Chapter 19. Partial Differential
Equations

19.0 Introduction

The numerical treatment of partial differentia equations is, by itself, a vast
subject. Partial differential equations are a the heart of many, if not most,
computer analyses or simulations of continuous physical systems, such as fluids,
electromagnetic fields, the human body, and so on. The intent of this chapter isto
givethebriefest possibleuseful introduction. Ideally, therewould be an entire second
volume of Numerical Recipes dealing with partia differential equationsaone. (The
references [1-4] provide, of course, available alternatives.)

In most mathematics books, partia differential equations (PDES) are classified
into the three categories, hyperbolic, parabolic, and dliptic, on the basis of their
characteristics, or curves of information propagation. The prototypical example of
a hyperbolic equation is the one-dimensiona wave equation

0%u 5 0%u

where v = constant isthe velocity of wave propagation. The prototypical parabolic
equation is the diffusion equation

ou 0 ou
5 = 9 (D(?_x> (19.0.2)

where D is the diffusion coefficient. The prototypica eliptic equation is the
Poisson equation

2 2
% + g_;; = p(z,y) (19.0.3)
where the source term p is given. If the source term is equal to zero, the equation
is Laplace's equation.

From acomputationa point of view, the classification into these three canonical
typesis not very meaningful — or at least not as important as some other essential
distinctions. Equations (19.0.1) and (19.0.2) both define initial value or Cauchy
problems: If information on « (perhaps including time derivative information) is

818

SINOYQD 10 ‘sanaysip ‘sy00q sadioay [eauswny Japio o] ‘panugiyosd Apouis si ‘1aindwod Janias Aue 03 (suo siyy Buipnjour) saji ajgepeal
"alemyjos sadinay [eouswnN Aq z66T-986T (O) WyBLUAdOD sweibold ssaid Ausiaaiun sbpuqued Ag 266T-986T (O) WbLAdoD
(X-790€7-T2S-0 NESI) ONILNDNOD DIHILNTIOS 40 18V FHL 22 NVH1HO4d NI S3dIDIY TvOIHIWNN woyy abed sjdwes

‘(eolBWY YLION 8pISINo) 3N oe wed dnd@ape) 0} |lewa puas Jo ‘(Ajuo eauswy YUON) £27/-2/8-008-T |82 JO WO 1u MMM//:dny 81ISgam ISIA
-auiyoew jo Buifdoos Aue Jo ‘uononpolidal Jayun4 asn [euosiad umo Jiay) Joy Adod Jaded suo axeWw 0} SIasn 1duIBIUI 10} pajueId SI UoISSIWISd



19.0 Introduction 819
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Figure 19.0.1. Initial value problem (a) and boundary value problem (b) are contrasted. In (a) initial
values are given on one “time slice,” and it is desired to advance the solution in time, computing
successive rows of open dots in the direction shown by the arrows. Boundary conditions at the left and
right edges of each row (®) must also be supplied, but only one row at atime. Only one, or a few,
previous rows need be maintained in memory. In (b), boundary values are specified around the edge of
agrid, and an iterative process is employed to find the values of all the internal points (open circles).
All grid points must be maintained in memory.

given a some initial time ¢, for al x, then the equations describe how u(x, t)
propagates itself forward in time. In other words, equations (19.0.1) and (19.0.2)
describe time evolution. The goal of a numerical code should be to track that time
evolution with some desired accuracy.

By contrast, equation (19.0.3) directsustofind asingle“static” functionu(z, y)
which satisfies the equation within some (z, y) region of interest, and which — one
must also specify — has some desired behavior on the boundary of the region of
interest. These problems are called boundary value problems. In genera it is not
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820 Chapter 19.  Partial Differential Equations

possible stably to just “integrate in from the boundary” in the same sense that an
initial value problem can be “integrated forward in time.” Therefore, the goal of a
numerical code is somehow to converge on the correct solution everywhere at once.

This, then, is the most important classification from a computational point
of view: Is the problem a hand an initial value (time evolution) problem? or
is it a boundary value (static solution) problem? Figure 19.0.1 emphasizes the
distinction. Noticethat whiletheitalicized terminology is standard, the terminology
in parentheses is a much better description of the dichotomy from a computational
perspective. The subclassification of initial value problems into parabolic and
hyperbolic is much less important because (i) many actual problems are of a mixed
type, and (ii) as we will see, most hyperbolic problems get parabolic pieces mixed
into them by the time one is discussing practical computational schemes.

Initial Value Problems

Aninitia value problem is defined by answers to the following questions:

e What are the dependent variables to be propagated forward in time?

e What is the evolution equation for each variable? Usually the evolution
equations will al be coupled, with more than one dependent variable
appearing on the right-hand side of each equation.

e What isthe highest time derivativethat occursin each variable€' sevolution
equation? If possible, this time derivative should be put alone on the
equation’s left-hand side. Not only the value of a variable, but also the
value of al its time derivatives — up to the highest one — must be
specified to define the evolution.

o \What special equations (boundary conditions) govern theevolutionintime
of points on the boundary of the spatial region of interest? Examples:
Dirichlet conditionsspecify the values of the boundary pointsas afunction
of time; Neumann conditions specify the values of the normal gradientson
the boundary; outgoing-wave boundary conditions are just what they say.

Sections 19.1-19.3 of this chapter deal with initial value problems of several

different forms. We make no pretence of completeness, but rather hope to convey a
certain amount of generalizable information through a few carefully chosen model
examples. These examples will illustrate an important point: One's principa
computational concern must be the stability of the agorithm. Many reasonable-
looking agorithmsfor initial value problemsjust don’t work — they are numerically
unstable.

Boundary Value Problems

The questions that define a boundary value problem are:

e What are the variables?

e What equations are satisfied in the interior of the region of interest?

e What equations are satisfied by points on the boundary of the region of
interest? (Here Dirichlet and Neumann conditions are possible choices for
ellipticsecond-order equations, but more complicated boundary conditions
can aso be encountered.)
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19.0 Introduction 821

In contrast to initial value problems, stability is relatively easy to achieve
for boundary value problems. Thus, the efficiency of the algorithms, both in
computational load and storage requirements, becomes the principal concern.

Because all the conditions on a boundary value problem must be satisfied
“simultaneoudly,” these problems usualy boil down, at least conceptualy, to the
solution of large numbers of simultaneous a gebraic equations. When such equations
are nonlinear, they are usually solved by linearization and iteration; so without much
loss of generality we can view the problem as being the solution of specia, large
linear sets of equations.

As an example, one which we will refer to in §§19.4-19.6 as our “model
problem,” let us consider the solution of equation (19.0.3) by the finite-difference
method. We represent the function u(x, y) by itsvalues at the discrete set of points

(19.0.4)

where A is the grid spacing. From now on, we will write w;; for u(z;,y;), and
p;.1 for p(x;,y). For (19.0.3) we substitute a finite-difference representation (see
Figure 19.0.2),

Uj1,0 — 2Uj + Uj—1,0 NS 2uji+uji-1
A2 A2

= pj1 (19.0.5)
or equivalently
Ujt1,0 + Uj—1,0 + Uj 141 + Uj -1 — 4ujyl e Azpjyl (19.0.6)
To write this system of linear equations in matrix form we need to make a
vector out of w. Let us number the two dimensions of grid points in a single
one-dimensional sequence by defining

i=j(L+1)+1 for j=0,1,...J, 1=0,1,..,L (19.0.7)

In other words, 7 increases most rapidly along the columns representing y values.
Equation (19.0.6) now becomes

Ui+ L+1 T+ Wi—(L+1) 4+ Uip1 + Uj—1 — du; = Azpi (1908)
This equation holds only at the interior points j = 1,2,....J — 151 = 1,2, ...,

L —1.
The points where

j= e, i=0,..,L]

j=J ie,i=JL+1),..,J(L+1)+1L]

l= e, i=0,L+1,..,J(L+1) (19.09)
I=L iei=L,L+1+L,.,J(L+1)+L]
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822 Chapter 19.  Partial Differential Equations
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Figure 19.0.2. Finite-difference representation of a second-order dliptic equation on a two-dimensional
grid. The second derivativesat the point A are evaluated using the pointsto which A is shown connected.
The second derivatives at point B are evaluated using the connected points and also using “right-hand
side” boundary information, shown schematically as ®.

are boundary points where either v or its derivative has been specified. If we pull
all this“known” information over to the right-hand side of equation (19.0.8), then
the equation takes the form

A-u=b (19.0.10)

where A has the form shown in Figure 19.0.3. The matrix A is called “tridiagonal
with fringes.” A generd linear second-order dliptic equation

9%u ou 0%u ou
CL(.’E, y) 8.’132 + b(xa y)% + C(I, y) 8y2 + d(.’l;, y)a_y
19.0.11
52 ( )
+e(x,y)m—o- + flz,y)u=g(z,y)
0xdy

will lead to a matrix of similar structure except that the nonzero entries will not
be constants.

As a rough classification, there are three different approaches to the solution
of equation (19.0.10), not al applicable in all cases: relaxation methods, “rapid”
methods (e.g., Fourier methods), and direct matrix methods.
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19.0 Introduction 823
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Figure 19.0.3. Matrix structure derived from a second-order dliptic equation (here equation 19.0.6). All
elements not shown are zero. The matrix has diagonal blocks that are themselves tridiagonal, and sub-
and super-diagonal blocks that are diagonal. Thisform is called “tridiagonal with fringes.” A matrix this
sparse would never be stored in its full form as shown here.

Relaxation methods make immediate use of the structure of the sparse matrix
A. The matrix is split into two parts

A=E-F (19.0.12)
where E is easily invertible and F is the remainder. Then (19.0.10) becomes
E-u=F-u+b (19.0.13)

The relaxation method involves choosing an initial guess u(®) and then solving
successively for iterates u(”) from

E-u® =fF.u"b 4p (19.0.14)

Since E is chosen to be easily invertible, each iteration is fast. We will discuss
relaxation methods in some detail in §19.5 and §19.6.
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824 Chapter 19.  Partial Differential Equations

So-called rapid methods[5] apply for only a rather specia class of equations:
those with constant coefficients, or, more generally, those that are separable in the
chosen coordinates. In addition, the boundaries must coincide with coordinate lines.
This special class of equations is met quite often in practice. We defer detailed
discussion to §19.4. Note, however, that the multigrid rel axation methods discussed
in §19.6 can be faster than “rapid” methods.

Matrix methods attempt to solve the equation

A-x=b (19.0.15)

directly. The degree to which thisis practica depends very strongly on the exact
structure of the matrix A for the problem at hand, so our discussion can go no farther
than a few remarks and references at this point.

Sparseness of the matrix must be the guiding force. Otherwise the matrix
problem is prohibitively large. For example, the ssimplest problem on a 100 x 100
spetial grid would involve 10000 unknown u; ;'s, implying 210000 x 10000 matrix
A, containing 10% elements!

As we discussed at the end of §2.7, if A is symmetric and positive definite
(as it usudly is in dliptic problems), the conjugate-gradient algorithm can be
used. In practice, rounding error often spoils the effectiveness of the conjugate
gradient algorithm for solving finite-difference equations. However, it is useful
when incorporated in methods that first rewrite the equationsso that A istransformed
toamatrix A’ that iscloseto theidentity matrix. The quadratic surface defined by the
equations then has almost spherical contours, and the conjugate gradient algorithm
works very well. In §2.7, in the routine 1inbcg, an analogous preconditioner
was exploited for non-positive definite problems with the more genera biconjugate
gradient method. For the positive definite case that arises in PDES, an example of
a successful implementation is the incomplete Cholesky conjugate gradient method
(ICCG) (seel6-8]).

Another method that relies on atransformation approach isthe strongly implicit
procedure of Stone[9]. A program called SIPSOL that implements this routine has
been published[10].

A third class of matrix methods is the Anayze-Factorize-Operate approach as
described in §2.7.

Generally speaking, when you have the storage available to implement these
methods — not nearly as much as the 108 above, but usualy much more than is
required by relaxation methods— then you should consider doing so. Only multigrid
relaxation methods (§19.6) are competitive with the best matrix methods. For grids
larger than, say, 300 x 300, however, it is generdly found that only relaxation
methods, or “rapid” methods when they are applicable, are possible.

There Is More to Life than Finite Differencing

Besides finite differencing, there are other methods for solving PDEs. Most
important are finite element, Monte Carlo, spectral, and variational methods. Unfor-
tunately, we shall barely be able to do justice to finite differencing in this chapter,
and so shall not be able to discuss these other methods in this book. Finite element
methods[11-12] are often preferred by practitionersin solid mechanics and structural
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19.1 Flux-Conservative Initial Value Problems 825

engineering; these methods allow considerable freedom in putting computational
elements where you want them, important when dealing with highly irregular geome-
tries. Spectral methods[13-15] are preferred for very regular geometries and smooth
functions; they converge more rapidly than finite-difference methods (cf. §19.4), but
they do not work well for problems with discontinuities.
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19.1 Flux-Conservative Initial Value Problems
A large class of initial value (time-evolution) PDEsin one space dimension can
be cast into the form of a flux-conservative equation,

du _8F(u)
ot oxr

(19.1.1)

where u and F are vectors, and where (in some cases) F may depend not only on u
but also on spatia derivativesof u. The vector F is called the conserved flux.

For example, the prototypica hyperbolic equation, the one-dimensiona wave
equation with constant velocity of propagation v

0%u 0%u
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826 Chapter 19.  Partial Differential Equations

can be rewritten as a set of two first-order equations

or _ 0
ot~ oz
Os or
where
r= 8_u
= ’Uax
ou
s = 5 (19.1.4)

In this case r and s become the two components of u, and the flux is given by
the linear matrix relation

0 —wv
F(u) = (_U 0 ) -u (19.1.5)
(The physicist-reader may recognize equations (19.1.3) as ana ogous to Maxwell’'s
equations for one-dimensiona propagation of electromagnetic waves.)

We will consider, in this section, a prototypica example of the genera flux-
conservative equation (19.1.1), namely the equation for a scalar u,

u Ju

— = —v— 19.1.6

ot~ ox (1916)
with v a constant. As it happens, we aready know analyticaly that the general

solution of this equation is a wave propagating in the positive z-direction,
u= f(x —vt) (19.1.7)

where f isan arbitrary function. However, the numerical strategies that we develop
will be equally applicable to the more general equations represented by (19.1.1). In
some contexts, equation (19.1.6) iscalled an advective equation, because the quantity
u is transported by a “fluid flow” with a velocity v.

How do we go about finite differencing equation (19.1.6) (or, analogously,
19.1.1)? The straightforward approach isto choose equally spaced pointsalong both
the ¢- and z-axes. Thus denote

x; =z + jAz, j=0,1,....J

19.1.8
tn = to + nA, n=0,1,....,N ( )

Let u denote u(t,,z;). We have severa choices for representing the time

derivative term. The obvious way is to set

Ou up ™ -
—| =2 —2 +0(Ar) (19.1.9)
ot |, ., At

Thisiscalled forward Euler differencing (cf. equation 16.1.1). Whileforward Euler
is only first-order accurate in At, it has the advantage that one is able to calculate
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19.1 Flux-Conservative Initial Value Problems 827

FTCS
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Figure 19.1.1. Representation of the Forward Time Centered Space (FTCS) differencing scheme. In this
and subsequent figures, the open circle is the new point at which the solution is desired; filled circles are
known points whose function values are used in calculating the new point; the solid lines connect points
that are used to calculate spatial derivatives; the dashed lines connect pointsthat are used to calculate time
derivatives. The FTCS schemeisgenerally unstablefor hyperbolic problemsand cannot usually be used.

quantitiesat timestep n + 1 in terms of only quantitiesknown at timestep . For the
space derivative, we can use a second-order representation still using only quantities
known at timestep n:

Jdu
oxr

L T 2
- L oA (19.1.10)

J.m
The resulting finite-difference approximation to equation (19.1.6) iscalled the FTCS
representation (Forward Time Centered Space),

n+l

% S (M) (19.1.11)

which can easily be rearranged to be a formula for »” ! in terms of the other

quantities. The FTCS scheme isillustrated in Figure 19.1.1. It's a fine example of
an algorithm that is easy to derive, takes little storage, and executes quickly. Too
bad it doesn’'t work! (See below.)

The FTCS representation is an explicit scheme. This means that u?"'l for each
j can be calculated explicitly from the quantitiesthat are already known. Later we
shall meet implicit schemes, which require us to solve implicit equations coupling
the u?“ for various j. (Explicit and implicit methods for ordinary differentia
equations were discussed in §16.6.) The FTCS agorithm is aso an example of
a single-level scheme, since only values a time level n have to be stored to find
values a time level n + 1.

von Neumann Stability Analysis

Unfortunately, equation (19.1.11) isof very limited usefulness. It isan unstable
method, which can be used only (if at all) to study waves for a short fraction of one
oscillation period. To find alternative methods with more genera applicability, we
must introduce the von Neumann stability analysis.

The von Neumann analysis is local: We imagine that the coefficients of the
difference equations are so slowly varying as to be considered constant in space
and time. In that case, the independent solutions, or eigenmodes, of the difference
equations are al of the form

u?t = Enetkine (19.1.12)
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828 Chapter 19.  Partial Differential Equations

torn

XOrj

Figure 19.1.2. Representation of the Lax differencing scheme, as in the previous figure. The stability
criterion for this scheme is the Courant condition.

where k isarea spatia wave number (which can have any value) and £ = £(k) is
a complex number that depends on k. The key fact is that the time dependence of
a single eigenmode is nothing more than successive integer powers of the complex
number . Therefore, the difference equations are unstable (have exponentialy
growing modes) if |£(k)| > 1 for some k. The number £ is called the amplification
factor at a given wave number k.

To find £(k), we simply substitute (19.1.12) back into (19.1.11). Dividing
by £, we get

k) =1— iz—m sin KAz (19.1.13)
X

whose modulusis > 1 for all &; so the FTCS scheme isunconditionally unstable.

If the velocity v were afunction of ¢ and z, then we would write v} in equation
(19.1.11). In the von Neumann stability analysis we would still treat v as a constant,
the idea being that for v dowly varying the analysisis local. In fact, even in the
case of grictly constant v, the von Neumann analysis does not rigorously treat the
end effectsat j = 0 and j = N.

More generaly, if the equation’s right-hand side were nonlinear in u, then a
von Neumann analysis would linearize by writing v = ug + éu, expanding to linear
order in 6u. Assuming that the uy quantities already satisfy the difference equation
exactly, the analysis would look for an unstable eigenmode of du.

Degspite its lack of rigor, the von Neumann method generaly gives valid
answers and is much easier to apply than more careful methods. We accordingly
adopt it exclusively. (See, for example, [1] for a discussion of other methods of
stability analysis.)

Lax Method

Theinstability in the FTCS method can be cured by asimple change dueto Lax.
One replaces theterm v inthe time derivative term by its average (Figure 19.1.2):

n 1 n n
wl = s () (19.1.14)
This turns (19.1.11) into
ui ™ =5 (Wi i) — o (Ui - uly) (19.1.15)
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stable unstable

torn
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Figure 19.1.3. Courant condition for stability of a differencing scheme. The solution of a hyperbolic
problem at a point depends on information within some domain of dependency to the past, shown here
shaded. The differencing scheme (19.1.15) hasits own domain of dependency determined by the choice
of points on onetime slice (shown as connected solid dots) whose values are used in determining a new
point (shown connected by dashed lines). A differencing scheme is Courant stable if the differencing
domain of dependency is larger than that of the PDESs, asin (a), and unstable if the relationship is the
reverse, asin (b). For more complicated differencing schemes, the domain of dependency might not be
determined simply by the outermost points.

Substituting equation (19.1.12), we find for the amplification factor

At
€ = cos kAz — ZZ— sin kAz (19.1.16)
X

The stability condition |£|? < 1 leads to the requirement

|v|At <
Ax —

This is the famous Courant-Friedrichs-Lewy stability criterion, often
called simply the Courant condition. Intuitively, the stability condition can be
understood as follows (Figure 19.1.3): The quantity u}”l in equation (19.1.15) is
computed from information at points j — 1 and j + 1 a time n. In other words,
x;—1 and =41 aretheboundariesof thespatial region that isallowed to communicate
information to u?'H. Now recall that in the continuum wave equation, information

actually propagates with a maximum velocity ». |If the point u?"'l is outside of
the shaded region in Figure 19.1.3, then it requires information from points more
distant than the differencing scheme alows. Lack of that information givesriseto
an instability. Therefore, At cannot be made too large.

The surprising result, that the simple replacement (19.1.14) stabilizesthe FTCS
scheme, is our first encounter with the fact that differencing PDEsis an art as much
as a science.  To see if we can demystify the art somewhat, let us compare the
FTCS and Lax schemes by rewriting equation (19.1.15) so that it is in the form of
equation (19.1.11) with a remainder term:

n+1 n n " " o 7
weoe (w) +3 (“M 2 *“j—l) (19.1.18)

1 (19.1.17)

At 2Ax 2 At
But thisis exactly the FTCS representation of the equation

ou  Ou  (Ax)*_,
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830 Chapter 19.  Partial Differential Equations

where V2 = 9? /022 inone dimension. We have, in effect, added adiffusiontermto
theequation, or, if you recall theform of the Navier-Stokes equation for viscousfluid
flow, adissipativeterm. The Lax scheme isthus said to have numerical dissipation,
or numerical viscosity. We can see thisa so in the amplification factor. Unless [v|At
isexactly equal to Az, |£| < 1 and the amplitude of the wave decreases spuriously.
Isn’t a spurious decrease as bad as a spuriousincrease? No. The scales that we
hopeto study accurately are thosethat encompass many grid points, so that they have
kAz < 1. (The spatia wave number £ is defined by equation 19.1.12.) For these
scales, the amplification factor can be seen to be very close to one, in both the stable
and unstable schemes. The stable and unstable schemes are therefore about equally
accurate. For the unstable scheme, however, short scales with KAz ~ 1, which we
are not interested in, will blow up and swamp the interesting part of the solution.
Much better to have a stable scheme in which these short wavelengths die awvay
innocuoudly. Both the stable and the unstable schemes areinaccurate for these short
wavelengths, but theinaccuracy is of atolerable character when the schemeis stable.
When the independent variable u is a vector, then the von Neumann analysis
is dightly more complicated. For example, we can consider equation (19.1.3),

rewritten as
a [r 0 [ws
e [5] =5 [W] (19.1.20)

The Lax method for this equation is

T = S i) + 5o (s —sho)
2 Uﬁf (19.1.21)
it = 5(5?+1 +85 1)+ E(T?—H —7j1)

The von Neumann stability analysis now proceeds by assuming that the eigenmode
is of the following (vector) form,

n L 0
[7";1 ] = ¢neikide [TO] (19.1.22)
Sj S

Here the vector on the right-hand side is a constant (both in space and in time)
eigenvector, and £ is a complex number, as before. Substituting (19.1.22) into

(19.1.21), and dividing by the power £, gives the homogeneous vector equation

A
(cos kAz) — & zv—t sin kAz 70 0
Az : = (19.1.23)
vAt
zA— sin kAx (coskAx) —¢ Y 0
x

This admits a solution only if the determinant of the matrix on the left vanishes, a
condition easily shown to yield the two roots ¢

vat

Az

The stability condition is that both roots satisfy |£| < 1. This again turns out to be
simply the Courant condition (19.1.17).

E=coskAx£1 sin kAx (19.1.24)
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19.1 Flux-Conservative Initial Value Problems 831

Other Varieties of Error

Thus far we have been concerned with amplitude error, because of itsintimate
connection with the stability or instability of adifferencing scheme. Other varieties
of error are relevant when we shift our concern to accuracy, rather than stability.

Finite-difference schemes for hyperbolic equations can exhibit dispersion, or
phase errors. For example, equation (19.1.16) can be rewritten as

=e AT 41— vAt sin kAx 19.1.25
A

x

An arbitrary initial wave packet is a superposition of modes with different k's.
At each timestep the modes get multiplied by different phase factors (19.1.25),
depending on their value of k. If At = Ax /v, then the exact solutionfor each mode
of awave packet f(x — vt) isobtained if each mode getsmultipliedby exp(—ikAx).
For this value of At, equation (19.1.25) shows that the finite-difference solution
gives the exact analytic result. However, if vAt/Ax is not exactly 1, the phase
relations of the modes can become hopel essly garbled and the wave packet disperses.
Note from (19.1.25) that the dispersion becomes large as soon as the wavelength
becomes comparable to the grid spacing Az.

A third type of error isone associated with nonlinear hyperbolic equations and
istherefore sometimes called nonlinear instability. For example, apiece of the Euler
or Navier-Stokes equations for fluid flow looks like

% = _Ug_z +... (19.1.26)

The nonlinear term in v can cause a transfer of energy in Fourier space from
long wavelengths to short wavelengths. This results in a wave profile steepening
until a vertical profile or “shock” develops. Since the von Neumann anaysis
suggests that the stability can depend on kAz, a scheme that was stable for shallow
profiles can become unstable for steep profiles. This kind of difficulty arises in
a differencing scheme where the cascade in Fourier space is halted at the shortest
wavelength representable on the grid, that is, at k¥ ~ 1/Az. If energy simply
accumulates in these modes, it eventually swamps the energy in thelong wavelength
modes of interest.

Nonlinear instability and shock formation is thus somewhat controlled by
numerical viscosity such as that discussed in connection with equation (19.1.18)
above. Insomefluid problems, however, shock formationisnot merely an annoyance,
but an actual physical behavior of the fluid whose detailed study is a goal. Then,
numerical viscosity alone may not be adequate or sufficiently controllable. Thisisa
complicated subject which we discuss further in the subsection on fluid dynamics,
below.

For wave equations, propagation errors (amplitude or phase) are usualy most
worrisome. For advective equations, on the other hand, transport errors are usually
of greater concern. In the Lax scheme, equation (19.1.15), a disturbance in the
advected quantity u at mesh point j propagates to mesh pointsj +1and j — 1 at
the next timestep. In reality, however, if the velocity v is positive then only mesh
point j + 1 should be affected.
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Figure 19.1.4. Representation of upwind differencing schemes. The upper scheme is stable when the
advection constant v is negative, as shown; the lower scheme is stable when the advection constant v is
positive, also as shown. The Courant condition must, of course, also be satisfied.

The simplest way to model the transport properties “better” is to use upwind
differencing (see Figure 19.1.4):

u? —u”
J j—1
qu1+1 —ur Ay 0 Y >0
— " n o (19.1.27)
At T YT v <0
Az

Note that this scheme is only first-order, not second-order, accurate in the
caculation of the spatia derivatives. How can it be “better”? The answer is
one that annoys the mathematicians: The goa of numerica simulations is not
always “accuracy” in a strictly mathematical sense, but sometimes “fiddity” to the
underlying physics in a sense that is looser and more pragmatic. In such contexts,
some kinds of error are much more tolerable than others. Upwind differencing
generaly addsfidelity to problemswhere the advected variablesareliableto undergo
sudden changes of state, e.g., as they pass through shocks or other discontinuities.
You will have to be guided by the specific nature of your own problem.

For the differencing scheme (19.1.27), theamplification factor (for constantv) is

e=1— "B 1~ coskaz) — i P2 ginkAs (19.1.28)
Ax Ax
24 vAt 7 vAt B
€I =1-2 Ay (1 Ay )(1 cos kAx) (19.1.29)

So the stability criterion |£|? < 1 is (again) simply the Courant condition (19.1.17).
There are various ways of improving the accuracy of first-order upwind
differencing. In the continuum equation, material originally a distance vAt away
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Figure 19.1.5. Representation of the staggered leapfrog differencing scheme. Note that information
from two previous time dlices is used in obtaining the desired point. This scheme is second-order
accurate in both space and time.

arrives at a given point after a time interval At. In the first-order method, the
material always arrives from Az away. If vAt < Az (to insure accuracy), thiscan
cause alarge error. One way of reducing this error isto interpolate u between j — 1
and j before transporting it. This gives effectively a second-order method. Various
schemes for second-order upwind differencing are discussed and compared in [2-3].

Second-Order Accuracy in Time

When using a method that is first-order accurate in time but second-order
accurate in space, one generaly has to take vAt significantly smaler than Az to
achieve desired accuracy, say, by at least a factor of 5. Thus the Courant condition
isnot actually the limiting factor with such schemes in practice. However, there are
schemes that are second-order accurate in both space and time, and these can often be
pushed right to their stability limit, with correspondingly smaller computation times.

For example, the staggered leapfrog method for the conservation equation
(19.1.1) is defined as follows (Figure 19.1.5): Using the values of u™ at time ¢,
compute the fluxes F'. Then compute new values u™*1 using the time-centered
values of the fluxes:

At
uptt — = —A—x(,f?;.q1 - F') (19.1.30)
The name comes from the fact that the time levels in the time derivative term
“leapfrog” over the time levels in the space derivative term. The method requires
that »"~! and u™ be stored to compute u"*1.
For our simple model equation (19.1.6), staggered leapfrog takes the form

witt -l = ~ Ay (W — v (19.1.31)
The von Neumann stability analysis now gives aquadratic equationfor &, rather than
a linear one, because of the occurrence of three consecutive powers of £ when the
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834 Chapter 19.  Partial Differential Equations

form (19.1.12) for an eigenmode is substituted into equation (19.1.31),

2 1= —2z'§1—m sin kAx (19.1.32)
X
whose solution is
2
&= —iv—At sinkAz +4/1— VAl sin kAx (19.1.33)
Az Az

Thus the Courant condition is again required for stability. In fact, in equation
(19.1.33), |¢|? = 1 for any vAt < Az. Thisisthe great advantage of the staggered
leapfrog method: There is no amplitude dissipation.

Staggered leapfrog differencing of equations like (19.1.20) is most transparent
if the variables are centered on appropriate half-mesh points:

n du " u?—’—l _qul
T =V — =y 1=
ol B 19.1.34
P (19.1.34)
gntl/z — 9v e R
j o, At

Thisis purely a notational convenience: we can think of the mesh on which r and
s are defined as being twice as fine as the mesh on which the original variable u is
defined. The leapfrog differencing of equation (19.1.20) is

n+1 n n+1/2 n+1/2
Tiri2 T Tiv12 5j+1/ — 5 /
At o A
wii/2 1y . r . (19.1.35)
55 — 5 SR VER SV
At Ax

If you substitute equation (19.1.22) in equation (19.1.35), you will find that once
again the Courant condition is required for stability, and that there is no amplitude
dissipation when it is satisfied.

If we substitute equation (19.1.34) in equation (19.1.35), we find that equation
(19.1.35) is equivalent to

n+l n n—1 no_ n n
u; 2uf fuy o juiyy = 2uf fug

(At)? - (Ax)?

(19.1.36)

Thisisjust the “usua” second-order differencing of the wave equation (19.1.2). We
see that it is a two-level scheme, requiring both ™ and v ~! to obtain v™*!. In
equation (19.1.35) this shows up as both s”~1/2 and " being needed to advance
the solution.

For equations more complicated than our simple model equation, especially
nonlinear equations, the leapfrog method usualy becomes unstable when the gradi-
ents get large. The instability isrelated to the fact that odd and even mesh pointsare
completely decoupled, like the black and white squares of a chess board, as shown
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19.1 Flux-Conservative Initial Value Problems 835

Figure 19.1.6.  Origin of mesh-drift instabilities in a staggered leapfrog scheme. If the mesh points
are imagined to lie in the squares of a chess board, then white squares couple to themselves, black to
themselves, but there is no coupling between white and black. The fix is to introduce a small diffusive
mesh-coupling piece.

in Figure 19.1.6. This mesh drifting instability is cured by coupling the two meshes
through a numerical viscosity term, e.g., adding to theright side of (19.1.31) asmall
coefficient (< 1) times u},, — 2uj + uj_,. For more on stabilizing difference
schemes by adding numerical dissipation, see, eg., [4].

The Two-Sep Lax-Wendroff scheme is a second-order in time method that
avoids large numerical dissipation and mesh drifting. One defines intermediate
values u;1 /- a the half timestepst,, /> and the half mesh pointsz;,,,. These

are calculated by the Lax scheme:

1 At
n+1/2 n n n n
uj+1//2 = 5 (Ui +uj) = E(Fjﬂ —F}') (19.1.37)

Using these variables, one calculates the fluxes F;fll/;. Then the updated values

u}”l are calculated by the properly centered expression

At
n+l _ n n+1/2 n+1/2
=y = (- ) (19.1.38)

1/2
Let usinvestigatethe stability of this method for our model advective equation,

where F' = vu. Subdtitute (19.1.37) in (19.1.38) to get

The provisional values u?f/ * are now discarded. (See Figure 19.1.7.)

uj"'l =u; — o [i(uj 1 —|—uj) — ia(uj 1 —uj)
(19.1.39)

1 n n 1 n n
_§(uj +ul )+ §a(uj —uj_y)
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two-step Lax Wendroff

halfstep poi ntsW

X

o
1
1
1
1

>
®

torn ‘ >

~
’
¢--------

Xorj

Figure 19.1.7. Representation of the two-step Lax-Wendroff differencing scheme. Two halfstep points
(®) are calculated by the Lax method. These, plus one of the original points, produce the new point via
staggered leapfrog. Halfstep pointsare used only temporarily and do not require storage allocation on the
grid. This scheme is second-order accurate in both space and time.

where
vAL
= — 19.1.40
a= ( )
Then
¢ =1—iasinkAz — a*(1 — cos kAx) (19.1.41)
SO
€12 =1—a?*(1 — a®)(1 — cos kAx)? (19.1.42)

The stability criterion |¢]? < 1 is therefore o? < 1, orvAt < Ax as usud.
Incidentally, you should not think that the Courant condition is the only stability
requirement that ever turns up in PDES. It keeps doing so in our model examples
just because those examples are so simple in form. The method of analysis is,
however, general.

Except when o = 1, |£]? < 1in (19.1.42), so some amplitude damping does
occur. The effect isreatively small, however, for wavelengths large compared with
the mesh size Az. If we expand (19.1.42) for small kAz, we find

(kAx)4

€2 =1-a2(1-a®) 2

(19.1.43)

The departure from unity occurs only at fourth order in k. This should be contrasted
with equation (19.1.16) for the Lax method, which shows that

€2 =1—-(1 —a?)(kAx)* + ... (19.1.44)

for small kAz.
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19.1 Flux-Conservative Initial Value Problems 837

In summary, our recommendation for initial value problems that can be cast
in flux-conservative form, and especially problems related to the wave equation,
is to use the staggered leapfrog method when possible. We have personally had
better success with it than with the Two-Step Lax-Wendroff method. For problems
sengitive to transport errors, upwind differencing or one of its refinements should
be considered.

Fluid Dynamics with Shocks

Aswe dluded to earlier, the treatment of fluid dynamics problems with shocks
has become a very complicated and very sophisticated subject. All we can attempt
to do here isto guide you to some starting pointsin the literature.

There are basically three important general methods for handling shocks. The
oldest and simplest method, invented by von Neumann and Richtmyer, is to add
artificial viscosity to the equations, modeling the way Nature uses real viscosity
to smooth discontinuities. A good starting point for trying out this method is the
differencing schemein §12.11 of [1]. Thisschemeisexcellent for nearly al problems
in one spatial dimension.

The second method combines a high-order differencing scheme that is accurate
for smooth flows with alow order scheme that is very dissipative and can smooth
the shocks. Typically, various upwind differencing schemes are combined using
weights chosen to zero the low order scheme unless steep gradients are present, and
also chosen to enforce various “monotonicity” constraints that prevent nonphysical
oscillations from appearing in the numerical solution. References[2-3,5] are a good
place to start with these methods.

Thethird, and potentially most powerful method, is Godunov’sapproach. Here
one gives up the simple linearization inherent in finite differencing based on Taylor
series and includes the nonlinearity of the equations explicitly. Thereis an anaytic
solutionfor the evol ution of two uniform states of afluid separated by adiscontinuity,
the Riemann shock problem. Godunov’s idea was to approximate the fluid by a
large number of cells of uniform states, and piece them together using the Riemann
solution. There have been many generalizations of Godunov’s approach, of which
the most powerful is probably the PPM method [6].

Readable reviews of al these methods, discussing the difficulties arising when
one-dimensional methods are generalized to multidimensions, are given in[7-9].

CITED REFERENCES AND FURTHER READING:

Ames, W.F. 1977, Numerical Methods for Partial Differential Equations, 2nd ed. (New York:
Academic Press), Chapter 4.

Richtmyer, R.D., and Morton, K.W. 1967, Difference Methods for Initial Value Problems, 2nd ed.
(New York: Wiley-Interscience). [1]

Centrella, J., and Wilson, J.R. 1984, Astrophysical Journal Supplement, vol. 54, pp. 229-249,
Appendix B. [2]

Hawley, J.F.,, Smarr, L.L., and Wilson, J.R. 1984, Astrophysical Journal Supplement, vol. 55,
pp. 211-246, §2c. [3]

Kreiss, H.-O. 1978, Numerical Methods for Solving Time-Dependent Problems for Partial Differ-
ential Equations (Montreal: University of Montreal Press), pp. 66ff. [4]

Harten, A., Lax, P.D., and Van Leer, B. 1983, SIAM Review, vol. 25, pp. 36-61. [5]

Woodward, P., and Colella, P. 1984, Journal of Computational Physics, vol. 54, pp. 174-201. [6]
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Roache, P.J. 1976, Computational Fluid Dynamics (Albuquerque: Hermosa). [7]
Woodward, P., and Colella, P. 1984, Journal of Computational Physics, vol. 54, pp. 115-173. [8]
Rizzi, A., and Engquist, B. 1987, Journal of Computational Physics, vol. 72, pp. 1-69. [9]

19.2 Diffusive Initial Value Problems

Recall the model parabolic eguation, the diffusion equation in one space

dimension,
ou 0 ou

where D is the diffusion coefficient. Actualy, this equation is a flux-conservative
equation of the form considered in the previous section, with

Ju
F = D&x (19.2.2)
the flux in the z-direction. We will assume D > 0, otherwise equation (19.2.1) has
physically unstablesolutions: A small disturbance evolvesto become moreand more
concentrated instead of dispersing. (Don’'t make the mistake of trying to find astable
differencing scheme for a problem whose underlying PDEs are themsel ves unstable!)
Even though (19.2.1) is of the form aready considered, it is useful to consider
it as a model in its own right. The particular form of flux (19.2.2), and its direct
generalizations, occur quite frequently in practice. Moreover, we have aready seen
that numerical viscosity and artificial viscosity can introduce diffusive pieces like
the right-hand side of (19.2.1) in many other situations.
Consider first the case when D is a constant. Then the equation

ou 9%u

—=D— 19.2.3
ot Ox? ( )
can be differenced in the obvious way:
utt ult g —2ul +ul?
J J J+1 J j—1
Al = [ e ] (19.2.4)

Thisis the FTCS scheme again, except that it is a second derivative that has been
differenced on the right-hand side. But this makes a world of differencel The
FTCS scheme was unstable for the hyperbolic equation; however, aquick caculation
shows that the amplification factor for equation (19.2.4) is

E=1- % sin? (?) (19.2.5)

The requirement |£| < 1 leads to the stability criterion

2DAt
Aoy 51 (19.2.6)
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19.2 Diffusive Initial Value Problems 839

The physica interpretation of the restriction (19.2.6) is that the maximum
allowed timestep is, up to a numerica factor, the diffusion time across a cell of
width Az.

More generally, the diffusion time 7 across a spatial scale of size A is of order

)\2

™~ 5 (19.2.7)
Usudly we are interested in modeling accurately the evolution of features with
spatial scales A > Azx. If we are limited to timesteps satisfying (19.2.6), we will
need to evolve through of order A2 /(Axz)? steps before things start to happen on the
scale of interest. This number of steps is usualy prohibitive. We must therefore
find a stable way of taking timesteps comparable to, or perhaps — for accuracy —
somewhat smaller than, the time scale of (19.2.7).

This goa poses an immediate “philosophical” question. Obvioudly the large
timesteps that we propose to take are going to be woefully inaccurate for the small
scales that we have decided not to be interested in. We want those scales to do
something stable, “innocuous,” and perhaps not too physically unreasonable. We
want to build this innocuous behavior into our differencing scheme. What should
it be?

There are two different answers, each of which has its pros and cons. The
first answer isto seek a differencing scheme that drives small-scale features to their
equilibrium forms, e.g., satisfying equation (19.2.3) with the left-hand side set to
zero. Thisanswer generally makesthebest physical sense; but, aswewill seg, itleads
to adifferencing scheme (“fully implicit”) that isonly first-order accurate intimefor
the scales that we are interested in. The second answer isto let small-scale features
maintain their initial amplitudes, so that the evolution of the larger-scale features
of interest takes place superposed with a kind of “frozen in” (though fluctuating)
background of small-scale stuff. Thisanswer gives a differencing scheme (“ Crank-
Nicholson”) that is second-order accurate in time. Toward the end of an evolution
calculation, however, one might want to switch over to some steps of the other kind,
to drive the small-scale stuff into equilibrium. Let us now see where these distinct
differencing schemes come from:

Consider the following differencing of (19.2.3),

n+1_ n n+1 _ n—l—l n—l—l
uj uj -D iy —2u; gy

At (Az)?

(19.2.8)

Thisisexactly likethe FTCS scheme (19.2.4), except that the spatial derivatives on
theright-hand side are evaluated at timestep n + 1. Schemes with this character are
called fully implicit or backward time, by contrast with FTCS (which is called fully
explicit). To solve equation (19.2.8) one has to solve a set of simultaneous linear
equationsat each timestep for theu}“’l. Fortunately, thisisasimple problem because
the system istridiagonal: Just group the terms in equation (19.2.8) appropriately:
—ouft + (14 20)uf ! —oulf] =), j=1,2.0-1 (19.2.9)
where
DAt
(Az)?

a (19.2.10)
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840 Chapter 19.  Partial Differential Equations

Supplemented by Dirichlet or Neumann boundary conditionsat j = 0 and j = J,
equation (19.2.9) is clearly atridiagonal system, which can easily be solved at each
timestep by the method of §2.4.

What is the behavior of (19.2.8) for very large timesteps? The answer is seen
most clearly in (19.2.9), inthelimit @« — oo (At — o0). Dividing by «, we see that
thedifference equationsare just thefinite-difference form of theequilibrium equation

2
% =0 (19.2.11)

What about stability? The amplification factor for equation (19.2.8) is

1

1+ 4asin? (k§$>

Clearly |£| < 1for any stepsize At. Theschemeisunconditionally stable. Thedetails
of the small-scale evolution from the initial conditions are obviously inaccurate for
large At. But, as advertised, the correct equilibrium solution is obtained. Thisis
the characteristic feature of implicit methods.

Here, onthe other hand, ishow one getsto the second of our above philosophical
answers, combining the stability of an implicit method with the accuracy of amethod
that is second-order in both space and time. Simply form the average of the explicit
and implicit FTCS schemes:

€= (19.2.12)

- (Ba)?

W —wp p [(uﬁf —20p M ) 4 (ufyy — 20 + u;?_l)]
At 2

(19.2.13)

Here boththe left- and right-hand sides are centered at timestep n + % so themethod
is second-order accurate in time as clamed. The amplification factor is

1 — 2asin? (?)

5:
1+ 2asin? (k§$>

so the method is stable for any size At. This scheme is called the Crank-Nicholson
scheme, and is our recommended method for any simple diffusion problem (perhaps
supplemented by a few fully implicit steps at the end). (See Figure 19.2.1.)

Now turn to some generalizations of the simple diffusion equation (19.2.3).
Supposefirst that the diffusion coefficient D isnot constant, say D = D(x). We can
adopt either of two strategies. First, we can make an analytic change of variable

(19.2.14)

B dx
) D(x)

y (19.2.15)
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19.2 Diffusive Initial Value Problems 841

torn

¢ --=-=-=======0

FTCS

XOrj

(@)

L
e ¢

(b) Fully Implicit (© Crank-Nicholson

Figure 19.2.1.  Three differencing schemes for diffusive problems (shown as in Figure 19.1.2). (a)
Forward Time Center Space is first-order accurate, but stable only for sufficiently small timesteps.
(b) Fully Implicit is stable for arbitrarily large timesteps, but is still only first-order accurate. (c)
Crank-Nicholson is second-order accurate, and is usually stable for large timesteps.

Then

ou 0 ou
becomes

ou 1 0%u

and we evaluate D &t the appropriatey;. Heuristically, the stability criterion (19.2.6)
in an explicit scheme becomes

A 2
At < min ( y_)l
J 2Dj

(19.2.18)

Note that constant spacing Ay in y does not imply constant spacing in x.
An dternative method that does not require analytically tractable forms for
D is simply to difference equation (19.2.16) as it stands, centering everything
appropriately. Thus the FTCS method becomes
ui ™ =l Djya(ufy —uf) = Djap(uf —uj )

= oy (19.2.19)

where

Dj+1/2 = D($j+1/2) (19220)
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842 Chapter 19.  Partial Differential Equations

and the heuristic stability criterion is

2
At < min [ﬂ] (19.2.21)
i [2Djy1/2

The Crank-Nicholson method can be generalized similarly.

The second complication one can consider is a nonlinear diffusion problem,
for example where D = D(u). Explicit schemes can be generalized in the obvious
way. For example, in equation (19.2.19) write

1 n n
D12 =5 [D(u},) + D(u})] (19.2.22)
Implicit schemes are not as easy. The replacement (19.2.22) withn — n + 1 leaves
us with a nasty set of coupled nonlinear equations to solve at each timestep. Often
there is an easier way: If the form of D(u) alows us to integrate

dz = D(u)du (19.2.23)

anaytically for z(u), then the right-hand side of (19.2.1) becomes 6%z /dx2, which
we difference implicitly as

n+1l _ n+1 n+1
z 2zj + 27

J+1
(Az)?

(19.2.24)

Now linearize each term on the right-hand side of equation (19.2.24), for example

0z
2 = (W) = 2(ul) 4 (W — ) =
! ! B T Oulj, (19.2.25)
= z(uj) + (u}”1 —uj)D(u})

This reduces the problem to tridiagonal form again and in practice usually retains
the stability advantages of fully implicit differencing.

Schrédinger Equation

Sometimes the physical problem being solved imposes constraints on the
differencing scheme that we have not yet taken into account. For example, consider
the time-dependent Schrodinger equation of quantum mechanics. Thisisbasicaly a
parabolic equation for the evolution of a complex quantity . For the scattering of a
wavepacket by a one-dimensiona potential V' (), the equation has the form

== = ——— 4+ V() (19.2.26)

(Here we have chosen units so that Planck’s constant 7 = 1 and the particle mass
m = 1/2.) Oneisgiventheinitial wavepacket, ¢ (z,t = 0), together with boundary
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19.2 Diffusive Initial Value Problems 843

conditions that ¢ — 0 a * — doo. Suppose we content oursalves with first-
order accuracy in time, but want to use an implicit scheme, for stability. A dight
generaization of (19.2.8) leads to

At | (Ax) Vi (19:227)
for which
= ! (19.2.28)
- 1+ 4A1 sin? ROz + VAt ;
RIYE 2 J

Thisisunconditionally stable, but unfortunately is not unitary. The underlying
physical problem requiresthat thetotal probability of finding the particle somewhere
remains unity. This is represented formally by the modulus-square norm of
remaining unity:

/ h [Y|?de = 1 (19.2.29)

— 00

Theinitial wave function(x, 0) isnormalized to satisfy (19.2.29). The Schrodinger
equation (19.2.26) then guarantees that this condition is satisfied at all later times.
Let us write equation (19.2.26) in the form

i%_f — Hy (19.2.30)
where the operator H is
82
H=—55+V(@) (19.2.31)

The formal solution of equation (19.2.30) is
P(x,t) = e Hly(z,0) (19.2.32)

where the exponentid of the operator is defined by its power series expansion.
The unstable explicit FTCS scheme approximates (19.2.32) as

Pt = (1 — iHAL)Y} (19.2.33)

where H is represented by a centered finite-difference approximation in z. The
stable implicit scheme (19.2.27) is, by contrast,

Y = (1 +iHAY) P (19.2.34)

These are both first-order accurate in time, as can be seen by expanding eguation
(19.2.32). However, neither operator in (19.2.33) or (19.2.34) is unitary.
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844 Chapter 19.  Partial Differential Equations

The correct way to difference Schrodinger’s equation([1,2] is to use Cayley's

formfor thefinite-difference representation of e~*#*, which is second-order accurate
and unitary:
_ 1— 2iHAt
—iHt 2

~ 19.2.35
‘ 1+ JiHAt ( )

In other words,
(1+ $iHAL) I = (1 — SiHAL) Y (19.2.36)

On replacing H by its finite-difference approximation in x, we have a complex
tridiagonal systemto solve. The method is stable, unitary, and second-order accurate
in space and time. In fact, it is simply the Crank-Nicholson method once again!

CITED REFERENCES AND FURTHER READING:

Ames, W.F. 1977, Numerical Methods for Partial Differential Equations, 2nd ed. (New York:
Academic Press), Chapter 2.

Goldberg, A., Schey, H.M., and Schwartz, J.L. 1967, American Journal of Physics, vol. 35,

pp. 177-186. [1]
Galbraith, I., Ching, Y.S., and Abraham, E. 1984, American Journal of Physics, vol. 52, pp. 60—
68. [2]

19.3 Initial Value Problems in Multidimensions

The methods described in §19.1 and §19.2 for problemsin 1 + 1 dimension
(one space and onetime dimension) can easily be generalized to N + 1 dimensions.
However, the computing power necessary to solve the resulting equations is enor-
mous. If you have solved a one-dimensional problem with 100 spatial grid points,
solving the two-dimensional version with 100 x 100 mesh points requires at least
100 times as much computing. You generally have to be content with very modest
spatial resolution in multidimensional problems.

Indulge us in offering a bit of advice about the development and testing of
multidimensional PDE codes: You should aways first run your programs on very
small grids, e.g., 8 x 8, even though the resulting accuracy is so poor as to be
useless. When your program isal debugged and demonstrably stable, then you can
increase the grid size to a reasonable one and start looking at the results. We have
actually heard someone protest, “my program would be unstable for a crude grid,
but I am sure the instability will go away on alarger grid.” That is nonsense of a
most pernicious sort, evidencing total confusion between accuracy and stability. In
fact, new instabilities sometimes do show up on larger grids; but old instabilities
never (in our experience) just go away.

Forced to livewith modest grid sizes, some peoplerecommend going to higher-
order methodsin an attempt to improveaccuracy. Thisisvery dangerous. Unlessthe
solution you are looking for is known to be smooth, and the high-order method you
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19.3 Initial Value Problems in Multidimensions 845

are using is known to be extremely stable, we do not recommend anything higher
than second-order in time (for sets of first-order equations). For spatial differencing,
we recommend the order of the underlying PDES, perhaps alowing second-order
spatia differencing for first-order-in-space PDEs. When you increase the order of
a differencing method to greater than the order of the original PDES, you introduce
spurious solutionsto the difference equations. This does not create a problemif they
all happen to decay exponentially; otherwiseyou aregoing to see dl hell break loose!

Lax Method for a Flux-Conservative Equation

As an example, we show how to generalize the Lax method (19.1.15) to two
dimensions for the conservation equation

ou OF. OF,
- _V.-F=-— L=y 1931
ot ( or oy ) (19.3.2)
Use a spatia grid with
ZCj = X9 —|— ]A
19.3.2
y=yo + 1A ( )
We have chosen Ax = Ay = A for simplicity. Then the Lax scheme is
n+1 1 n n n n
Ui = Z(uj—i—l,l g+l Fuj )
At (19.3.3)
- ﬂ( ]n—‘rl,l - an—l,l + F;?H—l - F;,ll—l)

Note that as an abbreviated notation F;; and F;_; refer to F,, while F;; and
F,_1 refer to F,.
Let us carry out a stability analysis for the model advective equation (analog
of 19.1.6) with
F, = vzu, Fy, =vyu (19.3.4)

Thisrequires an eigenmode with two dimensionsin space, though till only asimple
dependence on powers of & in time,

ull, = Eretheifelbuld (19.35)

Substituting in equation (19.3.3), we find

1
£ = i(cos ke + coskyA) — o sin ky A — ioyy sink, A (19.3.6)
where A A
Ve At v, AL
Az = —3— Qy = yT (19.3.7)
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846 Chapter 19.  Partial Differential Equations

The expression for |£|? can be manipulated into the form

1
€7 =1 — (sin® koA + sin® k, A) [5 — (a2 + agz;)]

1 (19.3.8)
- Z(COS kA — cos kyA)? — (v sin kA — a sin b, A)?

The last two terms are negative, and so the stability requirement |£]2 < 1 becomes

1
5~ (a2 +ap) >0 (19.39)
or

A

At — 2
= V2(02 + 02172

(19.3.10)

This is an example of the general result for the N-dimensional Courant
condition: If |v| is the maximum propagation velocity in the problem, then

A
At < (19.3.11)
VN |v|
is the Courant condition.
Diffusion Equation in Multidimensions
Let us consider the two-dimensiona diffusion equation,
Ju Pu  9%u
—=D|—+ = 19.3.12
ot (8x2 * 8y2> ( )

An explicit method, such as FTCS, can be generalized from the one-dimensional
case in the obviousway. However, we have seen that diffusive problems are usualy
best treated implicitly. Suppose we try to implement the Crank-Nicholson scheme
in two dimensions. This would give us

n n 1 n n n n
Wt =+ sa (2wt + 82uy, + 62ut! + 02us ) (19.3.13)
Here DA
t
a=—5 A=Az =Ay (19.3.14)
Souly =y —2ul +ul (19.3.15)

and similarly for 55“?,1- This is certainly a viable scheme; the problem arises in
solving the coupled linear equations. Whereas in one space dimension the system
was tridiagonal, that is no longer true, though the matrix is still very sparse. One
possibility isto use a suitable sparse matrix technique (see §2.7 and §19.0).
Another possibility, which we generdly prefer, is a dightly different way of
generalizing the Crank-Nicholson algorithm. It is still second-order accurate intime
and space, and unconditionaly stable, but the equations are easier to solve than
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19.3 Initial Value Problems in Multidimensions 847

(19.3.13). Called the alternating-direction implicit method (ADI), this embodies the
powerful concept of operator splitting or time splitting, about which we will say
more below. Here, the idea is to divide each timestep into two steps of size A¢/2.
In each substep, a different dimension is treated implicitly:

n+1/2 _ n l 2 n+1/2 2 n
i =g+ 5¢ (5xuj,z + o ul

(19.3.16)
ntl _ n+1y2 1 (62u??—1/2+62un+1)

=uj e yUj,i

The advantage of this method is that each substep requires only the solution of a
simple tridiagonal system.

Operator Splitting Methods Generally

The basic idea of operator splitting, which is also caled time splitting or the
method of fractional steps, is this: Suppose you have an initial value equation of
the form

ou
— = 19.3.17
5 = Lu ( )

where £ is some operator. While £ is not necessarily linear, suppose that it can at
least be written as a linear sum of m pieces, which act additively on w,

Lu=Liu+ Lou+---+ Lu (19.3.18)

Finally, supposethat for each of the pieces, you aready know a differencing scheme
for updating the variable u from timestep n to timestep n + 1, valid if that piece
of the operator were the only one on the right-hand side. We will write these
updatings symbolicaly as
u"'H = Z/ll (u", At)
u™ T = Uy (u", At)
(19.3.19)

u T = U, (u", At)

Now, one form of operator splitting would be to get from n to n + 1 by the
following sequence of updatings:

un+(1/m) :ul(un’ At)

un+(2/m) :u2(un+(1/m)’ At)
(19.3.20)

un+1 — um(un—i—(m—l)/m’ At)
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848 Chapter 19.  Partial Differential Equations

For example, a combined advective-diffusion equation, such as

u 2
g—? = _Ug_x + D% (19.3.21)
might profitably use an explicit scheme for the advective term combined with a
Crank-Nicholson or other implicit scheme for the diffusion term.

The aternating-direction implicit (ADI) method, equation (19.3.16), is an
example of operator splitting with a dightly different twist. Let us reinterpret
(19.3.19) to have a different meaning: Let Z{; now denote an updating method that
includes algebraically all the pieces of the total operator £, but which is desirably
stable only for the £, piece; likewiseUs, . ..U,,. Then amethod of getting from
u™ to u"tt s

Y™ =y (u™, At/m)

uHI = Uy (Y™ At )
(193.22)

"t = Uy, (D™ AL /M)

Thetimestep for each fractional stepin (19.3.22) isnow only 1/m of thefull timestep,
because each partia operation acts with all the terms of the original operator.

Equation (19.3.22) isusually, though not always, stable asadifferencing scheme
for the operator L. Infact, asarule of thumb, it is often sufficient to have stablel/;’s
only for the operator pieces having the highest number of spatial derivatives— the
other U;’s can be unstable — to make the overall scheme stablel

It is at this point that we turn our atention from initia value problems to
boundary value problems. These will occupy us for the remainder of the chapter.

CITED REFERENCES AND FURTHER READING:

Ames, W.F. 1977, Numerical Methods for Partial Differential Equations, 2nd ed. (New York:
Academic Press).

19.4 Fourier and Cyclic Reduction Methods for
Boundary Value Problems

As discussed in §19.0, most boundary vaue problems (elliptic equations, for
example) reduce to solving large sparse linear systems of the form

A-u=b (19.4.1)

either once, for boundary value equationsthat are linear, or iteratively, for boundary
value equations that are nonlinear.
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19.4 Fourier and Cyclic Reduction Methods 849

Two important techniques lead to “rapid” solution of equation (19.4.1) when
the sparse matrix is of certain frequently occurring forms. The Fourier transform
method is directly applicable when the equations have coefficients that are constant
in space. The cyclic reduction method is somewhat more general; its applicability
is related to the question of whether the equations are separable (in the sense of
“separation of variables’). Both methods require the boundaries to coincide with
the coordinate lines. Finally, for some problems, there is a powerful combination
of these two methods called FACR (Fourier Analysis and Cyclic Reduction). We
now consider each method in turn, using equation (19.0.3), with finite-difference
representation (19.0.6), asamodel example. Generally speaking, the methodsin this
section are faster, when they apply, than the simpler relaxation methods discussed
in §19.5; but they are not necessarily faster than the more complicated multigrid
methods discussed in §19.6.

Fourier Transform Method

The discrete inverse Fourier transform in both = and y is

1 J—1L—-1 B .
uj = J_L Z Z amne—27rzgm/Je—27r1ln/L (1942)

m=0 n=0

This can be computed using the FFT independently in each dimension, or else al at
once viathe routine fourn of §12.4 or theroutiner1£t3 of §12.5. Similarly,

1 J—1L-1
pj1 = J_L Z Z ﬁmne—2ﬂijm/J€—2ﬂiln/L (1943)

m=0 n=0

If we substitute expressions (19.4.2) and (19.4.3) in our model problem (19.0.6),
we find

amn (e2ﬂim/J _|_e—27'rim/J + e271'1'11/L + e—27'rin/L _ 4) _ ﬁmnAz (1944)

or ,
AmnA
Gon = p (19.4.5)
( 2rm 2mn >
2 | cos + cos — —
L
Thus the strategy for solving equation (19.0.6) by FFT techniquesis:
e Compute p,,,,, as the Fourier transform
J—1L—-1
ﬁmn — Z Z il e271'1'mj/J€27'm'nl/L (1946)
j=0 1=0

e Compute ,,, from equation (19.4.5).
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850 Chapter 19.  Partial Differential Equations

o Compute u;; by the inverse Fourier transform (19.4.2).
The above procedureisvalid for periodic boundary conditions. In other words,
the solution satisfies

Uil = Uj+Jg,0 = UjI+L (19.4.7)

Next consider aDirichlet boundary conditionu = 0 ontherectangular boundary.
Instead of the expansion (19.4.2), we now need an expansion in sine waves:

22 = ~ . min
Uj; = 3T mz ; U, 5111 5111 T (19.4.8)

This satisfies the boundary conditionsthat w = 0atj =0,J andatl = 0, L. If we
substitute this expansion and the analogous one for p;; into equation (19.0.6), we
find that the solution procedure parallels that for periodic boundary conditions:

e Compute p,,,, by the sine transform

J—1L-1 7'rln
Pon = > pj - (19.4.9)
=1 1l=1

(A fast sine transform algorithm was given in §12.3.)
e Compute u,,, from the expression anaogous to (19.4.5),

A2Z)\mn

um"—z( ‘7rm+ N 2)
CO8 — 4 €08 —

(19.4.10)

o Compute u;; by the inverse sine transform (19.4.8).

If we have inhomogeneous boundary conditions, for example « = 0 on al
boundaries except u = f(y) onthe boundary x = JA, we have to add to the above
solution a solution « of the homogeneous equation

%u  O%u

5t o =0 (19.4.11)

that satisfies the required boundary conditions. In the continuum case, this would
be an expression of the form

- nmy
A, h si 19.4.12
Z sin n (19412)

where A,, would be found by requiring that « = f(y) a « = JA. Inthe discrete
case, we have

—1 .
2 . l
= 2> Aysinh % sin % (19.4.13)
n=1
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19.4 Fourier and Cyclic Reduction Methods 851

If f(y =1A) = f;, then we get A,, from the inverse formula

L-1
1 mnl
A, = = Sin —— 19.4.14

sinh ; Jisin L ( )

The complete solution to the problem is
u=uj +uj (19.4.15)

By adding appropriate terms of the form (19.4.12), we can handle inhomogeneous
terms on any boundary surface.

A much simpler procedure for handling inhomogeneous terms is to note that
whenever boundary terms appear on the left-hand side of (19.0.6), they can be taken
over to the right-hand side since they are known. The effective source term is
therefore p;; plus a contribution from the boundary terms. To implement this idea
formally, write the solution as

u=u+uP (19.4.16)

where v/ = 0 on the boundary, while v” vanishes everywhere except on the
boundary. There it takes on the given boundary value. In the above example, the
only nonzero values of v would be

ug; = fi (19.4.17)
The model equation (19.0.3) becomes
Vi = -VP +p (19.4.18)
or, in finite-difference form,
U;'+1,z =+ u;’—l,l =+ u;',z+1 =+ u;’,l—l - 4“;',1 =

(19.4.19)
- (uf+1,z + ujB—l,l =+ ufl—&-l =+ ujB,l—l - 4“51) + A%pjy

All the u® termsin equation (19.4.19) vanish except when the equation is evaluated
aj=J-—1, where

wlyy Fuly oy T Uy g Uy — Ay = —fi+ A%pyoay (19.4.20)

Thus the problem is now equivalent to the case of zero boundary conditions, except
that one row of the source term is modified by the replacement

A2pJ_1’l — Azpj_l’l — .fl (19421)

The case of Neumann boundary conditions Vu = 0 is handled by the cosine
expansion (12.3.17):

22 <
wi= T2

m=0 n=0

1

L .
l
ZN Wymn COS W]Jm cos % (19.4.22)
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852 Chapter 19.  Partial Differential Equations

Here the double prime notation means that the terms for m = 0 and m = J should
be multiplied by % and similarly for n = 0 and n = L. Inhomogeneous terms
Vu = g can be again included by adding a suitable solution of the homogeneous
equation, or more simply by taking boundary terms over to the right-hand side.
For example, the condition

ou

_— at = 19.4.23
becomes
Uy g —uU-11
Lt LA 19.4.24
IA agi ( )

where g; = g(y = IA). Once again we write the solution in the form (19.4.16),
where now Vv’ = 0 on the boundary. Thistime Vu” takes on the prescribed value
on the boundary, but «” vanishes everywhere except just outside the boundary.
Thus equation (19.4.24) gives

uly = —2Ag, (19.4.25)
All the u” terms in equation (19.4.19) vanish except when j = 0:
w4 uh g ougog — 4duhy = 2A8g; 4+ A%po (19.4.26)

Thus ' is the solution of a zero-gradient problem, with the source term modified
by the replacement

APpo; — APpo;+ 2Ag, (19.4.27)

Sometimes Neumann boundary conditions are handled by using a staggered
grid, with the u’s defined midway between zone boundaries so that first derivatives
are centered on the mesh points. You can solve such problems using similar
techniques to those described above if you use the aternative form of the cosine
transform, equation (12.3.23).

Cyclic Reduction

Evidently the FFT method works only when the original PDE has constant
coefficients, and boundaries that coincide with the coordinate lines. An alternative
algorithm, which can be used on somewhat more genera equations, is called cyclic
reduction (CR).

We illustrate cyclic reduction on the equation

J?u 0% ou
e Tt b2+ el = (o) (19428

This form arises very often in practice from the Helmholtz or Poisson eguationsin
polar, cylindrical, or spherical coordinate systems. More general separable equations
are trested inf[1].
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19.4 Fourier and Cyclic Reduction Methods 853

The finite-difference form of equation (19.4.28) can be written as a set of
vector equations

Uj—1+T-Uj + U = g;A° (19.4.29)

Heretheindex j comes from differencing in the z-direction, while they-differencing
(denoted by the index [ previously) has been left in vector form. The matrix T
has the form

T=B-21 (19.4.30)

wherethe21 comes from the z-differencing and thematrix B from the y-differencing.
The matrix B, and hence T, is tridiagona with variable coefficients.

The CR method is derived by writing down three successive eguations like
(19.4.29):

U o+ T-Uj1+Uu; =g, A?
Uj—1 + T - Uj + Ujp = g;A? (19.4.31)

Uj + T - Ujgr + Ujpo = g4, A

Matrix-multiplying the middle equation by —T and then adding the three equations,
we get

Ujmo + TD U + ujyn = gfVA (19.4.32)
This is an equation of the same form as (19.4.29), with

TW =21 -T2
(19.4.33)
9§-l) = A2(93'—1 -T-9;+041)

After one level of CR, we have reduced the number of equations by a factor of
two. Since the resulting equations are of the same form as the original equation, we
can repeat the process. Taking the number of mesh points to be a power of 2 for
simplicity, we finally end up with asingle equation for the central line of variables:
T g =A%), —up —uy (19.4.34)

Here we have moved uy and u; to the right-hand side because they are known
boundary values. Equation (19.4.34) can be solved for u;/; by the standard
tridiagonal agorithm. Thetwo equationsat level f —1involveu ;4 and usz ;4. The
equation for u ;4 involvesug and u 5/, both of which are known, and hence can be
solved by the usual tridiagonal routine. A similar result holds true at every stage,
so we end up solving J — 1 tridiagonal systems.

In practice, equations (19.4.33) should be rewritten to avoid numerica instabil-
ity. For these and other practical details, refer to[2].
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854 Chapter 19.  Partial Differential Equations

FACR Method

The best way to solve equations of the form (19.4.28), including the constant
coefficient problem (19.0.3), isacombination of Fourier analysisand cyclicreduction,
the FACR method [3-6]. If at the rth stage of CR we Fourier analyze the equations of
the form (19.4.32) along y, that is, with respect to the suppressed vector index, we
will have a tridiagona system in the x-direction for each y-Fourier mode:

@+ AT Ak, = A2g0F (19.4.35)

Here )\,(:) is the eigenvalue of TM corresponding to the kth Fourier mode. For

the equation (19.0.3), equation (19.4.5) shows that )\,(:) will involve terms like
cos(2rk/L) — 2 raised to apower. Solvethetridiagona systems for a§ at thelevels
j=2"2x2".4x2" .., J—2". Fourier synthesize to get the y-values on these
z-lines. Then fill in the intermediate z-lines as in the original CR agorithm.

The trick is to choose the number of levels of CR so as to minimize the total
number of arithmetic operations. One can show that for atypical case of a128x128
mesh, the optimal level isr = 2; asymptotically, » — log,(log, J).

A rough estimate of running times for these algorithms for equation (19.0.3)
is as follows: The FFT method (in both = and %) and the CR method are roughly
comparable. FACR with » = 0 (that is, FFT in one dimension and solve the
tridiagonal equations by the usual agorithm in the other dimension) gives about a
factor of two gain in speed. The optimal FACR with » = 2 gives another factor
of two gain in speed.

CITED REFERENCES AND FURTHER READING:
Swartzrauber, P.N. 1977, SIAM Review, vol. 19, pp. 490-501. [1]

Buzbee, B.L, Golub, G.H., and Nielson, C.W. 1970, SIAM Journal on Numerical Analysis, vol. 7,
pp. 627-656; see also op. cit. vol. 11, pp. 753-763. [2]

Hockney, R.W. 1965, Journal of the Association for Computing Machinery, vol. 12, pp. 95-113. [3]

Hockney, R.W. 1970, in Methods of Computational Physics, vol. 9 (New York: Academic Press),
pp. 135-211. [4]

Hockney, R.W., and Eastwood, J.W. 1981, Computer Simulation Using Particles (New York:
McGraw-Hill), Chapter 6. [5]

Temperton, C. 1980, Journal of Computational Physics, vol. 34, pp. 314-329. [6]

19.5 Relaxation Methods for Boundary Value
Problems

As we mentioned in §19.0, relaxation methods involve splitting the sparse
meatrix that arises from finite differencing and then iterating until a solutionisfound.

There is another way of thinking about relaxation methods that is somewhat
more physical. Suppose we wish to solve the dliptic equation

Lu=p (19.5.1)
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19.5 Relaxation Methods for Boundary Value Problems 855

where £ represents some elliptic operator and p is the source term. Rewrite the
equation as a diffusion equation,

— =Lu— 1952

5 = Lu—p ( )
An initia distribution u relaxes to an equilibrium solution as t — oo. This
equilibrium has al time derivatives vanishing. Therefore it is the solution of the
origina ellipticproblem (19.5.1). We seethat al themachinery of §19.2, ondiffusive
initial value equations, can be brought to bear on the solution of boundary value

problems by relaxation methods.

Let usapply thisideato our model problem (19.0.3). The diffusion equation is
ou  0%u &

R + 0 —p (19.5.3)

If we use FTCS differencing (cf. equation 19.2.4), we get

U/jj'l = uj,l —+ F (uj—l—l,l + uj—l,l + Uj7l+1 + uj,l—l — 4uj7l) — pj,lAt (1954)
Recall from (19.2.6) that FTCS differencingis stablein one spatia dimensiononly if
At/A? < 1. Intwo dimensions this becomes At/A? < 1. Suppose wetry to take
the largest possibletimestep, and set At = A?%/4. Then equation (19.5.4) becomes

1 A2
wirt =7 (g uio e i) = (1955)

Thus the algorithm consists of using the average of v at its four nearest-neighbor
points on the grid (plus the contribution from the source). This procedure is then
iterated until convergence.

This method is in fact a classica method with origins dating back to the
last century, called Jacobi’s method (not to be confused with the Jacobi method
for eigenvalues). The method is not practical because it converges too slowly.
However, it is the basis for understanding the modern methods, which are aways
compared with it.

Another classical method is the Gauss-Seidel method, which turns out to be
important in multigrid methods (§19.6). Here we make use of updated values of « on
theright-hand side of (19.5.5) as soon as they become available. In other words, the
averaging is done “in place” instead of being “copied” from an earlier timestep to a
later one. If we are proceeding along the rows, incrementing j for fixed I, we have
A2

= pid (19.5.6)

1
n+1l __ n n+1 n n+1
u = — (uj 1,0 +uj_17l —|—uj7l 1 —|—uj7l_1) — 1

gl 4
Thismethod isalso slowly converging and only of theoretical interest when used by
itself, but some analysis of it will be instructive.

Let us look at the Jacobi and Gauss-Seidel methods in terms of the matrix
splitting concept. We change notation and call u “x,” to conform to standard matrix
notation. To solve

A-x=b (19.5.7)
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856 Chapter 19.  Partial Differential Equations

we can consider splitting A as
A=L+D+U (19.5.8)

where D is the diagona part of A, L is the lower triangle of A with zeros on the
diagonal, and U is the upper triangle of A with zeros on the diagonal .
In the Jacobi method we write for the rth step of iteration

D-x" =—(L+U)-x""D4p (19.5.9)

For our model problem (19.5.5), D issimply the identity matrix. The Jacobi method
converges for matrices A that are “diagonally dominant” in a sense that can be
made mathematically precise. For matrices arising from finite differencing, this
condition is usually met.

What is the rate of convergence of the Jacobi method? A detailed anadysisis
beyond our scope, but here is some of the flavor: The matrix —D~' - (L + U) is
the iteration matrix which, apart from an additive term, maps one set of x’sinto the
next. The iteration matrix has eigenvalues, each one of which reflects the factor by
which the amplitude of a particular eigenmode of undesired residual is suppressed
during one iteration. Evidently those factors had better al have modulus < 1 for
the relaxation to work at al! The rate of convergence of the method is set by the
rate for the dlowest-decaying eigenmode, i.e., the factor with largest modulus. The
modulus of thislargest factor, therefore lying between 0 and 1, is called the spectral
radius of the relaxation operator, denoted p;.

The number of iterations r required to reduce the overall error by a factor
1077 is thus estimated by

pln10

r —Tnpy) (19.5.10)

In general, the spectral radius ps goes asymptotically to the value 1 as the grid
size J is increased, so that more iterations are required. For any given equation,
grid geometry, and boundary condition, the spectral radius can, in principle, be
computed analytically. For example, for equation (19.5.5) on a J x J grid with
Dirichlet boundary conditions on al four sides, the asymptotic formula for large
J turns out to be

71,2

The number of iterationsr required to reduce the error by afactor of 10~? isthus

2pJ2In10 1
e LGo ~ ZpJ? (19.5.12)
™ 2

In other words, the number of iterationsis proportional to the number of mesh points,
J2. Since 100 x 100 and larger problems are common, it is clear that the Jacobi
method is only of theoretical interest.
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19.5 Relaxation Methods for Boundary Value Problems 857

The Gauss-Seidel method, equation (19.5.6), corresponds to the matrix de-
composition

(L+D) x" =—-U-x""Y 4+b (19.5.13)

The fact that L is on the left-hand side of the equation follows from the updating
in place, as you can easily check if you write out (19.5.13) in components. One
can show [1-3] that the spectral radius isjust the square of the spectral radius of the
Jacobi method. For our model problem, therefore,

pel- (19.5.14)
2In10 1
e w ~ opJ° (19.5.15)

The factor of two improvement in the number of iterations over the Jacobi method
il leaves the method impractical.

Successive Overrelaxation (SOR)

We get abetter algorithm — one that was the standard a gorithm until the 1970s
— if we make an overcorrection to the value of x(*) at the rth stage of Gauss-Seidel
iteration, thus anticipating future corrections. Solve (19.5.13) for x("), add and
subtract x("~1) on the right-hand side, and hence write the Gauss-Seidel method as

X =x=D (L 4+D)"" - [(L+D+U)-xO"1 —p] (19.5.16)
The term in square brackets is just the residual vector £~ so
X =xr=b _ (L 4 D)7t Y (19.5.17)
Now overcorrect, defining
X = xr=1) _ (L 4+ D). gD (19.5.18)

Here w is called the overrelaxation parameter, and the method is called successive
overrelaxation (SOR).

The following theorems can be proved [1-3]:

e The method is convergent only for 0 < w < 2. If 0 < w < 1, we speak
of underrelaxation.

e Under certain mathematical restrictions generally satisfied by matrices
arising from finite differencing, only overrelaxation (1 < w < 2) can give
faster convergence than the Gauss-Seidel method.

o If pyaconi 1S the spectral radius of the Jacobi iteration (so that the square
of it is the spectral radius of the Gauss-Seidd iteration), then the optimal
choice for w is given by

w = 2 (19.5.19)

1+ Vl_pﬁacobi
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858 Chapter 19.  Partial Differential Equations

e For this optimal choice, the spectral radius for SOR is

2
PSOR=< Placobi ) (19.5.20)

1+ Vl_pﬁacobi

As an application of the above results, consider our model problem for which
PJacobi 1S given by equation (19.5.11). Then equations (19.5.19) and (19.5.20) give

2

~ 19521
YEIT w/J ( )

2
psor = 1 — 77T forlarge J (19.5.22)

Equation (19.5.10) gives for the number of iterations to reduce the initia error by
a factor of 1077,

Jnlo 1
b 2: ~ op (19.5.23)

~

Comparing with equation (19.5.12) or (19.5.15), we see that optimal SOR requires
of order J iterations, as opposed to of order J2. Since J istypicaly 100 or larger,
this makes a tremendous difference! Equation (19.5.23) leads to the mnemonic
that 3-figure accuracy (p = 3) requires a number of iterations equal to the number
of mesh points along a side of the grid. For 6-figure accuracy, we require about
twice as many iterations.

How do we choose w for a problem for which the answer is not known
analyticaly? That is just the weak point of SOR! The advantages of SOR abtain
only in afairly narrow window around the correct value of w. It is better to take w
dlightly too large, rather than slightly too small, but best to get it right.

One way to choose w is to map your problem approximately onto a known
problem, replacing the coefficientsin the equation by average values. Note, however,
that the known problem must have the same grid size and boundary conditionsas the
actua problem. We give for reference purposes the value of pjacon; for our model
problem on arectangular J x L grid, allowing for the possibility that Az # Ay:

[¢e} + (Ar) co il
S — — s —
J T\ A L
Placobi = v/ (19.5.24)
14 (A
Ay

Equation (19.5.24) holds for homogeneous Dirichlet or Neumann boundary condi-
tions. For periodic boundary conditions, make the replacement = — 27.

A second way, which is especially useful if you plan to solve many similar
elliptic equations each time with dightly different coefficients, is to determine the
optimum value w empirically on the first equation and then use that value for the
remaining equations. Various automated schemes for doing this and for “seeking
out” the best values of w are described in the literature.

While the matrix notation introduced earlier is useful for theoretical analyses,
for practical implementation of the SOR algorithm we need explicit formulas.
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19.5 Relaxation Methods for Boundary Value Problems 859

Consider a general second-order eliptic equation in = and y, finite differenced on
a square as for our model equation. Corresponding to each row of the matrix A
is an equation of the form

ajiprn +bjiui—10 4 ¢jaug i + djaugi-1 + ejaug = fi (19.5.25)

For our model equation, wehad a = b = ¢ = d = 1,e = —4. The quantity
f is proportiona to the source term. The iterative procedure is defined by solving
(19.5.25) for wu;,:
« 1
w = (fi = ajaujran = bjauwj—11 = ciaujipr — djauji-1)  (19.5.26)
s
Then w39™ is a weighted average

ul = w1 - w)udy (19.5.27)

We calculate it as follows. The residual at any stage is
Ei0 = ajaujprg +bjaug 1+ ciaugie +djugao1 +ejaugg — i (19.5.28)

and the SOR agorithm (19.5.18) or (19.5.27) is

wh = udf — Wil (19.5.29)
€5,1

This formulation is very easy to program, and the norm of the residual vector ¢, ;
can be used as a criterion for terminating the iteration.

Another practical point concerns the order in which mesh points are processed.
The obvious strategy is simply to proceed in order down the rows (or columns).
Alternatively, suppose we divide the mesh into “odd” and “even” meshes, like the
red and black sguares of a checkerboard. Then equation (19.5.26) shows that the
odd points depend only on the even mesh values and vice versa. Accordingly,
we can carry out one half-sweep updating the odd points, say, and then another
half-sweep updating the even points with the new odd values. For the version of
SOR implemented below, we shall adopt odd-even ordering.

The last practical point is that in practice the asymptotic rate of convergence
in SOR is not attained until of order J iterations. The error often grows by a
factor of 20 before convergence setsin. A trivial modification to SOR resolves this
problem. It is based on the observation that, while w is the optimum asymptotic
relaxation parameter, it is not necessarily a good initia choice. In SOR with
Chebyshev acceleration, one uses odd-even ordering and changes w at each half-
sweep according to the following prescription:

w® =1
w(l/?) = 1/(1 - p%acobi/2)

(19.5.30)
W2 — /(1 — p2 @™ /), n=1/2,1,...,00

o
w( ) — Woptimal
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860 Chapter 19.  Partial Differential Equations

The beauty of Chebyshev acceleration isthat the norm of the error always decreases
with each iteration. (This is the norm of the actua error in w;,;. The norm of
the residua ¢;,; need not decrease monotonically.) While the asymptotic rate of
convergence is the same as ordinary SOR, there is never any excuse for not using
Chebyshev acceleration to reduce the total number of iterations required.

Here we give aroutine for SOR with Chebyshev acceleration.

SUBROUTINE sor(a,b,c,d,e,f,u, jmax,rjac)
INTEGER jmax,MAXITS
DOUBLE PRECISION rjac,a(jmax,jmax),b(jmax, jmax),
c(jmax, jmax) ,d(jmax, jmax) ,e(jmax, jmax),
f (jmax, jmax) ,u(jmax, jmax) ,EPS
PARAMETER (MAXITS=1000,EPS=1.d-5)
Successive overrelaxation solution of equation (19.5.25) with Chebyshev acceleration. a,
b, ¢, d, e, and £ are input as the coefficients of the equation, each dimensioned to the
grid size JMAX x JMAX. u is input as the initial guess to the solution, usually zero, and
returns with the final value. rjac is input as the spectral radius of the Jacobi iteration,
or an estimate of it.
INTEGER ipass,j,jsw,1l,1lsw,n
DOUBLE PRECISION anorm,anormf,
omega,resid Double precision is a good idea for JMAX bigger than about 25.
anormf=0.d0 Compute initial norm of residual and terminate iteration when
do 12 j=2,jmax-1 norm has been reduced by a factor EPS.
dou 1=2, jmax-1
anormf=anormf+abs (£ (j,1)) Assumes initial u is zero.
enddo 11
enddo 12
omega=1.d0
do 16 n=1,MAXITS
anorm=0.d0
jsw=1
do 15 ipass=1,2 Odd-even ordering.
lsw=jsw
dou j=2,jmax-1
do 13 1=1sw+1, jmax-1,2
resid=a(j,1)*u(j+1,1)+b(j,1)*u(j-1,1)+
c(j,1)*u(j,1+1)+d(j, 1) *u(j,1-1)+
e(j,D*u(j,-£(j,1)
anorm=anorm+abs(resid)
u(j,l)=u(j,1l)-omega*resid/e(j,1)
enddo 13
lsw=3-1lsw
enddo 14
jsw=3-jsw
if(n.eq.1.and.ipass.eq.1) then
omega=1.d0/(1.d0-.5d0*rjac**2)
else
omega=1.d0/(1.d0-.25d0*rjac**2*omega)
endif
enddo 15
if (anorm.1lt.EPS*anormf)return
enddo 16
pause ’MAXITS exceeded in sor’
END

The main advantage of SOR is that it is very easy to program. Its main
disadvantage is that it is still very inefficient on large problems.
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19.5 Relaxation Methods for Boundary Value Problems 861

ADI (Alternating-Direction Implicit) Method

The ADI method of §19.3 for diffusion equations can beturned into arel axation
method for dliptic equations[1-4]. In §19.3, we discussed ADI as a method for
solving the time-dependent heat-flow equation

ou 9
o =V (19.5.31)

By lettingt — oo one also gets an iterative method for solving the éliptic equation
Viu=p (19.5.32)

In either case, the operator splitting is of the form
L=L.~+L, (19.5.33)

where £, represents the differencing in « and £, that in y.
For example, in our model problem (19.0.6) with Az = Ay = A, we have

Low = 2ujp —ujy1l — Uj-1,
(19.5.34)
Lyuw = 2uji —wjit1 = uji-1

More complicated operators may be similarly split, but there is some art involved.
A bad choice of splitting can lead to an algorithm that fails to converge. Usually
one tries to base the splitting on the physical nature of the problem. We know for
our model problem that an initial transient diffuses away, and we set up the z and
y splitting to mimic diffusion in each dimension.

Having chosen a splitting, we difference the time-dependent equation (19.5.31)
implicitly in two half-steps:

un+1/2 —uh _ _Erun+1/2 + Eyu" B
At)2 A2
un+1 _ un+1/2 _ Exu"“ﬂ + Eyu""’l (19535)
At/2 o A2

(cf. equation 19.3.16). Here we have suppressed the spatial indices (5, ). In matrix
notation, equations (19.5.35) are

(Ly+71)-unt/2 =(r1—L,)-u" — A% (19.5.36)
(Ly +71) -untt = (rl—L,)-u"tt/2 - A2)p (19.5.37)
where
202
=" 19.5.38
"= A ( )

The matrices on the left-hand sides of equations (19.5.36) and (19.5.37) are
tridiagonal (and usualy positive definite), so the equations can be solved by the
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862 Chapter 19.  Partial Differential Equations

standard tridiagonal algorithm. Givenu™, onesolves(19.5.36) for u™+1/2, substitutes
on the right-hand side of (19.5.37), and then solves for u™*!. The key question
is how to choose the iteration parameter r, the analog of a choice of timestep for
an initial value problem.

As usud, the goal is to minimize the spectral radius of the iteration matrix.
Although it is beyond our scope to go into details here, it turns out that, for the
optimal choice of r, the ADI method has the same rate of convergence as SOR.
The individual iteration steps in the ADI method are much more complicated than
in SOR, so the ADI method would appear to be inferior. Thisisin fact true if we
choose the same parameter r for every iteration step. However, it is possible to
choose a different r for each step. If thisis done optimally, then ADI is generally
more efficient than SOR. We refer you to the literature[1-4] for details.

Our reason for not fully implementing ADI here is that, in most applications,
it has been superseded by the multigrid methods described in the next section. Our
advice is to use SOR for trivial problems (eg., 20 x 20), or for solving a larger
problem once only, where ease of programming outweighs expense of computer
time. Occasionally, the sparse matrix methods of §2.7 are useful for solving a set
of difference equations directly. For production solution of large eliptic problems,
however, multigrid is now almost aways the method of choice.

CITED REFERENCES AND FURTHER READING:

Hockney, R.W., and Eastwood, J.W. 1981, Computer Simulation Using Particles (New York:
McGraw-Hill), Chapter 6.

Young, D.M. 1971, Iterative Solution of Large Linear Systems (New York: Academic Press). [1]

Stoer, J., and Bulirsch, R. 1980, Introduction to Numerical Analysis (New York: Springer-Verlag),
§68.3-8.6. [2]

Varga, R.S. 1962, Matrix Iterative Analysis (Englewood Cliffs, NJ: Prentice-Hall). [3]

Spanier, J. 1967, in Mathematical Methods for Digital Computers, Volume 2 (New York: Wiley),
Chapter 11. [4]

19.6 Multigrid Methods for Boundary Value
Problems

Practical multigrid methods werefirst introduced in the 1970s by Brandt. These
methods can solve elliptic PDEs discretized on N grid pointsin O(N) operations.
The “rapid” direct dliptic solvers discussed in §19.4 solve special kinds of dliptic
equationsin O(N log N) operations. The numerical coefficients in these estimates
are such that multigrid methods are comparable to the rapid methods in execution
speed. Unlike the rapid methods, however, the multigrid methods can solve genera
elliptic equations with nonconstant coefficients with hardly any loss in efficiency.
Even nonlinear equations can be solved with comparable speed.

Unfortunately there is not a single multigrid algorithm that solves all eliptic
problems. Rather there is a multigrid technique that provides the framework for
solving these problems. You have to adjust the various components of the algorithm
within this framework to solve your specific problem. We can only give a brief
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19.6 Multigrid Methods for Boundary Value Problems 863

introduction to the subject here. In particular, we will give two sample multigrid
routines, one linear and one nonlinear. By following these prototypes and by
perusing the references [1-4], you should be able to develop routines to solve your
own problems.

Therearetwo related, but distinct, approachesto theuse of multigridtechniques.
Thefirst, termed “the multigrid method,” isameans for speeding up the convergence
of a traditional relaxation method, as defined by you on a grid of pre-specified
fineness. In thiscase, you need define your problem (e.g., evaluate its source terms)
only on this grid. Other, coarser, grids defined by the method can be viewed as
temporary computationa adjuncts.

The second approach, termed (perhaps confusingly) “the full multigrid (FMG)
method,” requires you to be able to define your problem on grids of various sizes
(generally by discretizing the same underlying PDE into different-sized sets of finite-
difference equations). In this approach, the method obtains successive solutionson
finer and finer grids. You can stop the solution either at a pre-specified fineness, or
you can monitor the truncation error due to the discretization, quitting only when
it is tolerably small.

Inthissection wewill first discussthe“multigrid method,” then use the concepts
developed to introduce the FMG method. The latter algorithm is the one that we
implement in the accompanying programs.

From One-Grid, through Two-Grid, to Multigrid

The key idea of the multigrid method can be understood by considering the
simplest case of a two-grid method. Suppose we are trying to solve the linear
eliptic problem

Lu=f (19.6.1)

where £ issome linear elipticoperator and f isthe sourceterm. Discretize equation
(19.6.1) on a uniform grid with mesh size h. Write the resulting set of linear
algebraic equations as

Lpup = fn (19.6.2)

Let uy, denote some approximate solution to equation (19.6.2). We will use the
symbol w;, to denote the exact solution to the difference equations (19.6.2). Then
the error in u; or the correction is

Vp = Up — ﬂh (19.6.3)
The residual or defect is
dn = Lpup — fn (19.6.4)

(Beware: some authors define residual as minusthe defect, and thereisnot universal
agreement about which of these two quantities 19.6.4 defines.) Since £, is linear,
the error satisfies

,Ch’Uh = —dh (19.6.5)
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864 Chapter 19.  Partial Differential Equations

At this point we need to make an approximation to £y, in order to find v;,. The
classical iteration methods, such as Jacobi or Gauss-Seidel, do this by finding, at
each stage, an approximate solution of the equation

Lyon = —dp, (19.6.6)

where £, is a“simpler” operator than £;,. For example, L), isthe diagona part of
Ly, for Jacobi iteration, or the lower triangle for Gauss-Seidd iteration. The next
approximation is generated by

ne

ah Y =y, + U, (19.6.7)

Now consider, as an dternative, a completely different type of approximation
for L, one in which we “coarsify” rather than “simplify.” That is, we form some
appropriate approximation Ly of L5, on a coarser grid with mesh size H (we will
alwaystake H = 2h, but other choices are possible). The residual eguation (19.6.5)
is now approximated by

,CH’UH = —dH (19.6.8)

Since L has smaller dimension, this equation will be easier to solve than equation
(19.6.5). To define the defect d; on the coarse grid, we need a restriction operator
R that restricts d;, to the coarse grid:

dg = Rdp (19.6.9)

The restriction operator is aso called the fine-to-coarse operator or the injection
operator. Once we have a solution vy to equation (19.6.8), we need a prolongation
operator P that prolongates or interpolates the correction to the fine grid:

U = Py (19.6.10)

The prolongation operator is also caled the coarse-to-fine operator or the inter-
polation operator. Both R and P are chosen to be linear operators. Finally the
approximation wy can be updated:

ne

up®™ = up, + vp, (19.6.11)
One step of this coarse-grid correction scheme is thus:

Coarse-Grid Correction

Compute the defect on the fine grid from (19.6.4).

Restrict the defect by (19.6.9).

Solve (19.6.8) exactly on the coarse grid for the correction.
Interpolate the correction to the fine grid by (19.6.10).
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19.6 Multigrid Methods for Boundary Value Problems 865

e Compute the next approximation by (19.6.11).

Let’scontrast the advantages and di sadvantages of rel axation and the coarse-grid
correction scheme. Consider theerror v;, expandedinto adiscrete Fourier series. Call
the components in the lower half of the frequency spectrum the smooth components
and the high-frequency components the nonsmooth components. We have seen that
rel axation becomes very dowly convergent inthelimit h — 0, i.e,, when therearea
large number of mesh points. The reason turns out to be that the smooth components
are only slightly reduced in amplitude on each iteration. However, many relaxation
methods reduce the amplitude of the nonsmooth components by large factors on
each iteration: They are good smoothing operators.

For the two-grid iteration, on the other hand, components of the error with
wavelengths < 2H are not even representable on the coarse grid and so cannot be
reduced to zero on thisgrid. Butit isexactly these high-frequency components that
can be reduced by relaxation on the fine grid! This leads us to combine the ideas
of relaxation and coarse-grid correction:

Two-Grid Iteration

e Pre-smoothing: Compute u;, by applying v1 > 0 steps of a relaxation

method to wuy,.

e Coarse-grid correction: As above, using u,, to give u;".

o Post-smoothing: Computeu ;™ by applying v, > 0 steps of therelaxation

method to @)™,

It is only a short step from the above two-grid method to a multigrid method.
Instead of solving the coarse-grid defect equation (19.6.8) exactly, we can get
an approximate solution of it by introducing an even coarser grid and using the
two-grid iteration method. If the convergence factor of the two-grid method is
small enough, we will need only a few steps of thisiteration to get a good enough
approximate solution. We denote the number of such iterations by ~. Obvioudy
we can apply this idea recursively down to some coarsest grid. There the solution
isfound easily, for example by direct matrix inversion or by iterating the relaxation
scheme to convergence.

One iteration of a multigrid method, from finest grid to coarser grids and back
to finest grid again, is called a cycle. The exact structure of a cycle depends on
the value of ~, the number of two-grid iterations at each intermediate stage. The
casey = 1 iscalled aV-cycle whiley = 2 iscalled aW-cycle (see Figure 19.6.1).
These are the most important cases in practice.

Note that once more than two grids are involved, the pre-smoothing steps after
the first one on the finest grid need an initial approximation for the error v. This
should be taken to be zero.

Smoothing, Restriction, and Prolongation Operators

The most popular smoothing method, and the one you should try first, is
Gauss-Seiddl, sinceit usualy leadsto agood convergencerate. If we order the mesh
points from 1 to NN, then the Gauss-Seidel scheme is

N
ui:_(;Lijuj_fi)Lin i=1,...,N (19.6.12)

JFi
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866 Chapter 19.  Partial Differential Equations

s ©
2-grid

y=1

Figure 19.6.1.  Structure of multigrid cycles. S denotes smoothing, while E denotes exact solution
on the coarsest grid. Each descending line \ denotesrestriction (R) and each ascending line / denotes
prolongation (P). The finest grid is at the top level of each diagram. For the V-cycles (y = 1) theE
step is replaced by one 2-grid iteration each time the number of grid levels is increased by one. For the
We-cycles (y = 2), each E step gets replaced by two 2-grid iterations.

where new values of u are used on theright-hand side as they become available. The
exact form of the Gauss-Seidel method depends on the ordering chosen for the mesh
points. For typical second-order dliptic equations like our model problem equation
(19.0.3), as differenced in equation (19.0.8), it is usualy best to use red-black
ordering, making one pass through the mesh updating the “even” points (likethe red
squares of a checkerboard) and another pass updating the “odd” points (the black
squares). When quantities are more strongly coupled along one dimension than
another, one should relax a whole line aong that dimension simultaneoudly. Line
relaxation for nearest-neighbor coupling involves solving a tridiagonal system, and
so isdtill efficient. Relaxing odd and even lines on successive passes is called zebra
relaxation and is usually preferred over ssimple line relaxation.

Note that SOR should not be used as a smoothing operator. The overrelaxation
destroys the high-frequency smoothing that is so crucial for the multigrid method.

A succint notation for the prolongation and restriction operatorsisto give their
symbol. The symbol of P isfound by considering v to be 1 at some mesh point
(z,vy), zero elsewhere, and then asking for the values of Pvy. The most popular
prolongation operator is simple bilinear interpolation. It gives nonzero values at

the9 points (z, y), (x + h,y), ..., (x — h,y — h), wherethevaluesare1, 1,.. ., 1.
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19.6 Multigrid Methods for Boundary Value Problems 867

Its symbol is therefore

1

—
PN SN

N— |

(19.6.13)

N = N

PN SN
| I

The symbol of R isdefined by considering vy, to be defined everywhere on the
fine grid, and then asking what is Rvy, a (z,y) as alinear combination of these
values. The simplest possiblechoicefor R is straight injection, which means simply
filling each coarse-grid point with the value from the corresponding fine-grid point.
Its symbol is “[1].” However, difficulties can arise in practice with this choice. It
turnsout that asafe choicefor R isto makeit the adjoint operator to P. To definethe
adjoint, define the scalar product of two grid functions«;, and vy, for mesh size h as

(up|vp)n = h? Z up(x, y)op(z, y) (19.6.14)

z,y

Then the adjoint of P, denoted PT, is defined by
(ur|PTon) i = (Pus|vn)n (19.6.15)

Now take P to bebilinear interpolation, and chooseuy; = 1 a («, y), zero el sewhere.
Set Pt = R in (19.6.15) and H = 2h. You will find that

(Row) (z,y) = $Vn(@,Y) + §0n(z + h,y) + t5vn(@ + b,y +h) +--- (19.6.16)
(z,9) 1 ) 16

so that the symbol of R is

(19.6.17)

;|>—\ ool ;|>—\
00| x| 0ol
;|>—I ool ;|>—I

Note the simplerule; The symbol of R is i the transpose of the matrix defining the
symbol of P, equation (19.6.13). Thisruleisgeneral whenever R = PT and H = 2h.

Theparticular choice of R in(19.6.17) iscalled full weighting. Another popular
choice for R is half weighting, “halfway” between full weighting and straight
injection. Its symbol is

(19.6.18)

O o= O
00— N[ o=
O o= O

A similar notation can be used to describe the difference operator L. For
example, the standard differencing of the model problem, equation (19.0.6), is
represented by the five-point difference star

10
—4 1 (19.6.19)
10
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868 Chapter 19.  Partial Differential Equations

If you are confronted with a new problem and you are not sure what P and R
choices are likely to work well, here is a safe rule: Suppose m,, is the order of the
interpolation P (i.e., it interpolates polynomial s of degreem,, — 1 exactly). Suppose
m,. istheorder of R, and that R is the adjoint of some P (not necessarily the P you
intend to use). Then if m is the order of the differential operator £y, you should
setisfy the inequality m, + m, > m. For example, bilinear interpolation and its
adjoint, full weighting, for Poisson’s equation satisfy m,, + m, =4 > m = 2.

Of course the P and R operators should enforce the boundary conditions for
your problem. The easiest way to do thisis to rewrite the difference equation to
have homogeneous boundary conditions by modifying the source term if necessary
(cf. §19.4). Enforcing homogeneous boundary conditions smply requires the P
operator to produce zeros at the appropriate boundary points. The corresponding
R is then found by R = PT.

Full Multigrid Algorithm

So far we have described multigrid as an iterative scheme, where one starts
with some initial guess on the finest grid and carries out enough cycles (V-cycles,
W-cycles,. . .) to achieve convergence. Thisis the simplest way to use multigrid:
Simply apply enough cycles until some appropriate convergence criterion is met.
However, efficiency can beimproved by using the Full Multigrid Algorithm (FMG),
also known as nested iteration.

Instead of starting with an arbitrary approximation on the finest grid (e.g.,
up, = 0), the first approximation is obtained by interpolating from a coarse-grid
solution:

up = Pug (19.6.20)

The coarse-grid solutionitself isfound by asimilar FMG process from even coarser
grids. At the coarsest level, you start with the exact solution. Rather than proceed as
in Figure 19.6.1, then, FMG getstoits solution by a series of increasingly tall “N’s,”
each taller one probing a finer grid (see Figure 19.6.2).

Note that P in (19.6.20) need not be the same P used in the multigrid cycles.
It should be at least of the same order as the discretization £, but sometimes a
higher-order operator leads to greater efficiency.

It turns out that you usually need one or at most two multigrid cycles at each
level before proceeding down to the next finer grid. While there is theoretical
guidance on the required number of cycles (e.g., [2]), you can easily determine it
empirically. Fix the finest level and study the solution values as you increase the
number of cycles per level. The asymptotic value of the solutionisthe exact solution
of the difference equations. The difference between this exact solution and the
solution for a small number of cyclesis the iteration error. Now fix the number of
cyclesto belarge, and vary thenumber of levels, i.e., thesmallest value of 4 used. In
thisway you can estimate the truncation error for agiven h. In your final production
code, there is no point in using more cycles than you need to get the iteration error
down to the size of the truncation error.

The simple multigrid iteration (cycle) needs the right-hand side f only at the
finest level. FMG needs f at al levels. If the boundary conditionsare homogeneous,
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19.6 Multigrid Methods for Boundary Value Problems 869

Figure 19.6.2.  Structure of cycles for the full multigrid (FMG) method. This method starts on the
coarsest grid, interpolates, and then refines (by “V’s"), the solution onto grids of increasing fineness.

you can use fir = Rfy,. This prescription is not always safe for inhomogeneous
boundary conditions. Inthat case it is better to discretize f on each coarse grid.

Notethat the FM G a gorithm producesthesolutionon al levels. It can therefore
be combined with techniques like Richardson extrapolation.

We now give a routine mglin that implements the Full Multigrid Algorithm
for alinear equation, the model problem (19.0.6). It uses red-black Gauss-Seidel
as the smoothing operator, bilinear interpolation for P, and half-weighting for R.
To change the routine to handle another linear problem, al you need do is modify
the subroutines relax, resid, and slvsml appropriately. A feature of the routine
is the dynamical allocation of storage for variables defined on the various grids.
The subroutine maloc emulates the C function malloc. It allows you to write
subroutines that operate on two-dimensional arraysin the usua way, but to alocate
storage for these arrays in the calling program “on the fly” out of a single long
one-dimensional array.

SUBROUTINE mglin(u,n,ncycle)

INTEGER n,ncycle,NPRE,NPOST,NG,MEMLEN

DOUBLE PRECISION u(n,n)

PARAMETER (NG=5,MEMLEN=13*2%* (2*NG)/3+14*2*x*xNG+8*NG-100/3)

PARAMETER (NPRE=1,NPOST=1)

USES addi nt, copy, fill O, interp, mal oc, rel ax, resid, rstrct, sl vsni
Full Multigrid Algorithm for solution of linear elliptic equation, here the model problem
(19.0.6). On input u(1:n,1:n) contains the right-hand side p, while on output it returns
the solution. The dimension n is related to the number of grid levels used in the solution,
NG below, by n = 2**NG + 1. ncycle is the number of V-cycles to be used at each level.
Parameters: NG is the number of grid levels used; MEMLEN is the maximum amount of
memory that can be allocated by calls to maloc; NPRE and NPOST are the number of
relaxation sweeps before and after the coarse-grid correction is computed.

INTEGER j,jcycle,jj,jpost, jpre,mem,nf ,ngrid,nn,ires (NG),

irho (NG) ,irhs(NG) , iu(NG) ,maloc
DOUBLE PRECISION z

‘(eolIBWY YUON 9pISING) ¥n-oe:wed dno@ape) 0] [lews puss 1o ‘(AJuo eauswy YUON) £2Zt/-2/8-008-T (22 10 W02 1u MMM//:diy S)ISqam JISIA

SINOYAD 10 ‘sanaysip ‘sy00q sadioay [eauswnp Japio o] “pangiyosd Apouis si ‘1aindwod JaAias Aue 03 (suo siyy Buipnjour) sajl ajgepeal
-auiyoew jo Buifdoos Aue Jo ‘uononpolidal Jayun4 asn [euosiad umo Jiay) Joy Adod Jaded suo axewW 0} SIasN 18uIBIUI 10} pajueId SI uoIssIWIad

"alemyjos sadinay [eauswnN Aq z66T-986T (O) WyBLUAdOD swelbold ssaid Ausianiun sbpuqued Aq 266T-986T (O) WbLAdoD
(X-790€7-T2S-0 NESI) ONILNDNOD DIHILNTIOS 40 18V FHL 22 NVH1HO4d NI S3dIDIY TvOIHIWNN woyy abed sjdwes



870 Chapter 19.

Partial Differential Equations

COMMON /memory/ z(MEMLEN) ,mem
mem=0
nn=n/2+1
ngrid=NG-1
irho(ngrid)=maloc (nn**2)
call rstrct(z(irho(ngrid)),u,nn)
if (nn.gt.3) then
nn=nn/2+1
ngrid=ngrid-1
irho(ngrid)=maloc(nn**2)

Storage for grid functions is allocated by maloc
from array z.

Allocate storage for r.h.s. on grid NG — 1,

and fill it by restricting from the fine grid.

Similarly allocate storage and fill r.h.s. on all
coarse grids.

call rstrct(z(irho(ngrid)),z(irho(ngrid+1)) ,nn)

goto 1
endif
nn=3
iu(1)=maloc (nn**2)
irhs(1)=maloc(nn**2)
call slvsml(z(iu(1)),z(irho(1)))
ngrid=NG
do s j=2,ngrid
nn=2%nn-1
iu(j)=maloc(nn**2)
irhs(j)=maloc (nn**2)
ires(j)=maloc (nn**2)
call interp(z(iu(j)),z(iu(j-1)),nn)
if (j.ne.ngrid) then

call copy(z(irhs(j)),z(irho(j)) ,nn)

else
call copy(z(irhs(j)),u,nn)
endif
do1s jcycle=1,ncycle
nf=nn
don jj=j,2,-1
dou jpre=1,NPRE

Initial solution on coarsest grid.

Nested iteration loop.

Interpolate from coarse grid to next finer grid.

Set up r.h.s.

V-cycle loop.

Downward stoke of the V.
Pre-smoothing.

call relax(z(iu(jj)),z(irhs(jj)) ,nf)

enddo 11

call resid(z(ires(jj)),z(iu(jj)),z(irhs(jj)) ,nf)

nf=nf/2+1

call rstrct(z(irhs(jj-1)),z(ires(jj)) ,nf)
Restriction of the residual is the next r.h.s.

call £i110(z(iu(jj-1)) ,nf)
enddo 12
call slvsml(z(iu(1)),z(irhs(1)))
nf=3
dos jj=2,j

nf=2xnf-1

Zero for initial guess in next relaxation.
Bottom of V: solve on coarsest grid.

Upward stroke of V.

call addint(z(iu(jj)),z(iu(jj-1)),z(ires(jj)) ,nf)
Use res for temporary storage inside addint.
do 13 jpost=1,NPOST Post-smoothing.
call relax(z(iu(jj)),z(irhs(jj)) ,nf)

enddo 13
enddo 14
enddo 15
enddo 16
call copy(u,z(iu(ngrid)),n)
return
END

SUBROUTINE rstrct (uc,uf,nc)
INTEGER nc

Return solution in u.

DOUBLE PRECISION uc(nc,nc),uf (2*nc-1,2%nc-1)
Half-weighting restriction. nc is the coarse-grid dimension. The fine-grid solution is input
in uf (1:2*nc-1,1:2*nc-1), the coarse-grid solution is returned in uc(1:nc,1:nc).

INTEGER ic,if,jc,jf
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19.6 Multigrid Methods for Boundary Value Problems 871

do 12 jc=2,nc-1 Interior points.
jE=2%jc-1
do 11 ic=2,nc-1
if=2%ic-1
uc(ic,jc)=.5d0*uf (if,jf)+.125d0* (uf (if+1,jf)+
uf (if-1,jf)+uf (if,jf+1)+uf (if,jf-1))
enddo 11
enddo 12
do 13 ic=1,nc Boundary points.
uc(ic,1)=uf(2*ic-1,1)
uc(ic,nc)=uf (2*ic-1,2*nc-1)
enddo 13
do1s jc=1,nc
uc(l,je)=uf(1,2%jc-1)
uc(nc, jc)=uf (2*xnc-1,2xjc-1)
enddo 14
return
END

SUBROUTINE interp (uf,uc,nf)
INTEGER nf
DOUBLE PRECISION uc(nf/2+1,nf/2+1) ,uf (nf,nf)
INTEGER ic,if, jc,jf,nc
Coarse-to-fine prolongation by bilinear interpolation. nf is the fine-grid dimension. The
coarse-grid solution is input as uc(l:nc,1:nc), where nc = nf/2 + 1. The fine-grid
solution is returned in uf (1:nf,1:nf).
nc=nf/2+1
do 12 jec=1,nc Do elements that are copies.
jf=2%jc-1
do 11 ic=1,nc
uf (2xic-1,jf)=uc(ic,jc)

enddo 11
enddo 12
do 14 jf=1,nf,2 Do odd-numbered columns, interpolating ver-
do 13 if=2,nf-1,2 tically.
uf (if, j£)=.5d0*(uf (if+1,jf)+uf (if-1,jf))
enddo 13
enddo 14
dos jf=2,nf-1,2 Do even-numbered columns, interpolating hor-
do 15 if=1,nf izontally.
uf (if, j£)=.5d0*(uf (if, jf+1)+uf (if,jf-1))
enddo 15
enddo 16
return
END

SUBROUTINE addint (uf,uc,res,nf)
INTEGER nf
DOUBLE PRECISION res(nf,nf),uc(nf/2+1,nf/2+1) ,uf (nf,nf)
USES interp
Does coarse-to-fine interpolation and adds result to uf. nf is the fine-grid dimension. The
coarse-grid solution is input as uc(l:nc,1:nc), where nc = nf/2 + 1. The fine-grid
solution is returned in uf (1:nf,1:nf). res(1:nf,1:nf) is used for temporary storage.
INTEGER i, j
call interp(res,uc,nf)
do12 j=1,nf
dou i=1,nf
uf(i,j)=uf(i,j)+res(d,j)
enddo 11
enddo 12
return
END

"(eduBWY YUON 8pISIN0) yn'oe’weo dno@apel: 0} Jlews puas 1o ‘(AJuo eouswy YUON) £24/-2/8-008-T [0 J0 Woo Ju MMM//:dny SlISCam IISIA

SINOYAD 10 ‘sanaysip ‘sy00q sadioay [eauswnp Japio o] “pangiyosd Apouis si ‘1aindwod JaAias Aue 03 (suo siyy Buipnjour) sajl ajgepeal
-auiyoew jo Buifdoos Aue Jo ‘uononpolidal Jayun4 asn [euosiad umo Jiay) Joy Adod Jaded suo axewW 0} SIasN 18uIBIUI 10} pajueId SI uoIssIWIad

"alemyjos sadinay [eauswnN Aq z66T-986T (O) WyBLUAdOD swelbold ssaid Ausianiun sbpuqued Aq 266T-986T (O) WbLAdoD
(X-790€7-T2S-0 NESI) ONILNDNOD DIHILNTIOS 40 18V FHL 22 NVH1HO4d NI S3dIDIY TvOIHIWNN woyy abed sjdwes



872 Chapter 19.  Partial Differential Equations

SUBROUTINE slvsml(u,rhs)

DOUBLE PRECISION rhs(3,3),u(3,3)

USES fillO
Solution of the model problem on the coarsest grid, where h = % The right-hand side is
input in rhs(1:3,1:3) and the solution is returned in u(1:3,1:3).

DOUBLE PRECISION h

call £i110(u,3)

h=.5d0

1(2,2)=-h*h*rhs(2,2)/4.d0

return

END

SUBROUTINE relax(u,rhs,n)
INTEGER n
DOUBLE PRECISION rhs(n,n),u(n,n)
Red-black Gauss-Seidel relaxation for model problem. The current value of the solution
u(1l:n,1:n) is updated, using the right-hand side function rhs(1:n,1:n).
INTEGER i,ipass,isw,j,jsw
DOUBLE PRECISION h,h2
h=1.d0/(n-1)
h2=h*h
jsw=1
do 13 ipass=1,2 Red and black sweeps.
isw=jsw
do12 j=2,n-1
don i=isw+1,n-1,2 Gauss-Seidel formula.
u(i,j)=0.25d0*(u(i+1,j)+u(i-1,j)+u(i,j+1)
+u(i,j-1)-h2*rhs(i,j))
enddo 11
isw=3-isw
enddo 12
jsw=3-jsw
enddo 13
return
END

SUBROUTINE resid(res,u,rhs,n)

INTEGER n

DOUBLE PRECISION res(n,n),rhs(n,n),u(n,n)
Returns minus the residual for the model problem. Input quantities are u(1:n,1:n) and
rhs(1:n,1:n), while res(1:n,1:n) is returned.

INTEGER i, j

DOUBLE PRECISION h,h2i

h=1.40/(n-1)

h2i=1.d0/ (h*h)

do 12 j=2,n-1 Interior points.
dou i=2,n-1

res(i,j)=-h2ix(u(i+1,j)+u(i-1,j)+u(d,j+1)+u(i,j-1)-
4.d0%u(i,j))+rhs(d,j)

enddo 11

enddo 12

do13 i=1,n Boundary points.
res(i,1)=0.40
res(i,n)=0.40
res(1,i)=0.40
res(n,i)=0.40

enddo 13

return

END
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19.6 Multigrid Methods for Boundary Value Problems 873

SUBROUTINE copy (aout,ain,n)
INTEGER n
DOUBLE PRECISION ain(n,n),aout(n,n)
Copies ain(1:n,1:n) to aout(1:n,1:n).
INTEGER 1i,j
do12 i=1,n
dou j=1,n
aout(j,i)=ain(j,i)
enddo 11
enddo 12
return
END

SUBROUTINE £i110(u,n)
INTEGER n
DOUBLE PRECISION u(n,n)
Fills u(1:n,1:n) with zeros.
INTEGER i, j
do12 j=1,n
don i=1,n
u(i, j)=0.d0
enddo 11
enddo 12
return
END

FUNCTION maloc(len)

INTEGER maloc,len,NG,MEMLEN

PARAMETER (NG=5,MEMLEN=13*2%* (2*NG)/3+14*2*x*xNG+8*NG-100/3) for mglin

PARAMETER (NG=5,MEMLEN=17%2%% (2*NG)/3+18%*2**NG+10*NG-86/3) for mgfas, N.B.!

INTEGER mem

DOUBLE PRECISION z

COMMON /memory/ z(MEMLEN) ,mem
Dynamical storage allocation. Returns integer pointer to the starting position for 1en array
elements in the array z. The preceding array element is filled with the value of len, and
the variable mem is updated to point to the last element of z that has been used.

if (mem+len+1.gt.MEMLEN) pause ’insufficient memory in maloc’

z(mem+1)=1en

maloc=mem+2

mem=mem+len+1

return

END

The routinemglin is written for clarity, not maximum efficiency, so that it is
easy to modify. Several simple changes will speed up the execution time:

e Thedefect dj, vanishesidentically at all black mesh pointsafter ared-black
Gauss-Seidd step. Thus dyr = Rdy, for half-weighting reduces to simply
copying half the defect from thefine grid to the corresponding coarse-grid
point. The cals to resid followed by rstrct in the first part of the
V-cycle can be replaced by aroutine that loops only over the coarse grid,
filling it with haf the defect.

o Similarly, the quantity u)°" = uy + Pvy need not be computed ét red
mesh points, since they will immediately be redefined in the subsequent
Gauss-Seidel sweep. This means that addint need only loop over black
points.
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874 Chapter 19.  Partial Differential Equations

e You can speed up relax in several ways. First, you can have a special
formwhen theinitial guessiszero, and omit theroutinefi110. Next, you
can store h2 f;, on the various grids and save a multiplication. Finally, it
is possible to save an addition in the Gauss-Seidel formula by rewriting
it with intermediate variables.

e Ontypical problems, mglin withncycle = 1 will return a solution with
theiteration error bigger than the truncation error for the given size of h.
To knock the error down to the size of the truncation error, you have to
Set ncycle = 2 or, more cheaply, npre = 2. A more efficient way turns
out to be to use a higher-order P in (19.6.20) than thelinear interpolation
used in the V-cycle.

Implementing all the above features typically gives up to a factor of two
improvement in execution time and is certainly worthwhile in a production code.

Nonlinear Multigrid: The FAS Algorithm

Now turn to solving a nonlinear elliptic equation, which we write symbolically as
L(u)=0 (19.6.21)
Any explicit source term has been moved to the left-hand side. Suppose equation (19.6.21)
is suitably discretized:
Ln(un) =0 (19.6.22)

We will see below that in the multigrid algorithm we will have to consider equations where a
nonzero right-hand side is generated during the course of the solution:

Ln(ur) = fr (19.6.23)

Oneway of solving nonlinear problemswith multigrid isto use Newton’s method, which
produces linear equations for the correction term at each iteration. We can then use linear
multigrid to solve these equations. A great strength of the multigrid idea, however, is that it
can be applied directly to nonlinear problems. All we need is a suitable nonlinear relaxation
method to smooth the errors, plus a procedure for approximating corrections on coarser grids.
This direct approach is Brandt's Full Approximation Storage Algorithm (FAS). No nonlinear
equations need be solved, except perhaps on the coarsest grid.

To develop the nonlinear algorithm, suppose we have a relaxation procedure that can
smooth the residual vector aswe did in the linear case. Then we can seek a smooth correction
vy, to solve (19.6.23):

Ln(Un +vn) = fn (19.6.24)
To find v, note that
Ly (Un + vn) — Ln(un) = frn — Ln(tn)

19.6.25
. (19.6.25)

The right-hand side is smooth after a few nonlinear relaxation sweeps. Thus we can transfer
the left-hand side to a coarse grid:

Lu(ug) — Lua(Rup) = —Rdp (19.6.26)
that is, we solve
Lu(ug) = Lu(Rup) — Rdp (19.6.27)

on the coarse grid. (Thisis how nonzero right-hand sides appear.) Suppose the approximate
solution is wy. Then the coarse-grid correction is

By =ty — Riin (19.6.28)
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19.6 Multigrid Methods for Boundary Value Problems 875

and
ﬂzcw =up + P(ﬂH — Rﬂh) (19629)

Note that PR # 1ingeneral, so uy,®™ # Pug. Thisisakey point: In equation (19.6.29) the
interpolation error comes only from the correction, not from the full solution .

Equation (19.6.27) showsthat oneis solving for the full approximation w7, not just the
error as in the linear algorithm. Thisis the origin of the name FAS.

The FAS multigrid algorithm thus looks very similar to the linear multigrid algorithm.
The only differences are that both the defect d;, and the relaxed approximation u, have to be
restricted to the coarse grid, where now it is equation (19.6.27) that is solved by recursive
invocation of the algorithm. However, instead of implementing the algorithm this way, we
will first describe the so-called dual viewpoint, which leads to a powerful aternative way
of looking at the multigrid idea.

The dual viewpoint considers the local truncation error, defined as

T=Lp(u) — fr (19.6.30)
where u is the exact solution of the oiginal continuum equation. If we rewrite this as
Ln(u) = fn+7 (19.6.31)

we see that 7 can be regarded as the correction to f; so that the solution of the fine-grid
equation will be the exact solution w.

Now consider the relative truncation error 7, which is defined on the H-grid relative
to the h-grid:

™ = L (Ruh) —RLy (Uh) (19.6.32)
Since L (un) = fn, this can be rewritten as
Lu(um) = fo+ (19.6.33)

In other words, we can think of 7, as the correction to fx that makes the solution of the
coarse-grid equation equal to the fine-grid solution. Of course we cannot compute 7, but we
do have an approximation to it from using u, in equation (19.6.32):

Th 7’:h = [:H (Rah) — R,Ch (ﬂh) (19634)
Replacing 7, by 7 in equation (19.6.33) gives
Lu(ug) = Lu(Rup) — Rdp (19.6.35)

which is just the coarse-grid equation (19.6.27)!
Thus we see that there are two complementary viewpoints for the relation between
coarse and fine grids:

e Coarse grids are used to accelerate the convergence of the smooth components
of the fine-grid residuals.

e Fine grids are used to compute correction terms to the coarse-grid equations,
yielding fine-grid accuracy on the coarse grids.

One benefit of thisnew viewpointisthat it allows usto derive anatural stopping criterion
for a multigrid iteration. Normally the criterion would be
ldnll <€ (19.6.36)

and the question is how to choose e. There is clearly no benefit in iterating beyond the
point when the remaining error is dominated by the local truncation error 7. The computable
quantity is 7,. What isthe relation between + and 73,? For the typical case of a second-order
accurate differencing scheme,

7= Lu(u) — Ln(un) = K2ra(z,y) + - - (19.6.37)
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876 Chapter 19.  Partial Differential Equations

Assume the solution satisfies up, = u + h*ua(z,y) + ---. Then, assuming R is of high
enough order that we can neglect its effect, equation (19.6.32) gives

Th & L (u+ h%us) — Ln(u + hus)
= L (u) = Ln(u) + h* (L (uz) — L, (uz)] + - -- (19.6.39)
= (H* = h*)m2 + O(h")
For the usual case of H = 2h we therefore have
T

i (19.6.39)

Th X~

W[
W=

The stopping criterion is thus equation (19.6.36) with
e = a7, an~ 3 (19.6.40)

We have one remaining task before implementing our nonlinear multigrid algorithm:
choosing a nonlinear relaxation scheme. Once again, your first choice should probably be
the nonlinear Gauss-Seidel scheme. If the discretized equation (19.6.23) is written with
some choice of ordering as

Li(ui,...,un)=fi, i=1,...,N (19.6.41)

then the nonlinear Gauss-Seidel schemes solves
Li(ut,. . uim1,ui " Uity - un) = fi (19.6.42)
foru; ™. Asusual new u’sreplaceold u'sas soon asthey havebeen computed. Often equation

(19.6.42) islinear in u; ", since the nonlinear terms are discretized by meansof its neighbors.
If thisis not the case, we replace equation (19.6.42) by one step of a Newton iteration:

new old LZ (U?Id) _ fl
new _ gold i/ Jr 19.6.43
Y T T L (w0 ( )
For example, consider the simple nonlinear equation
Viu+u® =p (19.6.44)

In two-dimensional notation, we have

L(wig) = (Wit1,g + i1+ i1 + ig—1 — duig) /h° +uf ;= piy =0 (19.6.45)

Since
oL 9
Burs —4/h" + 2u; ; (19.6.46)
the Newton Gauss-Seidel iteration is
new L(u,5)

AL Yl 2 D S 19.6.47
uz,] Ui, j —4/h2 4 2Ui,j ( )

Hereisaroutinemgf as that solvesequation (19.6.44) using the Full Multigrid Algorithm
and the FAS scheme. Restriction and prolongation are done asin mglin. We have included
the convergencetest based on equation (19.6.40). A successful multigrid solution of aproblem
should aim to satisfy this condition with the maximum number of V-cycles, maxcyc, equal
to 1 or 2. The routine mgfas uses the same subroutines copy, interp, maloc, and rstrct
asmglin, but with a larger storage requirement MEMLEN in maloc (be sure to change the
PARAMETER statement in that routine, as indicated by the commented line).
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SUBROUTINE mgfas(u,n,maxcyc)
INTEGER maxcyc,n,NPRE,NPOST,NG,MEMLEN
DOUBLE PRECISION u(n,n),ALPHA

PARAMETER (NG=5,MEMLEN=17*2%* (2*NG)/3+18*2**NG+10*NG-86/3)

PARAMETER (NPRE=1,NPOST=1,ALPHA=.33d0)

USES anor n®, copy, i nterp, | op, nal oc, mat add, nat sub, rel ax2, rstrct, sl vsn2

Full Multigrid Algorithm for FAS solution of nonlinear elliptic equation, here equation
(19.6.44). On input u(1:n,1:n) contains the right-hand side p, while on output it re-
turns the solution. The dimension n is related to the number of grid levels used in the
solution, NG below, by n = 2**NG + 1. maxcyc is the maximum number of V-cycles to
be used at each level.

Parameters: NG is the number of grid levels used; MEMLEN is the maximum amount of
memory that can be allocated by calls to maloc; NPRE and NPOST are the number of
relaxation sweeps before and after the coarse-grid correction is computed; ALPHA relates
the estimated truncation error to the norm of the residual.

INTEGER j,jcycle,jj,jml,jpost,jpre,mem,nf,ngrid,nn,irho(NG),

irhs(NG) ,itau(NG),itemp(NG),iu(NG) ,maloc

DOUBLE PRECISION res,trerr,z,anorm2
COMMON /memory/ z(MEMLEN) ,mem
mem=0
nn=n/2+1
ngrid=NG-1
irho(ngrid)=maloc (nn**2)
call rstrct(z(irho(ngrid)),u,nn)
if (nn.gt.3) then
nn=nn/2+1
ngrid=ngrid-1
irho(ngrid)=maloc(nn**2)

Storage for grid functions is allocated by maloc
from array z.

Allocate storage for r.h.s. on grid NG — 1,

and fill it by restricting from the fine grid.

Similarly allocate storage and fill r.h.s. on all
coarse grids.

call rstrct(z(irho(ngrid)),z(irho(ngrid+1)) ,nn)

goto 1
endif
nn=3
iu(1)=maloc (nn**2)
irhs(1)=maloc(nn**2)
itau(1l)=maloc(nn**2)
itemp(1)=maloc (nn**2)
call slvsm2(z(iu(1)),z(irho(1)))
ngrid=NG
do s j=2,ngrid
nn=2%nn-1
iu(j)=maloc(nn**2)
irhs(j)=maloc (nn**2)
itau(j)=maloc (nn**2)
itemp(j)=maloc(nn**2)
call interp(z(iu(j)),z(iu(j-1)),nn)
if (j.ne.ngrid) then

call copy(z(irhs(j)),z(irho(j)) ,nn)

else
call copy(z(irhs(j)),u,nn)
endif
do1s jcycle=1,maxcyc
nf=nn
do jj=j,2,-1
don jpre=1,NPRE

Initial solution on coarsest grid.

Nested iteration loop.

Interpolate from coarse grid to next finer grid.

Set up r.h.s.

V-cycle loop.

Downward stoke of the V.
Pre-smoothing.

call relax2(z(iu(jj)),z(irhs(jj)) ,nf)

enddo 11

call lop(z(itemp(jj)),z(iu(jj)),nf) Ly ().

nf=nf/2+1

jmi=jj-1

call rstrct(z(itemp(jm1)),z(itemp(jj)),nf) RLy (ap,).

call rstrect(z(iu(jm1)),z(iu(jj)),nf) Ruy,.

call lop(z(itau(jml)),z(iu(jml)),nf) L (Ray,) stored temporarily in 7.

call matsub(z(itau(jml)),z(itemp(jml)),z(itau(jm1)) ,nf)

Form 7,.

if(jj.eq.j)trerr=ALPHA*anorm2(z(itau(jmi)) ,nf) Estimate truncation error 7.
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878 Chapter 19.  Partial Differential Equations

call rstrct(z(irhs(jml)),z(irhs(jj)) ,nf) fm-
call matadd(z(irhs(jml)),z(itau(jml)),z(irhs(jm1)) ,nf) g+ 7h-
enddo 12
call slvsm2(z(iu(1)),z(irhs(1))) Bottom of V: Solve on coarsest grid.
nf=3
doa jj=2,j Upward stroke of V.
jmi=jj-1
call rstrct(z(itemp(jm1)),z(iu(jj)),nf) Raup,.
call matsub(z(iu(jm1)),z(itemp(jm1)),z(itemp(jm1)) ,nf) ug — Ruy,.
nf=2%nf-1
call interp(z(itau(jj)),z(itemp(jm1)),nf) P(ug —Rup,) stored in 7.
call matadd(z(iu(jj)),z(itau(jj)),z(iu(jj)) ,nf) Form upew.
do 13 jpost=1,NPOST Post-smoothing.
call relax2(z(iu(jj)),z(irhs(jj)) ,nf)
enddo 13
enddo 14

call lop(z(itemp(j)),z(iu(j)),nf) Form residual ||dp||.
call matsub(z(itemp(j)),z(irhs(j)),z(itemp(j)) ,nf)
res=anorm2(z(itemp(j)) ,nf)

if (res.lt.trerr)goto 2 No more V-cycles needed if residual small
enddo 15 enough.
continue
enddo 16
call copy(u,z(iu(ngrid)),n) Return solution in u.
return

END

SUBROUTINE relax2(u,rhs,n)
INTEGER n
DOUBLE PRECISION rhs(n,n),u(n,n)

Red-black Gauss-Seidel relaxation for equation (19.6.44). The current value of the solution

u(1l:n,1:n) is updated, using the right-hand side function rhs(1:n,1:n).
INTEGER i,ipass,isw,j,jsw
DOUBLE PRECISION foh2,h,h2i,res
h=1.40/(n-1)
h2i=1.40/ (h*h)
foh2=-4.d40%*h2i
jsw=1
do 13 ipass=1,2 Red and black sweeps.
isw=jsw
do12 j=2,n-1
don i=isw+1,n-1,2
res=h2i*(u(i+1,j)+u(i-1,j)+ul(i,j+1)+u(i,j-1)-
4.d40*u(i,j))+u(i,j)**2-rhs(i,j)

u(i,j)=u(i,j)-res/(foh2+2.d0*u(i,j)) Newton Gauss-Seidel formula.

enddo 11
isw=3-isw
enddo 12
jsw=3-jsw
enddo 13
return
END

SUBROUTINE slvsm2(u,rhs)
DOUBLE PRECISION rhs(3,3),u(3,3)
USES fillO

Solution of equation (19.6.44) on the coarsest grid, where h = % The right-hand side is

input in rhs(1:3,1:3) and the solution is returned in u(1:3,1:3).
DOUBLE PRECISION disc,fact,h
call £i110(u,3)
h=.5d0
fact=2.d40/h**2
disc=sqrt(fact**2+rhs(2,2))
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u(2,2)=-rhs(2,2)/(fact+disc)
return
END

SUBROUTINE lop(out,u,n)
INTEGER n
DOUBLE PRECISION out(n,n),u(n,n)

Given u(1:n,1:n), returns Ly (@) for equation (19.6.44) in out(1:n,1:n).

INTEGER i, j
DOUBLE PRECISION h,h2i
h=1.d0/(n-1)
h2i=1.d0/ (h*h)
do 12 j=2,n-1 Interior points.
don i=2,n-1
out (i, j)=h2i*(u(i+1,j)+u(i-1,j)+u(i,j+1)+u(i,j-1)-
4.d0*u(d,j))+u(di,j)**2
enddo 11
enddo 12
do13 i=1,n Boundary points.
out (i, 1)=0.40
out (i,n)=0.d0
out(1,i)=0.40
out(n,i)=0.d0
enddo 13
return
END

SUBROUTINE matadd(a,b,c,n)
INTEGER n
DOUBLE PRECISION a(n,n),b(n,n),c(n,n)
Adds a(1:n,1:n) to b(1:n,1:n) and returns result in c(1:n,1:n).
INTEGER 1i,j
do1 j=1,n
dou i=1,n
c(i,j)=a(i,j)+b(i,])
enddo 11
enddo 12
return
END

SUBROUTINE matsub(a,b,c,n)
INTEGER n
DOUBLE PRECISION a(n,n),b(n,n),c(n,n)

Subtracts b(1:n,1:n) from a(1:n,1:n) and returns result in c(1:n,1:n).

INTEGER i, j

do1 j=1,n
dou i=1,n

c(i,j)=ali,i)-b(i,3)

enddo 11

enddo 12

return

END

DOUBLE PRECISION FUNCTION anorm2(a,n)
INTEGER n
DOUBLE PRECISION a(n,n)
Returns the Euclidean norm of the matrix a(1:n,1:n).
INTEGER i, j
DOUBLE PRECISION sum
sum=0.d0
do1 j=1,n
dou i=1,n
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sum=sum+a (i, j)**2
enddo 11
enddo 12
anorm2=sqrt (sum)/n
return
END

CITED REFERENCES AND FURTHER READING:
Brandt, A. 1977, Mathematics of Computation, vol. 31, pp. 333-390. [1]
Hackbusch, W. 1985, Multi-Grid Methods and Applications (New York: Springer-Verlag). [2]

Stuben, K., and Trottenberg, U. 1982, in Multigrid Methods, W. Hackbusch and U. Trottenberg,
eds. (Springer Lecture Notes in Mathematics No. 960) (New York: Springer-Verlag), pp. 1-
176. [3]

Brandt, A. 1982, in Multigrid Methods, W. Hackbusch and U. Trottenberg, eds. (Springer Lecture
Notes in Mathematics No. 960) (New York: Springer-Verlag). [4]

Baker, L. 1991, More C Tools for Scientists and Engineers (New York: McGraw-Hill).
Briggs, W.L. 1987, A Multigrid Tutorial (Philadelphia: S.l.A.M.).

Jespersen, D. 1984, Multrigrid Methods for Partial Differential Equations (Washington: Mathe-
matical Association of America).

McCormick, S.F. (ed.) 1988, Multigrid Methods: Theory, Applications, and Supercomputing (New
York: Marcel Dekker).

Hackbusch, W., and Trottenberg, U. (eds.) 1991, Multigrid Methods Il (Boston: Birkhauser).
Wesseling, P. 1992, An Introduction to Multigrid Methods (New York: Wiley).

"(eduBWY YUON 8pISIN0) yn'oe’weo dno@apel: 0} Jlews puas 1o ‘(AJuo eouswy YUON) £24/-2/8-008-T [0 J0 Woo Ju MMM//:dny SlISCam IISIA

SINOYAD 10 ‘sanaysip ‘sy00q sadioay [eauswnp Japio o] “pangiyosd Apouis si ‘1aindwod JaAias Aue 03 (suo siyy Buipnjour) sajl ajgepeal
-auiyoew jo Buifdoos Aue Jo ‘uononpolidal Jayun4 asn [euosiad umo Jiay) Joy Adod Jaded suo axewW 0} SIasN 18uIBIUI 10} pajueId SI uoIssIWIad

"alemyjos sadinay [eauswnN Aq z66T-986T (O) WyBLUAdOD swelbold ssaid Ausianiun sbpuqued Aq 266T-986T (O) WbLAdoD
(X-790€7-T2S-0 NESI) ONILNDNOD DIHILNTIOS 40 18V FHL 22 NVH1HO4d NI S3dIDIY TvOIHIWNN woyy abed sjdwes





