and we may be able
to use the eigenvector matrix R, of each A4, for these norms, although the theorem allows
more flexibility.

Theorem D.5. Suppose that for the difference equation (D.78) we can find a sequence of
nonsingular matrices T, such that

L AnllT, <14 yn with Z?io Yj < 00,
2. |Tu|l < C, a constant independent of n, and
3. NT, Ty || < 1+ By with Z?io Bj < oo

Then |U"| is uniformly bounded for all n.

Note that the third condition is the requirement that the norm vary sufficiently slowly.
The proof can be found in [23].
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Similar considerations apply to solutions to the variable coefficient ODE
u'(t) = A@)u(r). (D.86)

If the A(¢) are simultaneously diagonalizable for all ¢, then this reduces to v'(r) = A(t)v(¢),

where v(t) = R™'u(t). Then
v;i(t) = exp (/tki(t) dt)
0

and ||u(¢)|| is uniformly boundedin ¢ if f(; o (A(7)) dt isuniformly bounded, where o (A (%))
is the spectral abscissa (D.33). (For the constant case A(¢f) = A, this requires a(4) < 0.)
If the A(¢) are not simultaneously diagonalizable, then there are examples, similar to
the Example D.3, where ||u(¢)|| may grow without bound even if all the matrices A(¢) have
eigenvalues only in the left half-plane.
For a general function A(¢) we have (D.57),

L 1)l = oA )

where w(A) is the numerical abscissa (D.50). Dividing by ||« (¢)|| gives

S toa(lu®)l) < w(40)

and integrating yields

J@)] < exp ( | w(A(z))dr) Ton (D87)

This shows that the solution u(¢) is bounded in norm for all ¢ provided that f(; w(A@))dt
is bounded above uniformly in 7.

Recall, however, that w(A4) may be positive even when the eigenvalues of A4 all have
negative real part (in the nonnormal case). So requiring, for example, w(A(¢)) < 0 for
all ¢ is akin to requiring || A»|| < 1 in the same norm for all matrices A, in the difference
equation (D.78). As in the case of the difference equation this requirement can be relaxed
by introducing the notion of a logarithmic T-norm that varies with time, and a theorem
similar to Theorem D.5 obtained for differential equations if the eigenvector matrix of A(¢)
is not varying too rapidly; see [23].

For a hint of what’s involved, suppose the matrices are all diagonalizable, A(¥) =
R(t)A(1)R™' (), and that R(z) is differentiable. Note that (R™1)(r) = —R™'(t)R'(t)R™' (1),
obtained by differentiating RR™! = I. If we set v(¢) = R™!(t)u(t) we find that

U/ — R—lu/ + (R—l)/u
=R '4Rv+ (R™')YRv (D.88)
=(A—R'R)v.
So the boundedness of v(¢) depends on the matrices A(z) — R! (t) R’ (t), and if the eigen-

vectors vary rapidly, then the latter term can lead to unbounded growth even if the eigen-
values are all in the left half-plane.



Appendix E

Partial Differential
Equations

In this appendix we briefly discuss some of the basic partial differential equations (PDEs)
that are used in this book to illustrate the development of numerical methods, and we review
the manner in which Fourier analysis can be used to gain insight into these problems.

E.1 Classification of differential equations

First we review the classification of differential equations into elliptic, parabolic, and hy-
perbolic equations. Not all PDEs fall into one of these classes, by any means, but many
important equations that arise in practice do. These classes of equations model different
sorts of phenomena, display different behavior, and require different numerical techniques
for their solution. Standard texts on partial differential equations such as Kevorkian [55]
give further discussion.

E.1.1 Second order equations

In most elementary texts the classification is given for a linear second-order differential
equation in two independent variables of the form

AUyx + buixy +cuyy +dux +euy + fu=g.
The classification depends on the sign of the discriminant,

<0 =4 elliptic,
b*—4ac{ =0 - parabolic,
>0 =4 hyperbolic,

and the names arise by analogy with conic sections. The canonical examples are the Pois-
son problem uxx + uy, = g for an elliptic problem, the heat equation u; = kuxx (with
k > 0) for a parabolic problem, and the wave equation ;; = ¢?u. for a hyperbolic prob-
lem. In the parabolic and hyperbolic case ¢ is used instead of y since these are typically
time-dependent problems. These can all be extended to more space dimensions. These
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equations describe different types of phenomena and require different techniques for their
solution (both analytically and numerically), and so it is convenient to have names for
classes of equations exhibiting the same general features. Other equations have some of
the same features, and the classification scheme can be extended beyond the second order
linear form given above. Some hint of this is given in the next few sections.

E.1.2 Elliptic equations
The classic example of an elliptic equation is the Poisson problem
Viu = f, (E.1)

where V? is the Laplacian operator and f is a given function of ¥ = (x, ) in some spatial
domain €. We seek a function u(X) in € satisfying (E.1) together with some boundary
conditions all along the boundary of 2. Elliptic equations typically model steady-state or
equilibrium phenomena, and so there is no temporal dependence (howeyver, see Section 2.16
for a counterexample). Elliptic equations may also arise in solving time-dependent prob-
lems if we are modeling some phenomena that are always in local equilibrium and equili-
brate on time scales that are much faster than the time scale being modeled. For example,
in “incompressible” flow the fast acoustic waves are not modeled and instead the pressure
is computed by solving a Poisson problem at each time step which models the global effect
of these waves.

Elliptic equations give boundary value problems where the solution at all points must
be simultaneously determined based on the boundary conditions all around the domain.
This typically leads to a very large sparse system of linear equations to be solved for the
values of U at each grid point. If an elliptic equation must be solved in every time step of a
time-dependent calculation, as in the examples above, then it is crucial that these systems
be solved as efficiently as possible.

More generally, a linear elliptic equation has the form

Lu = f, (E.2)

where L is some elliptic operator. For our purposes we will consider only constant coeffi-
cient second order operators, which in N space dimensions have the form

L= Z Af"ax] +ZB]a (E3)

Jj.k=1

where the 4, B, C are real numbers. Note that since Bzu/ij oxy = 32u/3xk3xj, we
can always choose the N x N matrix 4 defined by the second order term to be symmetric.
This operator is said to be elliptic if 4 is positive definite or negative definite, as defined in
Section C.4. This means that v Av has the same sign for all nonzero vectors v € RY and
cannot pass through zero. This can be shown to ensure that the boundary value problem
(E.2) has a unique solution. For an indication of why this is true, see Section E.3.5.

In two space dimensions writing the matrix as

A:[bc/lz bﬁz]
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E.1. Classification of differential equations 313

and considering when this matrix is definite, we find that the operator is elliptic if b —
4ac < 0, as in the classification of the previous section.

For the Laplacian operator V2u, A is the N x N identity matrix and so this is an
elliptic operator. Note that in one space dimension V2u reduces to u”(x) and the problem
(E.1) is the 2-point boundary value problem considered in Chapter 2.

E.1.3 Parabolic equations

If L is an elliptic operator with a positive definite A, then the time-dependent equation
ur=Lu—f (E4)

is well posed (see Section E.3.5) and is called parabolic. If L = V? is the Laplacian, then
(E.4) is known as the heat equation or diffusion equation and models the diffusion of heat
in a material, for example.

Now u(X,?) varies with time and we require initial data u(X, 0) for every X € Q
as well as boundary conditions around the boundary at each time ¢ > 0. If the boundary
conditions are independent of time, then we might expect the heat distribution to reach a
steady state in which u is independent of 7. We could then solve for the steady state directly
by setting #; = 0 in (E.4), which results in the elliptic equation (E.2).

Marching to steady state by solving the time-dependent equation (E.4) numerically
would be one approach to solving the elliptic equation (E.2), but this is typically not the
fastest method if all we require is the steady state.

E.1.4 Hyperbolic equations

Rather than discretizing second order hyperbolic equations such as the wave equation
U = Uy, we will consider a related form of hyperbolic equations known as first order
hyperbolic systems. The linear problem in one space dimension has the form

Uy + Au, =0, (E.5)

where u(x, ¢) € R® and A is an s x s matrix. The problem is called hyperbolic if A has real
eigenvalues and is diagonalizable, i.e., has a complete set of linearly independent eigen-
vectors. These conditions allow us to view the solution in terms of propagating waves, and
indeed hyperbolic systems typically arise from physical processes that give wave motion
or advective transport. This is explored more in Section 10.10.
The simplest example of a hyperbolic equation is the constant-coefficient advection
equation
Uy + auy = 0, (E.6)

where u is the advection velocity. The solution is simply u(x, t) = u(x — at, 0), so any u
profile simply advects with the flow at velocity a.

As a simple example of a linear hyperbolic system, the equations of linearized acous-
tics arising from elasticity or gas dynamics can be written as a first order system of two
equations in one space dimension as
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RN R =

in terms of pressure and velocity perturbations, where py is the background density and «
is the “bulk modulus” of the material. Note that if we differentiate the first equation with
respect to ¢, the second with respect to x, and then eliminate ux; = u;x, we obtain the
second order wave equation for the pressure:

2
Pt = C Pxx,

where
¢ = +ko/po

is the speed of sound in the material.
Often hyperbolic equations arise most naturally as first order systems, as motivated
in the next section, and we consider only this formulation.

E.2 Derivation of partial differential equations from
conservation principles

Many physically relevant partial differential equations can be derived based on the principle
of conservation. We can view u(x,t) as a concentration or density function for some
substance or chemical that is in dilute suspension in a liquid, for example. Basic equations
of the same form arise in many other applications, however. The material presented here
is meant to be a brief review, and much more complete discussions are available in many
sources. See, for example, [55], [61], [66], [102].

A reasonable model to consider in one space dimension is the concentration or den-
sity of a contaminant in a stream or pipe, where the variable x represents distance along the
pipe. The concentration is assumed to be constant across any cross section, so that its value
varies only with x. The density function u(x, ¢) is defined in such a way that integrating
the function u(x, ¢) between any two points x; and x» gives the total mass of the substance
in this section of the pipe at time #:

X2
Total mass between x; and x, attime t = / u(x,t)dx.
X1

The density function in measured in units such as grams/meter. (Note that this u really
represents the integral over the cross section of the pipe of a density function that is properly
measured in grams/meter?.)

The basic form of differential equation that models many physical processes can be
derived in the following way. Consider a section x; < x < x, and the manner in which || ;1 2
u(x,t)dx changes with time. This integral represents the total mass of the substance in
this section, so if we are studying a substance that is neither created nor destroyed within
this section, then the total mass within this section can change only due to the flux or flow
of particles through the endpoints of the section at x; and x,. This flux is given by some
function f* which, in the simplest case, depends only on the value of u at the corresponding
point.
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E.2. Derivation of partial differential equations from conservation principles 315

E.2.1 Advection

If the substance is simply carried along (advected) in a flow at some constant velocity «,
then the flux function is

f(u) = au. (E.8)

The local density u(x,?) (in grams/meter, say) multiplied by the velocity (in meters/sec,
say) gives the flux of material past the point x (in grams/sec).
Since the total mass in [x1, x2] changes only due to the flux at the endpoints, we have

%/ 2 u(x,t)dx = f(u(xy,t)) — f(u(xz,1)). (E.9)

The minus sign on the last term comes from the fact that f is, by definition, the flux to the
right.
If we assume that # and f are smooth functions, then this equation can be rewritten
as
d [*2 *2 9
— / u(x,t)dx = / — f(u(x,1)) dx
dt Jy, x, O0x
or, with some further modification, as

/}:2 [%u(x,t) + %f(u(x,t))} dx = 0.

Since this integral must be zero for all values of x; and X3, it follows that the integrand
must be identically zero. This gives, finally, the differential equation

0 0
Eu(x,t) + Ef(u(x,t)) =0. (E.10)

This form of equation is called a conservation law.

For the case considered in Section E.2.1, f(#) = au with a constant and this equa-
tion becomes the advection equation (E.6). This equation requires initial conditions and
possibly also boundary conditions in order to determine a unique solution. The simplest
case is the Cauchy problem on —oo < x < oo (with no boundary), also called the pure
initial value problem. Then we need only to specify initial data

u(x,0) = n(x). (E.11)

Physically, we would expect the initial profile of 7 to simply be carried along with the flow
at speed a, so we should find
u(x,t) = n(x — at). (E.12)

It is easy to verify that this function satisfies the advection equation (E.6) and is the solution
of the PDE.
The curves
X = X9 +at

through each point x at time O are called the characteristics of the equation. If we set

Ut) = u(xo +at,t)
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then

U'(t) = aux(xo + at, t) + us(xo + at, )
=0

using (E.6). Along these curves the PDE reduces to a simple ordinary differential equation
(ODE) U’ = 0 and the solution must be constant along each such curve, as is also seen
from the solution (E.12).

E.2.2 Diffusion

Now suppose that the fluid in the pipe is not flowing and has zero velocity. Then according
to the above equation, #; = 0 and the initial profile n(x) does not change with time. How-
ever, if 77 is not constant in space then in fact it will tend to slowly change due to molecular
diffusion. The velocity a should really be thought of as a mean velocity, the average veloc-
ity that the roughly 10?3 molecules in a given drop of fluid have. But individual molecules
are bouncing around in different directions and so molecules of the substance we are track-
ing will tend to get spread around in the ambient fluid, just as a drop of ink spreads in water.
There will tend to be a net motion from regions where the density is large to regions where
it is smaller, and in fact it can be shown that the flux (in one dimension) is proportional to
—uy. The flux at a point x now depends on the value of u, at this point, rather than on the
value of u, so we write

Sux) = —«kux, (E.13)

where « is the diffusion coefficient. The relation (E.13) is known as Fick’s law. Using this
flux in (E.10) gives
U = Klxx, (E.14)

which is known as the diffusion equation.

This equation is also called the heat equation since heat diffuses in much the same
way. In this case u(x, t) represents the density of thermal energy, which is proportional to
the temperature. The proportionality factor is the heat capacity of the material, which we’ll
take to be the value 1 (with suitable units) so that # can also be viewed as the temperature.
The one-dimensional equation models the conduction of heat in a rod. The heat conduction
coefficient k¥ depends on the material and how well it conducts heat. The relation (E.13)
is known as Fourier’s law of heat conduction, which states more generally that the flux of
thermal energy is proportional to the temperature gradient.

In some problems the diffusion coefficient may vary with x, for example, in a rod
made of a composite of different materials. Then f = —k(x)u, and the equation becomes

ur = (K(X)Ux)x-

Returning to the example of fluid flow, more generally there would be both advection
and diffusion occurring simultaneously. Then the flux is f(u, ux) = au — kuy, giving the
advection-diffusion equation

U + AUy = Kl xx. (E.15)

The diffusion and advection-diffusion equations are examples of the general class of
PDEs called parabolic.
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E.2.3 Source terms

In some situations f;lz u(x,t)dx changes due to effects other than flux through the end-
points of the section, if there is some source or sink of the substance within the section.
Denote the density function for such a source by ¥ (x,#). (Negative values of y corre-
spond to a sink rather than a source.) Then the equation becomes

d X2 X2 a X2
—/ u(x,t)dx = —/ — f(u(x,1)) dx +/ Y(x,t)dx.
dl X1 X1 ax X1
This leads to the PDE

ur(x, 1) + fu(x,0)x = y(x,1). (E.16)

For example, if we have heat conduction in a rod together with an external source of heat
energy distributed along the rod with density i, then we have

Uy = Kuxx + V.

In some cases the strength of the source may depend on the value of u. For example, if the
rod is immersed in a liquid that is held at constant temperature u¢, then the flux of heat into
the rod at the point (x, ¢) is proportional to uo — u(x, ¢) and the equation becomes

Ur(x,t) = Kiyx(x, 1) + a(ug —u(x,t)).

E.2.4 Reaction-diffusion equations

One common form of source term arises from chemical kinetics. If the components of
u € R’ represent concentrations of s different species reacting with one another, then the
kinetics equations have the form u; = R(u), as described in Section 7.4.1. This assumes
the different species are well mixed at all times and so the concentrations vary only with
time. If there are spatial variations in concentrations, then these equations may be combined
with diffusion of each species. This would lead to a system of reaction-diffusion equations
of the form

Uy = Kixx + R(u). (E.17)

The diffusion coefficient could be different for each species, in which case x would be a
diagonal matrix instead of a scalar. This generalizes to more space dimensions by replacing
Uxx by V2u, the Laplacian of u.

Advection terms might also be present if the reactions are taking place in a flowing
fluid. More generally the reaction-diffusion equations may be coupled with nonlinear equa-
tions of fluid dynamics, which may themselves contain both hyperbolic terms and parabolic
viscous terms.

E.3 Fourier analysis of linear partial differential equations

For linear PDEs, Fourier analysis is often used to obtain solutions or perform theoreti-
cal analysis. This is because the functions e’6* = cos(£x) + i sin(£x) are essentially'

'0n a periodic domain. For the Cauchy problem these functions are not L2 functions and so strictly speaking
are not called eigenfunctions, but this is unimportant for our purposes.
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eigenfunctions of the differentiation operator 9, = %. Differentiating this function gives
a scalar multiple of the function, and hence simple differential equations (linear constant
coefficient ones, at least) are simplified and can be reduced to algebraic equations.

Fourier analysis is equally important in the study of finite difference methods for
linear PDEs for the same reason: these same functions are eigenfunctions of translation
invariant finite difference operators. This is exploited in Sections 9.6 and 10.5, where von
Neumann stability analysis of finite difference methods is discussed. An understanding of
Fourier analysis of PDEs is also required in Section 10.9, where finite difference methods
are analyzed by studying “modified equations.”

E.3.1 Fourier transforms

Recall that a function v(x) is in the space L? if it has a finite 2-norm, defined by

00 1/2
||U||2=(/_ |v(x>|2dx) .

If v € L2, then we can define its Fourier transform 9(£) by

0(¢) = v(x)e ¥ dx. (E.18)

1 oo
V2w /;oo
The function #(£) is also in L? and in fact it has exactly the same 2-norm as v,

[9]l2 = [lv]|2. (E.19)

This is known as Parseval’s relation.

We can express the original function v(x) as a linear combination of the set of func-
tions e’¢* for different values of £, which together form a basis for the infinite dimensional
function space L2. The Fourier transform 9(£) gives the coefficients in the expression

1 o :
—= / (&)e’ dE, (E.20)
kY 21 J—o0
which is known as the inverse Fourier transform. This is analogous to writing a vector as a
linear combination of basis vectors.

v(x) =

E.3.2 The advection equation

We already know the solution (E.12) to the advection equation (E.6), but to illustrate the
role of Fourier analysis we will solve the advection equation #; + au, = 0 using Fourier
transforms. We will transform in x only and denote the transform of u(x, ¢) (a function of
x at each fixed 1) by u(&, 1):

h(E, 1) = «/%/_Z u(x, 1)e €% dx. (E21)
Then . ~
u(x, 1) = Nir: /_ N 0(E, 1) de (E.22)

and differentiating this with respect to ¢ and x gives
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E.3. Fourier analysis of linear partial differential equations 319
1 0 :
ur(x,t) = E/_w (&, 1)e™®* dx,
1 o .
Ux(x,1) = E/_m 0(E, 1)iEe’®* dx.

From this we see that the Fourier transform of u, (x, t) is i, (£, t) and the Fourier transform
of uy(x,t)isi&u(&, t). Fourier transforming the advection equation by computing

1 o0 .
«/T/ (us + aux)e_'sx dx =0
T J—o00

r(E,t) +aiknE, 1) =0

thus gives

or
12[ = —lé‘-aﬁ

This is a time-dependent ODE for the evolution of # (€, ) in time. There are two important

points to notice:

e Since differentiation with respect to x has become multiplication by i £ after Fourier
transforming, the original PDE involving derivatives with respect to x and ¢ has
become an ODE in ¢ alone.

e The ODEs for different values of £ are decoupled from one another. We have to solve
an infinite number of ODEs, one for each value of &, but they are decoupled scalar
equations rather than a coupled system.

It is easy to solve these ODEs. We need initial data #(£, 0) at time ¢ = 0 for each
value of &, but this comes from Fourier transforming the initial data u(x, 0) = n(x),

U, 0) =nE¢) = n(x)e ¥ dx.

1 o0
V2 /;oo
Solving the ODEs then gives _

(1) = eTHH(E). (E23)

We can now Fourier transform back using (E.22) to get the desired solution u(x, ):

1 0o . .

) = —= | ettieetag

1 o0 .

= o= [ i ag
= n(x —at).

This last equality comes from noting that we are simply evaluating the inverse Fourier
transform of # at the point x — at. We see that we have recovered the standard solution
(E.12) of the advection equation in this manner.

We can also calculate the “Green’s function” for the advection equation, the solution
to u; + au, = 0 with special initial data n(x) = §(x — X). The solution is clearly
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G(x,t;X) = 8(x — X —at). (E.24)

The general solution for arbitrary n(x) can be written as a linear combination of these
Green’s functions, weighted by the data:

u(x,t) = /oo n(x)G(x,t;x)dx

(o 9)
o0
- / N(E)S(x — % —at) dx (E.25)
—o0
= n(x —at).
E.3.3 The heat equation
Now consider the heat equation,
Uy = KlUxx. (E.26)
Since the Fourier transform of u (x, ) is (1£)?#(£, t) = —£20(&, t), Fourier transforming
(E.26) gives the ODE
i1y (§.0) = —«&*0(§.1). (E27)

Again we have initial data (&, 0) = 7(£) from the given initial data on #. Now solving the
ODE gives

A, 1) = e FERE). (E.28)

Note that this has a very different character than (E.23), the Fourier transform obtained from
the advection equation. For the advection equation, #(£,7) = e’®€'f(£) and |4 (£,1)| =
[7(€)] for all ¢. Each Fourier component maintains its original amplitude and is modified
only in phase, leading to a traveling wave behavior in the solution.

For the heat equation, however, |i(&, 7)| decays in time exponentially fast. The decay
rate depends on «, the diffusion coefficient, and also on &, the wave number. Highly oscil-
latory components (with £2 large) decay much faster than those with low wave numbers.
This results in a smoothing of the solution as time evolves. (See Figure 9.3.)

The fact that the solution contains components that decay at very different rates leads
us to expect numerical difficulties with stiffness, similar to those discussed for ODEs in
Chapter 8. In Section 9.4 we will see that this is indeed the case and that implicit methods
must generally be used to efficiently solve the heat equation.

A single Fourier mode decaying exponentially in time is one special solution to the
heat equation. Another class of special solutions that is useful to know about arises from
Gaussian initial data. The Fourier transform of a Gaussian is another Gaussian. Take

n(x) = e P (E.29)

for some 8. Then

1 © 2
~ _ —Bx= Jikx

= — e e ¥ dx
(&) o /_ N
=L eep

/2B

(E.30)
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Then (E.22) combined with (E.28) gives the solution

1 o0 > X
_ —kE“t iEx
ulx,t) = — e et d
0= /_oo N E3D)
1 o0 X .
_ / e—gz(m+1/4ﬁ)ezgx dE.
2 7'[,3 —00

This is just the inverse Fourier transform of another Gaussian, with e~§2/4C i place of
e~§%/4B where C = 1/(4xt + 1/B), and so

u(x, 1) = \/ge—sz
(E.32)

1 X2/ Gkt +1/B)

JABki + 1

As ¢ increases this Gaussian becomes more spread out and the magnitude decreases, as
we expect from diffusion. You can check that (E.32) solves the heat equation directly by
differentiating.

Note what happens if we shift the initial data to a different location,

n(x) = e BE—?, (E.33)

Then the solution simply shifts too,

u(x,1) = B Rt} (E.34)

JABki + 1

As a special case we can find the Green’s function for the heat equation. Scale the
data (E.33) by v/ 8/7 so that it has integral equal to 1 and represents a smeared out version

of the delta function, setting
vp(x,0; %) = 4/ B sz, (E.35)
b4

The solution to (E.26) with this data is then
1

Varkt +7/B

Now let B — 0 so the initial data approaches a delta function. The solution vg(x, ;) then
approaches the Green’s function for (E.26),

vp(x.137) = e~ (x=%)?/ (4wt +1/B) (E.36)

1 _
G(x,1;%) = JT—Kze_(x_X)Z/ (4ct) (E.37)

Delta function initial data spreads out into a decaying Gaussian. Note that initial data
concentrated at a single point (an idealization of a very tiny drop of ink in water, say)
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spreads out immediately to have a nonzero value for all x. More generally if we look at the
solution for general initial data by integrating 1(x) against the Green’s function, we see that
the data at each x immediately have an effect everywhere. Thus information propagates
infinitely quickly in the heat equation. This is quite different from the advection equation,
where the data at x affect the solution at only one point X 4+ af at a later time 7.

Of course physically information cannot propagate at infinite speed, and the discrep-
ancy with the behavior of the heat equation simply shows that the heat equation is only a
model of reality, and one that is not exactly correct. But note that away from the point x
the effect decays very rapidly and so this is often a very accurate model of reality.

E.3.4 The backward heat equation

Note that the diffusion coefficient « is required to be positive (because heat flows from
warm to cool regions, not the other way around). Mathematically we could consider trying
to solve the equation (E.26) with ¥ < 0 but this equation turns out to be ill-posed® One
way to interpret this physically is to view it as solving the heat equation with coefficient
—k > 0 backward in time, starting at some final heat distribution and working backward
to the heat distribution at earlier times. Intuitively this can be seen to be ill-posed be-
cause many different sets of initial data can give rise to very similar solutions at later times
since any high-frequency components in initial data for the heat equation are very rapidly
smoothed out. We can formally solve the backward heat equation in Fourier space with the
expression (E.28), but for k < 0 each Fourier mode is growing exponentially in time in-
stead of decaying. Exponential growth in itself doesn’t make the problem ill posed—many
well-posed equations have exponentially growing solutions—but the problem with (E.28)
is that the growth rate depends on the wave number £ and increases without bound with &.
We can make an infinitesimal high-frequency perturbation to the initial data that will make
an order 1 change in the solution at some fixed time 7. Hence the solution to the backward
heat equation does not depend continuously on the data.

E.3.5 More general parabolic equations

Consider a second order parabolic equation #; = Lu in N space dimensions as defined in
Section E.1.3. For simplicity, just consider the second order part of the system, so

N 32
L= Ajfpg———, E.38
j;l ik 0xj0xg (E-38)

where the N x N coefficient matrix A is symmetric positive definite. Let § = (&1, ..., &n)
be a wave number vector, one for each space dimension, so that a general Fourier mode has
the form e*¢*, where x = (x1, ..., xn). Let @(&, t) be the Fourier transform of u(x, t)
in all space dimensions, defined by

h(E, 1) = u(x, )e €% dx, (E.39)

: /
V2

2 A problem is said to be well posed (in the sense of Hadamard) if it has a unique solution for every valid set
of data and if the solution depends continuously on the data.
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where the integral is now over all of NV -dimensional space. Then it can be verified that the
parabolic equation u; = Lu transforms to

(1) = —ET AE Q. 1). (E.40)

The requirement that A be positive definite is just what is needed to ensure that all Fourier
modes decay, giving a well-posed problem. If €7 A£ < 0 for some vector &, then it is also
negative for any scalar multiple a§ of this wave vector, and there would be exponential
growth of some Fourier modes with arbitrarily large growth rate a2£7 A£. As observed for
the backward heat equation, this would give an ill-posed problem. (For the heat equation
with N = 1, the matrix A is just the scalar coefficient «.)

E.3.6 Dispersive waves

Now consider the equation
Ur = Uxxx- (E41)

Fourier transforming now leads to the ODE

"Att(‘i:’ l) = _l§3ﬁ(§v l)v

SO \

A —] A

i(g.1) = e IH(E).
This has a character similar to advection problems in that |#(&, )| = |7(§)| for all time and
each Fourier component maintains its original amplitude. However, when we recombine
with the inverse Fourier transform we obtain

u(x,t) = A(E)eE—E0 g (E.42)

1 o0
7 L
which shows that the Fourier component with wave number £ is propagating with velocity
£2. In the advection equation all Fourier components propagate with the same speed a, and
hence the shape of the initial data is preserved with time. The solution is the initial data
shifted over a distance at.

With (E.41), the shape of the initial data in general will not be preserved, unless the
data is simply a single Fourier mode. This behavior is called dispersive since the Fourier
components disperse relative to one another. Smooth data typically lead to oscillatory
solutions since the cancellation of high wave number modes that smoothness depends on
will be lost as these modes shift relative to one another. See, for example, Whitham [102]
for an extensive discussion of dispersive waves.

Extending this analysis to an equation of the form

U +auyx + buyxy =0, (E.43)

we find that the solution can be written as

u(x, 1) = fi(€)e E = @=bEND g

N
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where (&) is the Fourier transform of the initial data 7(x). Each Fourier mode ¢** prop-
agates at velocity a — b£2, called the phase velocity of this wave number. In general the
initial data (x) is a linear combination of infinitely many different Fourier modes. For
b # 0 these modes propagate at different speeds relative to one another. Their peaks and
troughs will be shifted relative to other modes and they will no longer add up to a shifted
version of the original data. The waves are called dispersive since the different modes
do not move in tandem. Moreover, we will see below that the “energy” associated with
different wave numbers also disperses.

E.3.7 Even- versus odd-order derivatives

Note that odd-order derivatives 0, 3)36, ... (as in the advection equation or the dispersive
equation (E.41)) have pure imaginary eigenvalues i§, —i£*, ..., which results in Fourier
components that propagate with their magnitude preserved. Even-order derivatives, such
as the 02 in the heat equation, have real eigenvalues (—&? for the heat equation), which

results in exponential decay of the eigencomponents. Another such equation is

U = —Uxxxx

in which case #(,1) = e—E 71(£). Solutions to this equation behave much like solutions
to the heat equation but with even more rapid damping of oscillatory data.
Another interesting example is

U = —Uxx — Uxxxx, (E.44)

for which -
a(E, 1) = eEE5(¢). (E.45)

Note that the ux, term has the “wrong” sign—it looks like a backward heat equation and
there is exponential growth of some wave numbers. But for |§] > 1 the fourth order
diffusion dominates and #(£,¢) — 0 exponentially fast. For all & we have |a(, )| <
e!/*7(€)| (since £2 — £* < 1/4 for all £) and the equation is well posed.

The Kuramoto—Sivashinsky equation (11.13) involves terms of this form, and the
exponential growth of some wave numbers leads to chaotic behavior and interesting pattern
formation.

E.3.8 The Schrodinger equation

The discussion of the previous section supposed that #(x, ¢) is a real-valued function. The
vacuum Schrodinger equation for a complex wave function v (x, ¢) has the form (dropping
some physical constants)

iYe(x,1) = —Yxx (x,1). (E.46)

This involves a second derivative, but note the crucial fact that ¥, is multiplied by . Fourier
transforming thus gives

iV, 1) = E2 (&, 1),
SO

V(E 1) = e E1Y(E,0)
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and

__ L[ i€ (x—(a—E)1)
Vo) = o= / .0 dt.

Hence the Schrodinger equation has dispersive wavelike solutions in spite of the even-order
derivative.

E.3.9 The dispersion relation

Consider a general real-valued PDE of the form
Ur + a1ux + a3lixxx + Astxxxxx +- =10 (E.47)

that contains only odd-order derivative in x. The Fourier transform # (&, t) satisfies

OiE 1) 4+ aiEn(E, 1) —aszi€30(E, t) + asiE3G(E 1) +--- =0,
and hence
a 1) = e (),

where

w=w) =a§—a€ +as& —--. (E.48)
The solution can thus be written as

L [(Ex—w(®)0)
u(x,t) = n(E)et's*—® dg. (E.49)
== [ i ¢

The relation (E.48) between & and w is called the dispersion relation for the PDE. Once
we’ve gone through this full Fourier analysis a couple times we realize that since the differ-
ent wave numbers & decouple, the dispersion relation for a linear PDE can be found simply
by substituting a single Fourier mode of the form

u(x, 1) = e 11X (E.50)

into the PDE and canceling the common terms to find the relation between w and &. This
is similar to what is done when applying von Neumann analysis for analyzing finite dif-
ference methods (see Section 9.6). In fact, there is a close relation between determining
the dispersion relation and doing von Neumann analysis, and the dispersion relation for a
finite difference method can be defined by an approach similar to von Neumann analysis
by setting U]T‘ = e~fonkpi&jh e using e*®k in place of g.

Note that this same analysis can be done for equations that involve even-order deriva-
tives, such as

Ur + arux + artixx + Aslixxx + dalixxxx +--- =0,
but then we find that

wE) = a1 +iarE* —azE> —iasEt —- - .
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The even-order derivatives give imaginary terms in w(&) so that

eior — 6(0252—04544-'")’ ei(015—03$3+"')t‘
The first term gives exponential growth or decay, as we expect from Section E.3.3, rather
than dispersive behavior. For this reason we call the PDE (purely) dispersive only if w(§)
is real for all §& € R. Informally we also speak of an equation like u; = Uxx + Uxxx aS
having both a diffusive and a dispersive term.

In the purely dispersive case (E.47) the single Fourier mode (E.50) can be written as

u(x,1) = e (x—(w/8)1)

and so a pure mode of this form propagates at velocity w/&. This is called the phase velocity
for this wave number,
w(é)

cp§) = T (E51)

Most physical problems have data 7(x) that is not simply sinusoidal for all x € (—o0, 00)
but instead is concentrated in some restricted region, e.g., a Gaussian pulse as in (E.29),

n(x) = e P (E.52)

The Fourier transform of this function is a Gaussian in &, (E.30),

1
V2B
Note that for 8 small, 7(x) is a broad and smooth Gaussian with a Fourier transform that
is sharply peaked near & = 0. In this case n(x) consists primarily of low wave number
smooth components. For B large 1(x) is sharply peaked while the transform is broad.
More high wave number components are needed to represent the rapid spatial variation of
1n(x) in this case.

If we solve the dispersive equation with data of this form, then the different modes
propagate at different phase velocities and will no longer sum to a Gaussian, and the so-
lution evolves as shown in Figure E.1, forming “dispersive ripples.” Note that for large
times it is apparent that the wave length of the ripples is changing through this wave and
that the energy associated with the low wave numbers is apparently moving faster than the
energy associated with larger wave numbers. The propagation velocity of this energy is
not, however, the phase velocity ¢, (£). Instead it is given by the group velocity

dw(§)
c = —, E.54
¢ (&) dE (E.54)
For the advection equation u; +au, = 0 the dispersion relation is w(£) = aé and the group
velocity agrees with the phase velocity (since all waves propagate at the same velocity a),
but more generally the two do not agree. For the dispersive equation (E.43), w(§) =
at — bg? and we find that

nE) = e E4B (E.53)

Cg(é:) =a— 3b§2’
whereas

cp(§) = a—bE.
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Figure E.1. Gaussian initial data propagating with dispersion.

E.3.10 Wave packets

The notion and importance of group velocity is easiest to appreciate by considering a “wave
packet” with data of the form

n(x) = eifox=Bx? (E.55)

or the real part of such a wave,

n(x) = cos(Eox)e P, (E.56)

This is a single Fourier mode modulated by a Gaussian, as shown in Figure E.2.
The Fourier transform of (E.55) is

1
NGy

a Gaussian centered about & — &. If the packet is fairly broad (8 small), then the Fourier
transform is concentrated near £ = &; and hence the propagation properties of the wave
packet are well approximated in terms of the phase velocity ¢, (&) and the group velocity
cg(£). The wave crests propagate at the speed c¢,(£o), while the envelope of the packet
propagates at the group velocity cg(&o).

To get some idea of why the packet propagates at the group velocity, consider the
expression (E.49),

(§) = e G801, (EST)

u(x, 1) = E)e" 00 dg.

=l
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Figure E.2. The oscillatory wave packet satisfies the dispersive equation u; +
auy + buxxx = 0. Also shown is a black dot attached to one wave crest, translating at
the phase velocity cp (o), and a Gaussian that is translating at the group velocity cg(£o).
Shown for a case in which cg(&0) < 0 < ¢p(&o).

For a concentrated packet, we expect u(x, ¢) to be very close to zero for most x, except
near some point cf, where ¢ is the propagation velocity of the packet. To estimate ¢ we
will ask where this integral could give something nonzero. At each fixed x the integral is a
Gaussian in & (the function 7(&¢)) multiplied by an oscillatory function of £ (the exponential
factor). Integrating this product will given essentially zero at a particular x provided the
oscillatory part is oscillating rapidly enough in £ that it averages out to zero, although it is
modulated by the Gaussian 77(€). This happens provided the function £x — w ()¢ appearing
as the phase in the exponential is rapidly varying as a function of £ at this x. Conversely,
we expect the integral to be significantly different from zero only near points x where this
phase function is stationary, i.e., where

dié@x — @) = 0.

This occurs at
x =o' ),

showing that the wave packet propagates at the group velocity ¢, = ’(). This approach
to studying oscillatory integrals is called the “method of stationary phase” and is useful in
other applications as well. See, for example, [55], [102] for more on dispersive waves.
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A-conjugate directions, 83

A-stability, 171

A(a)-stability, 171

absolute error, 245

absolute stability, 149

for systems of equations, 156

absolute stability region, see stability re-
gions

absorbing boundary conditions, 229

acoustic waves, 201, 313

Adams—Bashforth methods, 131

Adams—Moulton methods, 132

adaptive meshes, 51

advection equation, 201, 313, 315, 318

advection-diffusion equation, 234

advection-diffusion-reaction equation, 234,
239

amplification factor, 194, 212

Arnoldi process, 96

artificial boundary condition, 227

backward differentiation formula (BDF)
method, 121, 173
backward Euler method, 120
backward heat equation, 198, 322
Beam—Warming method, 212, 214
Bi-CGSTAB (bi-conjugate gradient sta-
bilized) algorithm, 100
big-oh notation, 247
boundary conditions, 14
at outflow boundaries, 228
Dirichlet, 14
for fractional step methods, 239
for LOD method, 198
Neumann, 29
boundary layers, 43
boundary locus method, 162

337

boundary value problems (BVPs), 13, 59
higher order methods, 52
nonlinear, 37
with variable coefficients, 35

Burgers’ equation, 234

BVP, see boundary value problems

Cauchy integral formula, 286
Cauchy problem, 315
centered approximation, 4
CFL (Courant—Friedrich-Lewy) condition,
215
CG, see conjugate-gradient algorithm
characteristic polynomial, 133, 269,
291
characteristic tracing, 214
characteristic variables, 224
Chebyshev
extreme points, 57, 231, 265
polynomials, 57, 265
roots, 267
spectral method, 57
Chebyshev polynomials, 92, 176
chemical kinetics, 157, 167
circulant matrix, 275
CLAWPACK, 201
collocation method, 55
compact methods, 230
companion matrix, 290, 296
condition number, 250
and preconditioners, 93
of discrete Laplacian, 64
of eigenvector matrix, 287

conjugate-gradient (CG)  algorithm,
86

conservation laws, 234, 314

consistency

2007/6/1
page 337

e



338

Index

of LMMs, 133
for boundary value problem, 19
for PDEs, 184
continuation method, 52
convergence, 189
for boundary value problem, 19
for initial value problem, 137
for PDEs, 184
Courant number, 216, 225
Crank—Nicolson method, 182

Dahlquist theorem, 147
Dahlquist’s second barrier, 171
defective matrix, 270

deferred corrections, 54, 65
delta function, 23

descent methods, 78
diagonalizable matrix, 271
diffusion, 316

diffusion equation, 181; see also heat equa-

tion

Dirichlet boundary conditions, 14, 60
discontinous coefficients, 231
dispersion relation, 221, 325

for leapfrog, 223
dispersive waves, 221, 323
domain of dependence, 216
Duhamel’s principle, 115, 138, 240

discrete form, 139

eigendecomposition, 271
eigenfunctions, 22
eigengridfunction, 192
eigenvalues, 269
of discrete Laplacian, 63
of Toeplitz matrix, 275
of tridiagonal system, 21
elliptic equations, 59, 311, 312
elliptic operator, 312
ETD, see exponential time differencing
method
Euler’s method, 120
convergence, 138
existence and uniqueness, 116
for boundary value problem, 32
for nonlinear problem, 40

exponential time differencing method (ETD),

200, 231, 240
extrapolation methods, 53

fast Fourier transform (FFT), 58, 266
fast Poisson solvers, 68
fdcoeffF, 11, 56
fdcoeffV, 11, 53, 230
FFT, see fast Fourier transform
field of values, 300
finite volume methods, 231
Fourier analysis of PDEs, 317
Fourier transform, 318

of Gaussian, 320
fractional step methods, 237
function space norms, 250
fundamental theorem, 20

Gauss—Seidel iteration, 70
Gaussian elimination, 66, 67
Gershgorin theorem, 277
global error, 17, 18, 28
GMRES algorithm, 96
Green’s function
for advection equation, 319
for boundary value problem, 22, 27
for heat equation, 321
grid functions, errors in, 249
group velocity, 221, 228, 326

hat function, 23

heat equation, 13, 24, 181, 316, 320
with Gaussian data, 320

Hermitian matrix, 273

homotopy method, 52

hyperbolic equations, 201, 311, 313

hyperbolic systems, 224, 313

ill-posed problem, 29

ILU (incomplete LU) preconditioner, 96
implicit-explicit (IMEX) methods, 239
incomplete Cholesky, 96

initial boundary value problems, 226
initial value problem (IVP), 113
inner-product norms, 279, 281

interior layers, 46
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internal stability, 179
interpolation, 259

Newton form, 260
irreducible matrix, 279
iterative methods, 66, 69
IVP, see initial value problem

Jacobi iteration, 69, 103
underrelaxed, 106

Jacobian matrix, 39

Jordan block, 272, 304
exponential of, 294
powers of, 289

Jordan canonical form, 271

KdV (Korteweg—deVries) equation, 235
Kinetics, see Chemical kinetics
Kreiss constant, 292

for matrix exponential, 299
Kreiss matrix theorem, 190, 293, 304
Krylov space algorithms, 88, 96, 242
Kuramoto—Sivashinsky equation, 235, 324

L-stability, 171, 200
Lanczos iteration, 100
Laplace’s equation, 60
Laplacian, 313
5-point stencil, 60
9-point stencil, 64
Lax equivalence theorem, 184, 189
Lax—Friedrichs method, 206
Lax—Richtmyer stability, 189, 205
Lax—Wendroff method, 207
in two dimensions, 236
leapfrog method, 121, 205
Legendre polynomial, 231, 264
linear difference equations, 144, 290
linear multistep methods (LMMs), 131,
173
Lipschitz constant, 118
Lipschitz continuity, 116
little-oh notation, 247
LMM, see linear multistep methods
local truncation error (LTE), 5, 17, 63
for advection equation, 206
for Crank—Nicolson, 183

for initial value problem, 121
for LMMs, 132
for nonlinear problem, 41
locally one-dimensional (LOD) method,
197,237
LOD, see locally one-dimensional
logarithmic norm, 300
LTE, see local truncation error

matrix exponential, 101, 293
matrix norms, 250
matrix powers, 285, 297
maximum principle, 36
method of lines, 184
for advection equation, 203
for heat equation, 184
for mixed equations, 235
method of undetermined coefficients, 7
midpoint method, 121
mixed equations, 233
modified equations, 218
MOL, see method of lines
multidimensional problems, 233
heat equation, 195
multigrid algorithm, 103
algebraic multigrid, 110

nested dissection, 68

Neumann boundary conditions, 29
Newton’s method, 38
Newton—Krylov methods, 101
nonnormal matrix, 169, 296
nonuniform grids, 49

norm equivalence, 249, 252
normal matrix, 274

norms, 16

numerical abscissa, 300
numerical boundary condition, 227
numerical range, 300

numerical solutions, errors in, 252
Nystrom methods, 132

ODEgs, see ordinary differential equations
one-sided approximations, 210
one-step error, 122
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Index

one-step methods, 121, 138
versus multistep methods, 130
order of accuracy, 4
order stars, 164, 171
ordering equations in linear system, 34,
61
ordinary differential equations (ODEs)
initial value problem, 113
linear, 114
orthogonal matrix, 274
orthogonal polynomials, 262

parabolic equations, 181, 311, 313, 322
multidimensional, 195

Parseval’s relation, 193, 318

partial differential equations (PDEs), 311

pendulum problem, 37

periodic boundary conditions, 203

phase velocity, 324

Poisson problem, 60, 312

polynomial interpolation, 8, 260

power bounded, 298, 305

Powers of matrices, 286

practical choice of step size, 161

preconditioners, 93

predictor-corrector methods, 135

principal root, 148

pseudoeigenvalues, 302

pseudospectra, 227, 302

pseudospectral methods, 55; see also spec-
tral methods

reacting flow, 234

reaction-diffusion equations, 234, 317

red-black ordering, 62

region of absolute stability, see stability
region

region of relative stability, see order stars

relative error, 246

relative stability, 164

resolvent, 286, 291

root condition, 147, 153, 291

rowwise ordering, 62

Runge phenomenon, 56

Runge—Kutta methods, 124
Runge—Kutta—Chebyshev methods, 175,
200

Schrddinger equation, 235, 324
self-adjoint problems, 36, 273
semidiscrete method, 184
shock waves, 231
similarity transformation, 270
Simpson’s rule, 126, 132
singular perturbation problems, 43
skew symmetric matrix, 274
SOR, see successive overrelaxtion
source terms, 317
sparse storage, 68
SPD, see symmetric positive definite ma-
trix
spectral abscissa, 294
spectral deferred correction method, 58
spectral methods
for hyperbolic problems, 231
for parabolic equations, 200
for the boundary value problem, 55
Fourier, 242, 260
splitting methods, 237
stability
for advection equation, 203, 212
for boundary value problem, 18, 19
for PDEs versus ODEs, 191
for Poisson problem, 63
of Crank—Nicolson, 186
stability polynomial, 153
stability regions, 152
for Adams methods, 154
for BDF methods, 175
for LMMs, 153
for Runge-Kutta—Chebyshev meth-
ods, 176
plotting, 162
starting values
for multistep methods, 134
steady-state problems, 13, 59, 312
steady-state heat conduction, 13, 14, 35,
59
steepest descent algorithm, 79
stencils, 61, 182
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step size selection, 161
stiffness
of ODEs, 167
of the heat equation, 186
stiffness ratio, 169
Strang splitting, 238
strong stability, 190
successive overrelaxtion (SOR), 69
symmetric matrix, 273
symmetric positive definite (SPD) matrix,
273

T -norm, 281, 306
Taylor series methods, 123, 236
test problem, 138, 151
Toeplitz matrix, 275
TR-BDF2 method, 127, 175
trapezoidal method, 121
tridiagonal systems, 16, 276
inverse, 23, 27
symmetric, 36
truncation error, see local truncation error

underrelaxed Jacobi, 106
unitary matrix, 274
upwind methods, 210

V-cycle, 109

variable coefficients, 307

vector norms, 248

viscosity, 234

von Neumann analysis, 192,212, 318

W-cycle, 109
wave packets, 327

zero-stability, 137, 153
of LMMs, 143, 147
of one-step methods, 148
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