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Preface

This book is aimed to be both a textbook for graduate students and a starting point
for applications scientists. It is designed to show how to implement spectral methods
to approximate the solutions of partia differential equations. It presents a system-
atic development of the fundamental a gorithms needed to write spectral methods
codes to solve basic problems of mathematical physics, including steady potentials,
transport, and wave propagation. As such, it is meant to supplement, not replace,
more general monographs on spectral methods like the recently updated “ Spectral
Methods: Fundamentals in Single Domains’ and “ Spectral Methods. Evolution to
Complex Geometries and Applications to Fluid Dynamics’ by Canuto, Hussaini,
Quarteroni and Zang, which provide detailed surveys of the variety of methods,
their performance and theory.

| was motivated by commentsthat | have heard over the years that spectral meth-
odsare“too hard to implement.” | hopeto dispel thisview—or at least to remove the
“too”. Although it is true that a spectral code is harder to hack together than asim-
ple finite difference code (at least alow order finite difference method on a square
domain), | show that only afew fundamental algorithmsfor interpolation, differenti-
ation, FFT and quadrature—the subjects of basic numerical methods courses—form
the building blocks of any spectral code, even for problems in complex geometries.
| present the algorithms not only to solve problemsin 1D, but 2D aswell, to show the
flexibility of spectral methods and to make as straightforward as possible the tran-
sition from simple, exploratory programs that illustrate the behavior of the methods
to application programs.

| assumethat the reader has abasi c knowledge of numerical agorithms. The most
important topics include interpolation, quadrature and the numerical integration of
ordinary differential equations. An understanding of other methods for the solution
of PDEs, such asfinite difference or finite element methodsis very helpful.

Although | assume some background in numerical methods, | have tried to make
the presentation and the collection of algorithms self contained. The ideaisto make
it as straightforward as possible to implement the methods without the need to
search for auxiliary routines. Of course, some of the routines (like FFTs, for ex-
ample) should be later replaced by well-tested and optimally designed versionsin
the programmer’s programming language of choice. Also, since | emphasize the
implementation of spectral methods, | recommend having one of the many more
general books, such as the two mentioned above, available to consult on the theory
of the methods.

| have chosen to present the algorithms in a detailed pseudocode, rather than in
a specific language such as C or Fortran or application such as Matlab, Maple or
Mathematica. The idea is to present the algorithms unencumbered by a language
syntax that the reader might not know, but that can nevertheless be quickly trans-
lated into the programmer’s favorite computer language. | hope that this will make
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the methods useful to the widest possible audience and for the widest range of ap-
plications. This is not a programming book, however, and the translation process
of the pseudocode will depend on the particular computer language chosen. For-
tran programmers will most likely replace loops with vector operations. C/C++
programmers will often have to adjust array indices. The object oriented concepts
used for many of the algorithms will be natural to C++ programmers, but a num-
ber of tutorials on the web for Fortran programmers show how to implement object
oriented ideas using modules, at least until F2003 compilers become available.

The book consists of two parts. The first is a quick introduction to spectral ap-
proximation to provide a reference point and to define the notation. It is followed
by the development of the basic algorithms that form the building blocks of spectral
codes. These algorithms include how to use the complex FFT to computereal trans-
forms, how to compute Chebyshev and Legendre polynomials and then how to use
them to approximate integrals and derivatives.

The second part presents algorithms to approximate the solutions of PDEs. It in-
cludes a short survey of spectral approximations that shows how to use the building
blocks in one space dimension. Our main interest, however, is how to solve prob-
lems in complex geometries in two space dimensions, so we put the emphasis on
collocation and nodal versions of Galerkin spectral methods. The development of
the algorithms starts from basic approximation on the square, then moves to more
complex geometries through the introduction of boundary-fitted mappings, and ends
with spectral multidomain methods.

| am grateful for the efforts of my students and colleagues who did so much to
help me prepare this work. 1'd like to thank my students Wuming Zhu, James De-
Marco, Matt Willyard and Cesar Acostawho gave suggestions on what they wanted
to see in a book on spectra methods and implemented algorithms. Tom Zang de-
serves many thanks for taking the time to read through an entire draft of the manu-
script and provide detailed comments. Last, but certainly not least, | want to thank
Yousuff Hussaini, who started my research in spectral methods. He has mentored me
and encouraged my career for two and a half decades. Many of the topics covered
here came out of projects that we have worked on together.

Tallahassee, FL David A. Kopriva
October 2008
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Chapter 1
Spectral Approximation

1.1 Preamble: Series Solution of PDEs

Spectral methods owe their origins to series solutions of partial differential equa-
tions (PDEs). To motivate spectral methods, we think it is instructive to recall how
PDEs are solved by analytical means.

To illustrate the Fourier series solution of a PDE, let’s solve the diffusion(heat)
equation in one space dimension for periodic boundary conditions. The temperature,
@, satisfies the time dependent partial differential equation

Pt = Pxx» O<x<27T,
px,00= f(x), 0<x<2nm, (1.1)
0,1) =p(2m,1).

To solve by separation of variables, we write the temperature in the form of a Fourier
series
o
o, =Y Gr(n)e. (12)
k=—00

To compute the solution unknowns, namely the Fourier coefficients ¢y, we sub-
stitute the series into the differential equation and gather factors of the complex
exponential functions

Z <d¢k(t) +k2¢k> eikx =0. (13)

Pt dt

Since the complex exponentials ¢/** are linearly independent, the coefficient of each
must individually vanish. From each coefficient we build a system of ordinary dif-
ferential equations for the ¢y

d gy (t
200 = —k’@p, —oo0 <k <o0. (1.4)
dt
The initial conditions are
o (0) = fi, (L5)
where f; are the Fourier coefficients
R 1 [ .
fo=— fx)e ™ dx. (1.6)
2 0
D.A. Kopriva, Implementing Spectral Methods for Partial Differential Equations, 3
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4 1 Spectral Approximation

We then solve the system of equations for the coefficients individually for each value
of ,

N k2t 7
G =e """ fi. 1.7)
The analytic series solution of (1.1) is therefore
o0 ) 5
plen= 3 fee T (1.8)
k=—o00

The practical matter of the analytical solution (1.8) is that we must truncate the
infinite series to evaluate it. Truncation creates an approximation

N/2

3 AR (). (1.9)

k=—N/2

How good this approximation is, and how large N needs to be to make the approx-

imation precise, depends on the rate at which the coefficients, fke—"zf, go to zero.
From a purely theoretical point of view, the convergence rate is not so important.
From a practical one, however, how large N has to be to get a sufficiently accurate
approximation determines how long we have to wait while computing the solution.

When we solve PDEs by separation of variables in other coordinates, such as
cylindrical or spherical polar coordinates, we would use other orthogonal expansion
functions such as Bessel, Legendre or Chebyshev functions instead of the complex
exponentials. We can approximate those infinite series solutions, too, by finite series.

The fundamental idea behind spectral methods is to approximate solutions of
PDEs by finite series of orthogonal functions such as the complex exponentials
(1.9), Chebyshev or Legendre polynomials. The devil, of course, is in the details.
We will see that there are essentially three choices that we have to make to derive
a spectral method: what expansion functions should be used, the form in which the
approximation will be written, and finally the procedure by which the solution un-
knowns are determined. Over the course of the first part of this book, we will survey
the mathematics we need to help make choices between different types of spectral
approximations.

1.2 TheFourier Basis Functionsand Fourier Series

The starting point for all spectral methods is to approximate the solution of a differ-
ential equation by a finite sum of orthogonal basis functions. For periodic problems,
we use an expansion in the Fourier basis functions, which are the complex exponen-
tials ¢/”*. We write that expansion as

N/2

SN = > G (1.10)

n=—N/2

A spectral method defines the way we will find the .
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We have just said that the complex exponentials are orthogonal on the interval
[0, 27]. Recall that a set of functions {¢, ()c)},’l\':0 is orthogonal on an interval [a, b]
with respect to a weight function, w, if

b
(Dns Pm)y = / B () W (xX)dx = Cyym. (1.11)
Here, 5, is the Kronecker delta function, which is defined as
1 =
an,m = { ! " (112)
0, n#m

and ¢ is the complex conjugate of ¢,. The integral denoted by (¢, ¢)w is the
weighted inner product of the two functions ¢, and ¢,,. The inner product of a
function with itself gives the square of its norm,

b
Ipnll% = (B> Pn)w = f | ()12 w(x)dx = Cy. (1.13)

The complex exponentials are periodic with period 27 and are orthogonal on
that interval with respect to the weight function w = 1. The inner product of two
complex exponentials is

2 —
(einx’ eimx) _ / " pln=mx g {(2)77’ n ; m, (1.14)
0 n m.

Aswe just did in (1.14), we will leave off the weight function from the inner product
and the norm when the weight is equal to one.

Orthogonal function expansions are especially attractive because we can easily
find the coefficients in a series by orthogonal projection. The orthogonal projection
of the function Sy onto the basis function ¢/~ is the inner product

NJ2 NJ2
(SNa eimx) — Z §neinx’ eimx — Z gn (einx’ eimx) — 27T§m. (115)
n=—N/2 n=—N/2

Thus, the coefficients in the expansion are simply

1 ,
§m=2—(SN,e””x), m=-N/2,...,N/2. (1.16)
T
In spectral methods, approximations are bettered by increasing the number of
basis functions, N + 1, used in (1.10). For the series to converge as N — oo, it is
necessary that the infinite set {¢, (x)}, forms a basis, in this case a basis for the
space of all functions f(x) that satisfy

b
I £l =‘// |12 wdx < oo. (1.17)
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This is the space of functions that are square integrable with respect to a weight w
over the interval [a, b] and is typically denoted by sz(a, b).

The complex exponentials do form a basis for L2(0, 2:7), and we can represent
any square integrable function, f, on the interval [0, 2;r] as an infinite series

f=>" fue™. (1.18)

k=—o00

The coefficients, fi, of f are the Fourier coefficients and we find them from the
orthogonal projection ( £, ¢!**), which again produces

~ 1 .
fi=5=(f, e'*). (1.19)

Equation (1.19) is nothing but the well-known Fourier Transform, with (1.18) to
represent its inverse. Furthermore, if f is sufficiently smooth, its derivative is the
infinite series
o0 o0
fay= Y ikfie® = 3 fPekx (1.20)

k=—o00 k=—o00

1.3 Series Truncation

Spectral methods typically use one of two methods to approximate a square inte-
grable function as a finite expansion in orthogonal basis functions. The first, and
seemingly most natural method, is to truncate the infinite series, as we did in (1.9).
The second, which we will discuss later in Sect. 1.6, is to approximate the function
by interpolation.

To derive the Fourier truncation operator, we split the sum (1.18) into two parts,
one for wavenumbers, k, less than or equal to N /2 and the other for the remainder,

N/2 00 N/2
f (x) = Z fkeikx + Z fkeikx = Z fkeikx + 1. (121)
k=—N/2 [k|=N/2+1 k=—N/2

By the sum with the absolute value on ||, we mean

00 —(N/241)

> EZ+§:. (1.22)

kI=N/2+1  k=—oco  k=N/2+1
From (1.21), we define the Fourier truncation operator, Py, to have the action

N/2

Puf)= ) fre™. (1.23)

k=—N/2
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Since Py f is a finite sum of complex exponentials, we will say that Py f is a
Fourier polynomial of degree < N. The remainder, z, is the truncation error.

We now make a number of observations about Fourier truncation. First, the oper-
ator Py is the orthogonal projection from the infinite dimensional space of square
integrable functions onto the finite dimensional space of Fourier polynomials of
degree < N. If we project a second time, nothing changes

Py (Py f(x)) = PN f(x), (1.24)

i.e. P2 = Py, and therefore
(r.e*)=0, k=-N/2,...,N/2. (1.25)

Next, we approximate the derivative of a function by the derivative of the finite
expansion, (1.23), which we write as (Py f)'. Since de'* /dx = ike'**,

N/2
(Pyf(x)) = Y ikfre™ =Py (f(x)) (Fourier Truncation).  (1.26)
k=—N/2

So the order of truncation and differentiation is irrelevant; differentiation and the
Fourier truncation operator commute.

The error that we introduce by the truncation approximation is the truncation
error,

o
t=f)—Pyf)= Y fre™ (1.27)
|k|=N/2+1
Immediately, (1.27) tells us that the size of the error depends on how rapidly the co-

efficients, fi, decay to zero, which they must, ultimately, for the series to converge.
We measure the size of this error by its norm, whose square is

2 o [}
e =Puf@iP= [ 2 Rt 3 e )dx
0 \jk=N+1 I=N-+1
o o R 27 ) )
Y kafl*f ok ilx g
KI=N+1 [ 0

00 00
— Z Z fkfl*(elkx,ellx)
|k|=N+1|l|=N+1

[e.¢]

= Y AP (1.28)

|k|=N+1



8 1 Spectral Approximation

The fact that the basis functions are orthogonal and

|e*|? = 2 (1.29)
means that the error satisfies
o0
If) = Pyf@lP=2n > |fl% (1.30)
[k|=N/2+1

(Note that we get the well-known Parseval’s equality,

IfIP=27 Y 1Al (1.31)

k=—00

by the same argument.)
To get a feeling for how the smoothness of the function affects the error of the
truncation approximation, let us study the approximations of three functions

fi=x,

f=xQ2r —x), (1.32)
3

1= 5 o)’

that we define on the interval [0, 2] and extend periodically to the right and the
left. We show these three functions plotted in Fig. 1.1. Remember, that the Fourier
transform treats a function on [0, 2] as if it is replicated forever both to the right
and to the left, that is, it computes the transform of the periodic extension of the
function. The periodic extension of the first function, f = x has a jump discontinu-
ity. We compute the Fourier coefficients directly from the definition, and they decay
as 1/k. The periodic extension of the second function is continuous, but does not
have continuous first derivatives. Its coefficients decay as 1/k2. The periodic exten-
sion of the final function, f3 is continuous, and all of its derivatives are continuous,
so it is a very smooth function. Its Fourier coefficients decay as e %@ Figure 1.2
shows the logarithm of the Fourier coefficients as a function of the wavenumber, k.
It shows the slow convergence of the coefficients for the first two functions and the
rapid, exponential convergence of the last.

We can compute the truncation error from the coefficients and (1.30). The first
two functions have Fourier coefficients that decay as 1/k”, where p =1 or 2. We
bound the sum of the coefficients in (1.30) for functions that decay like this by

2. < / 2,92 = TR (1.33)
k|=N/2+1 N/2+1 2 2p—-1)(N/2+1)
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Fig. 1.1 The three functions
of (1.32) whose periodic
extensions have different
degrees of smoothness
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Fig. 1.2 Fourier coefficients
of the three functions plotted
inFig. 1.1
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Thus, if the coefficients decay with polynomial order p, we bound the truncation
error by

(1.34)

N 1/2—p
If(x) = Py fOo)ll < ) ;

;N(_
(N/2+1)P~1/2 2
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Fig. 1.3 Error in the truncation approximation for the three functions shown in Fig. 1.1. To show
both exponential and polynomial order convergence, the errors are presented both as semi-log (a)
and log-log (b) plots. The measured asymptotic behavior labelled in (b) is from a least squares fit
to the lines

where C is some generic constant. If the coefficients decay exponentially fast, the
truncation error also decays exponentially fast

£ (x) — Py f(x)]| < Ce™*N/2HD . comaN/2, (1.35)

We see these two types of behavior with the three example functions of (1.32). Fig-
ure 1.3 shows the logarithm of the truncation error, which we plot both as a function
of N and Log(N) to demonstrate polynomial and exponential convergence. Fig-
ure 1.3a shows that the truncation error of the smooth function, f3 decays exponen-
tially fast as the number of modes is increased, whereas Fig. 1.3b shows that the
non-smooth functions converge with one-half less polynomial order than the order
of the coefficients.

The convergence behavior described by equations (1.34) and (1.35) is known as
spectral accuracy. In both cases the truncation error decays at a rate that depends
on the rate of decay of the Fourier coefficients, which in turn decay at a rate that de-
pends on the smoothness of the function. If the periodic extension of the function is
not smooth, say if p = 1, then the approximation converges very slowly as N~1/2,
which is polynomial order accuracy. On the other hand, if the periodic extension
of the function is infinitely smooth, i.e. p — oo, then spectral accuracy means that
the error decays at a rate faster than any fixed power in 1/N. In this case, we say
that the approximation has infinite order accuracy. For very smooth (analytic) func-
tions, those for which the coefficients decay exponentially fast, spectral accuracy
means exponential convergence of the truncation error in the number of degrees of
freedom.
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Finally, we show that Py f is the best approximation to f on [0, 2] in the least
squares sense. That is, of all Fourier polynomials of the form

N/2

Svx) = ) &e™ (1.36)

k=—N/2

the one for which || f(x) — Sy || is the smallest is Sy = Py f. This is a consequence
of the orthogonality of the basis functions, for

2

N/2 00
IF) =SvliP=| > (=8> = Y fre™
k=—N/2 lk|=N/2+1
N/2 00
=2r{ Y lh-&P+ DY AP (137)
k=—N/2 lk|=N/24+1

Since all terms in the sums are non-negative, the minimum occurs when §;, = fk for
k| < N/2.

1.4 Modal vs. Nodal Approximation

Equation (1.10) is an example of a modal approximation. It is called modal because
the fundamental unknowns are the coefficients of the orthogonal expansion func-
tions, or modes. An alternative is to represent the solution in terms of grid point
values by way of an interpolant. The interpolation view is akin to that taken in finite
difference approximations where the solution unknowns are the values at specific
points in space. In finite difference approximations, derivatives are approximated at
a grid point by the derivatives of a polynomial that interpolates the solution through
the point and close neighbors. Just as we can represent a power series (a modal form
of a polynomial) as a Lagrange or Newton form interpolant, we can also represent an
orthogonal polynomial approximation as an interpolant through a set of grid point
or node values. Such approximations are called nodal. Nodal approximations are
intimately tied to the introduction of a quadrature rule to retain the orthogonality
properties that we used to find the modal coefficients.

1.5 Discrete Orthogonality and Quadrature

As we have seen, the Fourier truncation operator requires us to evaluate integrals
to compute the orthogonal projections. We know from experience that it is not nec-
essarily an easy task to evaluate integrals analytically. For that reason, integrals are



12 1 Spectral Approximation

often approximated by quadrature. The goal, now, is to find an appropriate quadra-
ture that will retain the essential properties of spectral methods, namely orthogonal-
ity and spectral accuracy. With an appropriate quadrature, we can still compute the
coefficients in an expansion by an orthogonal projection, much like we did in (1.16).
A quadrature rule is a formula to approximate the integral of a function such as

0lf1= Zf(x/)w, / f0)dx +E. (138)

j=0

Here, the set {x]} "o are known as the nodes, abscissas, or knots, the {w ]} o are
the quadrature weights, and E is the error.

In this section we seek the quadrature rule under which as many orthogonal ba-
sis functions as possible remain orthogonal. In other words, we seek abscissas and
weights so that for the complex exponentials

N 2
Zeinx,-e—imx_/ w; :/ einxe—imxdx — (einx, eimx) — 27T5n,m (139)
j=0 0
for the largest range of n and m. The result, as we will show in the following, turns
out to be the well-known composite trapezoidal rule.

To start, let k = n — m to change the problem to one of finding the nodes and
weights so that

N

Y ey =2m80 (1.40)
j=0

over the largest range of k. The crucial result that we need is that

N-1

Z ik2mj/N) _ = No;. 4pN. P= 0,1,.... (1.41)
Jj=0

Clearly (1.41) is true for k = 0 and for k being any multiple of N. Otherwise, for
k#+pN, let’s call £ = ¢27k/N to convert the sum into a recognizable form

N 1— eZm‘k

2ijk/N _ _ _
Z 2l Z &= =1 pziin =0 (1.42)

Equation (1.41) suggests that we should choose x; = 27 j/N as the quadrature
nodes. Next, e*0 = ¢/*N  so we can combine the endpoints and remove the j = N
term from the sum. Finally, to match the normalization in (1.39), we choose w; =
27 /N, so that by (1.41)

N-1

N e =278 1y (1.43)
j=0
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This matches the integral when p =0 so
o N-1

2w
N e'kx/ = / e_lkxdx = 27‘[8](’0, k| =0,1,...,N — 1. (144)
0

j=0
From this exercise let us define the Fourier quadrature rule
o N1

N 4

j=0

Orlfl= f(xj), xj=2jn/N. (1.45)

Equation (1.45) is nothing but the composite trapezoidal rule applied to the special
case of a 2z -periodic integrand.

We use the Fourier quadrature to define a discrete inner product. When we re-
place k =n — m, (1.44) becomes

27T N-1 . . 2 .
~ e'"ieT ) = / e e™dx, |n—m|=0,1,...,N—1, (1.46)
j=0 0

so let us define
N-1

2
(u, v)y = W” > ulev*)) (1.47)

j=0
where x; = 2mj/N. We have shown, therefore, the discrete orthogonality result

(ei"x, eimx)N = (ei"x, eim") =218y m, Im—m|=0,1,....,N—1. (1.48)
Not only that, the discrete norm of the basis functions matches the continuous norm,

”einx ”i] — (einx, einx)N — 27 (1.49)

We now make two general comments. First, (1.44) shows that the compos-
ite trapezoidal rule exactly integrates the complex exponentials e!** for k =
0,+1,+2,...,£(N — 1). Generally speaking, we would expect the composite
trapezoidal rule to be exact only for piecewise linear integrands. However, we see
that the quadrature is also exact when the integrand is a complex exponential of
suitable degree.

Next, it is important to contrast the continuous and discrete orthogonality prop-
erties of the complex exponential basis functions. In the continuous case, the inner
product of two complex exponentials ¢* and e¢/”* is nonzero only if n = m, i.e.
n —m = 0. The discrete inner product, on the other hand, is nonzero if n — m =
+pN, that is, if they differ by a multiple of N. The extra nonzero discrete inner
products are a manifestation of aliasing errors, an important subject that we will
discuss in the next section on Fourier polynomial interpolation.
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1.6 Fourier Interpolation

The function
N/2 f':
Inf= Y Zheik (1.50)

k=—nN2 K

where N is even and

(1.51)

is the Fourier Interpolant of a real function f if we compute the coefficients f; so
that

INfGp)=f(xp), n=01,...,N—1, (1.52)

for x, = 27n/N. (Since the complex exponentials are periodic with period 27,
the last point with j = N is redundant. The interpolant is 2w -periodic because
Iy f(0) = Iy f(27).) Note that we have written the expansion coefficients, which
are called the discrete coefficients, as f; to distinguish them from the coefficients of
the truncation approximation, f, that we discussed in Sect. 1.3. Later in this section
we will show how they are related.

In parallel to how we computed the Fourier transform coefficients, we compute
the discrete Fourier coefficients using the discrete inner product

N-1

~ 1 . 1 :

fk:NE fje_lkhzg(faelkx)]w k=-N/2,...,N/2. (1.53)
j=0

To show that f;’s in (1.53) are indeed the coefficients of the interpolant, let us
substitute them into (1.50) and swap the order of the summations

1
INf — Z W fje—thj ezkx
k=—N/2 Ck j=0
N-1 1 N/2 1
= fiv~ Z __ezk(x—Xj) . (1.54)
- N Ck
j=0 k=—N/2
Let us next define the functions
1 YA
hi(x)= = Stk —=0,1,...,N—1. 1.55
j () > 5 J (1.55)
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Then we can write the interpolant (1.50) in the equivalent Lagrange form

N-1

INF= fihj(). (1.56)

j=0
To show that Iy f satisfies (1.52), we evaluate it at x,,

N-1

INf )= fihj(m)., n=0.1,....N—1 (1.57)
j=0

So to finish showing that we have the right discrete Fourier coefficients to define
the Fourier interpolant, we need only to show that

NJ2
1 1 P
hj(xp) = N E E—Ezm(n_j)k/N =08 (1.58)
k=—ny2 K

for [n — j| < N. First we note that

p2i=)()/N _ jin(n—j) _ (=1,

(1.59)
2T =D= )N _ pmimn=j) — (1=,
Therefore, we can fold the N /2 mode in with the —N /2 mode
1 M2y g Nt
- Z = Q2min=k/N _ = Z G2mi(n—k/N (1.60)
Ck N
k=—N/2 k=—N/2

To get the result we need, we will manipulate the second sum to put it into the form
of (1.41). Letusreplace k < k+ N/2

N/2-1 N-1
1 T kN 15 erim-pn/n
N N
k=—N/2 k=0
1 N-1
— = eZni(n—j)k/Nein(n—j)
N k=0
_i N-1
=" il
= Y TN (1.61)
k=

With a change of indices, we recognize the last sum to be (1.41). That is,

N-1
eZrin=Dk/N =Nb—j+pn, p=0,1,.... (1.62)
k=0

Since |n — j| < N and (—1)° = 1, we get (1.58).
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The discrete coefficients have properties not shared with the true Fourier coeffi-
cients. First, the discrete Fourier coefficients are N-periodic, which means that

1 Nl g N1 _
JetN = N Z fje_'(kiN)xj = ﬁ Z fje—lkae¥lN(27r.//N)
j=0 j=0
-1
1 . -
= 2 L = f (1.63)
j=0

Therefore, f_N/z = fN/z. Furthermore, when £ is real, the coefficient of the highest
mode is real. The Im(f_y/2) =0, for

1 N-1 o 1 N-1 '
fonp = Z fie =~ > fiemm = v > fi(=1) (1.64)
j=0 j=0

We derive two useful results about Fourier interpolants. The first follows imme-
diately from (1.52), namely

(Inf.e™)y = (f.e™) - (1.65)

The second is that the discrete and continuous inner products of two Fourier inter-
polants are equal. Suppose that U and V are two Fourier interpolants of degree less
than or equal to N

N/2 . N/2
U= @einx V= by ezmx (1.66)
n=ny2 " m=—n/2 m
Now,
N/2-1 . ~
_ . an inx; an/2 iN/2xj
Uxj)= Z E—e + E—e
n=—nNy2 " N/2
N/2-1 . N/2-1
_ Z c_l_neinx_, 4 4Nz a—-N/2 e~ iN/2xj _ Z aneinx_/-’ (1.67)
ne—n/2 € €-N/2 n=—N/2

and similarly for V. Therefore the discrete inner product of the two is

N/2-1 Nj2-1

(U, V)y = Z Z anb n znx’ tmx)N

n=—N/2m=—N/2

N/2-1 Nj2-1

Z Z anb n znx tmx)_(U V). (1.68)

n=—N/2m=—N/2
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The equivalence of the discrete and exact inner products of two Fourier polynomials
of degree < N will be useful later to prove stability of Fourier spectral approxima-
tions.

Lastly, when we evaluate the Fourier interpolant at the nodes and use (1.67), we
get the well known Discrete Fourier Transform Pair

fo=% N0 fpe 2N k= —Ny2,.. N/2-1,
DFT (1.69)

2-1 i .
f(xj) ZZI]{V:/_N/Q fkezmjk/N, j=0,1,...,N—-1.

In Chap. 2, we will show how to compute the DFT rapidly using a Fast Fourier
Transform.

1.6.1 Direct Computation of the Fourier I nterpolation

We see from equations (1.50) and (1.53) that it is a two step process to compute
the interpolant from the Fourier modes. First, we compute and store the coefficients.
From the coefficients, we construct the interpolant. Our first two algorithms: Algo-
rithms 1 (DiscreteFourierCoefficients) and 2 (FourierInterpolantFromModes) com-
pute these two steps directly. (For an explanation of the pseudocode, please see
Appendix A.) Algorithm 1 computes the discrete Fourier coefficients by a direct
sum. When we count the number of operations in the loops, we see that the direct
sum takes order N2 complex multiplications. In general, we would do this only for
small values of N. For larger values we will use a Fast Fourier Transform, which
we will present in Chap. 2. Algorithm 2 performs the second step; It evaluates the
interpolant from the discrete Fourier coefficients.

We have also shown that we can write the interpolant 7y f (x) in an equivalent
Lagrange form, (1.56). The Lagrange form is useful for nodal approximations where

Algorithm 1. DiscreteFourier Coefficients: Direct Evaluation of the Discrete
Fourier Coefficients

Procedure I?VisgreteFourierCoeﬁicients
Input: { £},
for k=—N/2toN/2do

s <0

for j=0toN —1do

| s < s+ fj x e~ 2mijk/N

end

Je=s/N
end
return | f

u {fk}k=—N/2

End Procedur e DiscreteFourierCoefficients

N/2
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Algorithm 2; FourierInterpolantFromModes: Direct Evaluation of the Fourier
Interpolant from Its Modes

Procedure FourierInterpolantFromModes
_N/2

Input: { }

put: x, | f« ——

5 < (f—N/Z we—iNx/2 4 fN/z " eiNx/Z) /2
for k=—N/2+1toN/2—-1do
| s<s+ fr % etkx
end
return Re(s)
End Procedure FourierInterpolantFromModes

Algorithm 3: FourierInterpolantFromNodes: Direct Evaluation of the Fourier
Interpolant from Its Nodes

Procedure FourierInterpolantFromNodes
. N-1 N-1
Input: x.{x; )2y { £} 20
Uses Algorithms:
Algorithm 139 (AlmostEqual)

for j=0toN —1do
| if AlmostEqual(x,x;) thenreturn f;
end
s <0
for j=0toN —1do
t<(x—xj)/2
s < s+ fj*sin(N x 1) *cot(t)/N
end
Inf(x) «<s
return Iy f(x)
End Procedure FourierlnterpolantFromNodes

the fundamental unknowns are the values of the function at the nodes. It turns out
that the function 4 (x) has a closed form

hj(x)= %Sin[%(x —xj)] Cot[%(x —xj)] (1.70)
when x; =2mj/N.

Computation of the Lagrange form of the interpolation is a one step procedure.
We have to be careful, however, because 4 (x;) is not defined numerically. Algo-
rithm 3 (FourierInterpolantFromNodes) presents a procedure to calculate the Fourier
interpolant in Lagrange form. To avoid the cot(0), it first checks to see if the eval-
uation point is a node. The test uses the function AlmostEqual of Algorithm 139,
which we present in Appendix B. If the evaluation point is not a node, then the
procedure evaluates the interpolant by (1.56).
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1.6.2 Error of the Fourier Interpolation

As there is no free lunch, the easily computed Fourier interpolation is generally not
as accurate as series truncation. In Sect. 1.3, we showed that the truncation operator
Py gives the best Fourier approximation in the least squares sense. It follows, then,
that the interpolation error must be equal or larger.

The interpolation error is larger because the Fourier interpolation coefficients are
not equal to the Fourier coefficients for k = —N/2, ..., N/2. To find the errors in
the coefficients, we replace f in (1.53) by its Fourier series

1 N-1 00
fk — N Z |: Z fmeimx/-i| e*ikxj'
=0

m=—00
00 1 N-1
SRAEE @ty
m=—oQ N j:O

Since x; = 2mwj/N, (1.43) says that the coefficient of fin in the last sum is
8m—k,+pn- Thus, the only nonzero terms in the double sum are those for which
m =k £ pN, and the relation between the discrete and exact coefficients reduces to

o0 o0
fo= Y fon=Fc+ Y. ferpn. (1.72)
p=—00 p=-00
p#0

The difference between the discrete and exact Fourier coefficients is called the alias-
ing error, and is a direct consequence of discrete sampling.

To see the effect of aliasing on a concrete example, let’s interpolate the function
f(x) = ek with N = 8 points for three values of k. Figure 1.4 shows the interpo-
lations for k = —8, —6, and —4. The first column in the figure shows the magnitude
of the exact Fourier coefficients, fk. The second column shows the discrete Fourier
coefficients computed by (1.69). The interpolant can represent values of £ only from
—4 10 3, so it cannot represent wavenumbers k = —8 and —6. We see, therefore, that
the DFT shifts the discrete coefficients by N = 8 for those values of k. The column
on the far right of the figure shows the exact function, the interpolant, and the value
of the interpolant evaluated at the points x;, that is, the values computed by the
inverse DFT in (1.69). We see that the interpolant and the exact solution differ sig-
nificantly for k = —8 and —6, although they do match at the nodes as required. In
fact, the interpolant for k = —8 looks like the constant, kK = 0 function.

Once the wavenumber can be represented by the interpolant, there is no error.
The bottom row of Fig. 1.4 shows the coefficients and interpolant for k = —4. That
mode is included by the interpolant, so we see that the exact and discrete coefficients
match, as do the function and its interpolant. The same will hold true for all values
of k from —4 to 3. When k increases beyond 4, the function will be aliased again;
for those, we will see the interpolation appear as the k — 8 mode.
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Fig. 1.4 Plot of the exact Fourier coefficients (left column), interpolation coefficients (center col-
umn) and interpolant (right column) for f = exp(ikx) and N = 8. In the right column, the solid
line is the interpolant, the dashed line is the exact function, and the circles are the values of the
interpolant at the grid points. The top row shows how the interpolant for k = —8 appears on the
grid as the k + N = —8 + 8 = 0 mode. The center row shows the aliasing effects for k = —6. The
bottom row shows that k = —N /2 is represented exactly by the interpolant and there is no aliasing
error. It also corresponds to the highest wavenumber in magnitude/shortest wavelength for which
this is true

In summary, when we view a sinusoid with wavenumber k &= N at the points x; =
27 j/ N, it looks exactly like a sinusoid with wavenumber k. It is the reason why the
wagon wheels sometimes (appear to) go backwards in the old movie westerns even
as the wagon goes forward.

We can compute the number of points per wavelength that we need to interpolate
a sinusoid exactly. The length of the interval is 27, so if the wavelength of a wave
is A, the number of wavelengths in the interval is 27 /A. Since the wavelength of a
wave with wavenumber k is A = 2/ k, the number of wavelengths on the interval
[0, 27] is k. (Count them on Fig. 1.4.) Since N points are used to interpolate the
interval, the number of points per wavelength is therefore N/k. From the example
shown in Fig. 1.4, the wavenumber with |k| = N/2 is the largest that the grid can
represent exactly. Thus, the minimum number of points per wavelength to represent
a sinusoid exactly by Fourier interpolation is N/(N/2) = 2.

Although interpolation is less accurate than truncation, except when the original
function is made up of modes with wavenumbers less than N /2, the difference is
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Fig. 1.5 Error in the interpolation and truncation approximation for the three functions shown in
Fig. 1.1. To show both exponential and polynomial order convergence, the errors are presented
both as semi-log (a) and log-log (b) plots

often not significant for smooth enough functions. The reason is that the aliasing
error, like the truncation error, depends on the rate of decay of the exact Fourier
coefficients for |k| > N /2. When the coefficients decay rapidly, which occurs when
the function is very smooth, the aliasing error is dominated by the coefficient fN/z,
same as the truncation error. In fact, it can be shown that the aliasing error is on
the order of the truncation error, and that the interpolation error is at most twice
the truncation error. This factor of two is insignificant for well-resolved approxima-
tions, that is, when the error is small in relation to the solution. Details can be found
in Sect. 5.1 of [7].

To get a sense of the contribution of aliasing to the interpolation error, let us
return to the three functions we showed in Fig. 1.1. We saw the truncation error for
these three functions as a function of N in Fig. 1.3. In Fig. 1.5 we compare the con-
vergence of the interpolation error to the truncation error in both semi-log (a) and
log-log (b) formats. We see that the interpolation error is larger in each case, but de-
cays at essentially the same rate as the truncation error. Furthermore, the computed
size of the aliasing error is less than or approximately equal to the truncation error.
We’ll cover effects of aliasing errors on the solutions of PDEs later in Sect. 4.1.

1.7 TheDerivative of the Fourier Interpolant

We approximate derivatives by analytically differentiating the Fourier interpolant
and evaluating the result at the nodes

Y2 kS
k ..
Fap~2fi=0Unf) )= Y —=e?mikN, (1.73)

C
k=—ny2 K
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We will show in the next chapter how to compute this sum, and hence the derivative
approximation, with the Fast Fourier Transform.
Equivalently, we can differentiate the Lagrange form of the interpolant

N-1

Dfo=UnF) @)= f&)h]; (xn) (L74)

j=0
where

LD cotf YFEEY, i #a,

W, () =
j Gen) 0, j=n.

(1.75)
This means that instead of using the DFT and the modal form of the interpolant,
we can also evaluate the derivative at the nodes by a matrix-vector multiplication,
where the matrix elements at the positions (n, j) are the values h’/ (xn).

The presence of aliasing error means that, unlike truncation and differentiation,
interpolation and differentiation do not commute. If we call the difference between
the truncation and interpolation polynomials Iy f — Pn f = Rx f, then derivative
of the interpolant is

UnF) =(Pnf) + Ry f) =Pn(f)+ Ry f), (1.76)
whereas the interpolant of the derivative is
(Unf)=(Pnf)+ RN f). (1.77)

We’ve already shown that differentiation and truncation commute. To show that
interpolation and differentiation do not commute we show that (Ry f)’ # Ry (f7).
This is easy, because

N2 ik
Ry = D Y = firpne™
k=—N/2 p£0 K
1/iN . . iN » .
_ E <17fN/2€le/2 _ l?f—N/Ze_le/z) (1.78)
whereas
N/2 .
i(k+ pN) » ;
Rv(fH= > Y, Tpfkﬂwelkx
k=—N/2 p#0
1/iN . . N .
_ E <17fN/2€le/2 _ l?fN/Zg_leﬂ) (179)

so the coefficients of fk+ »n, differ between the two.
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1.8 Polynomial Basis Functions

We use orthogonal polynomial series to approximate the solutions in nonperiodic
problems. As we pointed out in the preamble, expansions in orthogonal polynomials
such as Legendre or Bessel functions are useful to solve some types of boundary
value problems analytically. Now we study polynomials that we can use to develop
spectral approximations to PDEs.

The starting point for polynomial spectral methods is to construct an orthogonal
basis for square integrable functions, specifically Lﬁ) (a, b), in which to expand the
functions that we want to approximate. One convenient way to generate these bases
is to use the Sturm-Liouville theorem, which concerns the eigenfunctions, «, of the
eigenvalue problem known as the Sturm-Liouville problem. Although it is not ab-
solutely necessary to know the details of the Sturm-Liouville theorem to be able to
use spectral methods, it is nevertheless helpful to know why certain choices of the
expansion functions are more useful than others. For this reason, we describe the
main results that indicate why Chebyshev and Legendre bases are useful to approx-
imate solutions of differential equations.

The Sturm-Liouville problem is a second order boundary-value problem of the
form

d du
- <P(x)—> +gXu=rwx)u, a<x<b
dx dx

+ boundary conditions on u. (1.80)

If p(a) = p(b) = 0 the problem is called singular, and regular otherwise. The
Sturm-Liouville theorem tells us that the eigenvalues, A, are real and that the eigen-
functions corresponding to distinct eigenvalues are orthogonal. With suitable bound-
ary conditions for the Sturm-Liouville problem, the eigenvalues are countably infi-
nite, i.e., they form a set {A,}°° ;. Most importantly, the theorem tells us that the
set of eigenfunctions associated with these eigenvalues, {u,},2, form a basis for
L2 (a,b). Thus, we can use these eigenfunctions to represent functions that are
square integrable with respect to the weight w.

To use a truncated series as an approximation to a function, it is important that the
series coefficients decay rapidly. It turns out that they will converge at a rate depen-
dent only on the smoothness of the function being expanded, without the need for
special conditions (e.g. periodicity) on the function at the boundaries, if the Sturm-
Liouville problem is singular. For details, we recommend consulting reference [7].

Finally, we are interested in the Sturm-Liouville problems for which the eigen-
functions are polynomials. If we scale the interval [a, b] to the reference interval
[—1, 1], there turns out to be only one Sturm-Liouville problem whose eigenfunc-
tions satisfy these constraints. Those eigenfunctions satisfy

_4 ((1—x)1+°‘ 1 +x)HP d—”) =A1-0)*A+x)fu, -1<x<1
dx dx
(1.81)
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where o, 8 > —1. The eigenfunctions are called the Jacobi polynomials, which are
represented by Pk(""’S ) (x).

The Jacobi polynomials have computationally useful properties. The first is that
they satisfy a three-term recursion relation, making them easy to evaluate.

A second useful property concerns their roots. For k > 1, Pk(""’g) has k distinct
real roots, all of which lie in the interval (—1, 1). This property will be useful later
when we develop high-precision Gauss quadratures to use for discrete inner prod-
ucts. Finally, the derivatives of the polynomials satisfy a three term recursion rela-
tion, which we will use later to compute the coefficients of the derivatives of func-
tions.

The two important special cases of interest to spectral solutions of PDEs are the
Legendre Polynomials, L (x) = Pk(o,o> (x) and the Chebyshev Polynomials, Ty (x) =
Pk(’l/z"l/z) (x). The Legendre polynomials are of interest because with @ = 8 =0,
the weight function w(x) = 1. The unit weight function makes integrals such as
(1.11) and (1.13) easier to evaluate analytically. Chebyshev polynomials have well-
known nice approximation properties and have the practical feature that we can
evaluate Chebyshev series using the Fast Fourier Transform.

1.8.1 The Legendre Polynomials

The Legendre polynomials are the special case of the Jacobi polynomials when
a = B = 0. They satisfy the three term recursion

2k+1 k
L =—xL ———Lj_ 1.82
k+1(x) 1" k(x) P k—1(x) (1.82)
with Lo(x) =1 and L1(x) = x. We show a plot of the Legendre polynomials of
degree two through five in Fig. 1.6, which illustrates the fact that L; (+1) = (£1).
The derivatives satisfy

k+1) Li(x) = L;<+1(x) — L}Hl(x). (1.83)
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The Legendre polynomials are normalized so that Ly (1) = 1. Their L? norms are

2
Ll = ———. 1.84
| Ll T (1.84)

1.8.2 The Chebyshev Polynomials

Chebyshev polynomials are the special case of Jacobi polynomials that we get when
a = B = —1/2. They are useful because of their approximation properties and be-
cause Chebyshev series can be computed efficiently by way of a Fast Fourier Trans-
form. The relation to the Fourier transform is a consequence of the fact that the
Chebyshev polynomials have an alternative representation, namely

Ty (x) = cos(k cos ™2 (x)). (1.85)

The representation of the Chebyshev polynomials by (1.85) gives us one way to
evaluate them. Alternatively, there is still the three term recursion,

Tir1(x) = 2xTi(x) — Ti—1(x). (1.86)

To start the sequence, (1.85) shows that 7o = 1 and 71 = x. We show a plot of the
Chebyshev polynomials of degree two through five in Fig. 1.7.
The derivatives also satisfy a three term recursion,

T/ T/
27, — k1 k=1 1.87
KO= 1 k1 (1.87)
Finally, the L2 norms are
1724y b4
T2 = k == 1.88
i = [ A —af (1.89
where
2, k=0
=1{" ’ 1.89
* {1, k> 1. (1.89)

Itis possible to construct alternative polynomial bases that we could use to repre-
sent polynomials with particular properties. For example, for boundary value prob-
lems with Dirichlet boundary conditions for which the exact solution must vanish
at the boundaries, it often makes sense to approximate the solution with a poly-
nomial that also vanishes at the boundaries. This can be done either by choosing
the coefficients so that the polynomial vanishes, or by choosing basis functions that
vanish at the boundaries. That way any series in those basis functions also vanishes
appropriately.
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Fig. 1.7 The Chebyshev
polynomials of degree two
through five

1.9 Polynomial Series

Since the Jacobi polynomials form a basis for Lﬁ) (=1, 1), as promised by the Sturm-
Liouville theorem, we can represent any square integrable function, f, as an infinite
series in them

f@=>" PP . (1.90)

k=0

Because the basis functions are orthogonal, the coefficients are

o _ (LB

. 1.91
1P (o2, -
The series that represents the derivative of a function expanded in orthogonal
polynomials is more complicated than that of the Fourier series (1.20). The deriv-
ative of the Fourier series is simple because the basis functions are eigenfunctions
of the derivative operator, i.e., de'** /dx = ike'**. The Legendre, Chebyshev and,
indeed, all of the Jacobi polynomials are not. Instead, we have just seen that the
derivatives of the Legendre and Chebyshev polynomials satisfy a three-term recur-
sion relation that couples the polynomial modes.
To see how polynomial modes are coupled when we take derivatives, suppose f’
is also square integrable. Then we can write its derivative as a Legendre series

@ =Y ;P L. (1.92)

k=0

To relate the coefficients of the derivative fk(l) to the coefficients of the function, f,
we use the recursion formula (1.83) that we rewrite as

Li () B Li_1(x)

Li(x) = .
K= T~ 2k rL

(1.93)
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When we substitute (1.93) into (1.92),

L () Li_;(x)
® 20 [ Lita =
e = ka L) = Z [2k+1 B 2k+1} (1.94)

or

L (x) & L, _,(x)
~(1) k+l ~(1) k 1
f'x= Z 2k +1 Z 2%k+1° (1.95)

We now shift the indices each by one, note that L; =0, and set L” ; = 0. Finally,
we gather terms to get

f(l) f(l) o0 R
[ = Z [ e } L) =) fili(x). (1.96)

| 2%- 1 2k+3 et
Thus,
f(l) k(l)l
~ _Jk+1
= — k> 1. 1.97
fi=r 1 " ky3 k2 (1.97)

We use (1.97) to generate a recursion for the coefficients of the derivative:

~(1) 7 fk(Jlr)Z
fi = @k+1)| fira+ %45 | (1.98)

We use (1.98) to write (formally) the coefficient of the derivative as yet another
infinite series. The recursion says that

2«5 ot fids (L99)
2k+5 2k+5 |7 T 2 ¥o '
SO
£(1) 2 2 Fida
= (2k+1 . 1.100
= 2k + )[fk+1+fk+3+2k+9] ( )

Continuing the process leads to the infinite sum

FO =@+ D [ fr+ fas+ s+ | =@+ Y f @10

p=k+1
k+p odd

Equation (1.101) shows that the derivatives of the Legendre expansion couple the
polynomial modes, whereas we have already seen that the Fourier modes do not
couple.
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Modes are coupled in the derivatives of the Chebyshev series in much the same
way. For Chebyshev series, the recursion that relates the coefficients of the derivative
to the coefficients of the original function is

D = O 2+ 1) fizr, k=0 (1.102)

Following an argument similar to that leading to (1.101) leads us to the series

ee]

y_ 2 2
= = > php (1.103)
k p=k+1
k+p odd

1.10 Polynomial Series Truncation

For non-periodic functions, we split an infinite series in orthogonal polynomials into

N 00 N
F@O=Y fin@+ Y hoe@) =Y fit@) +r. (1.104)

k=0 k=N+1 k=0

The action of the orthogonal projection operator, Py, is defined to be

N
Pyf(x)=>_ figx(x) (Orthogonal Polynomial Truncation). (1.105)
k=0

Like the Fourier truncation operator, Py for polynomial truncation is also the or-
thogonal projection operator, but this time with respect to the weighted inner prod-
uct (-, -)y. It is also the best approximation in the sense that the norm of the error,
| f — Py fllw, is minimized. Furthermore, the norm of the truncation error, 7, is

e¢]

Iel3s = D 1Al loel?, | (1.106)

k=N+1

so that the rate of convergence of the approximation Py f depends only on the rate
of convergence of the coefficients f;.

What makes Jacobi polynomial expansion approximations useful as “spectral
methods” is twofold. First, like the Fourier truncation, the Jacobi polynomial trun-
cation converges spectrally fast as N — oo. The second is that it has this conver-
gence behavior without specific restrictions (such as periodicity of the function and
its derivatives) on the functions or their derivatives at the boundaries. The latter
is due to the fact that the Sturm-Liouville problem for the Jacobi polynomials is
singular with p(£1) = 0. The former is due to the fact that the rate of decay of
the expansion coefficients depends only on the smoothness of the function being
approximated. The details for showing these facts are quite technical, and can be
found, for example, in the book by Canuto et al. [7].
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Although the approximation theory for polynomial truncation is rather technical,
we get a good sense of the spectral convergence by looking at a couple of exam-
ples as we did with the Fourier approximations in Sect. 1.3. Let’s first note that the
first two example functions in (1.32) are not of much interest here since they are
polynomials and are represented exactly as long as N > 2.

As examples that show the relationship between smoothness and convergence
rate, let us consider Legendre polynomial truncation approximations to three func-
tions defined on [—1, 1]

-1, —-1<x<0,

AO=111 oor<1

(1.107)
fo(x) =1Ix],

f3(x) =sin2r (x +0.1)).

The first has a jump discontinuity at the origin. The second has a slope discontinuity
there. The last is infinitely smooth. We compute the coefficients of each by the
orthogonal projection

A

2k
Jie= + / f)Lg(x)dx. (1.108)

The coefficients of the three functions are

fl,k — (_1)kw =0 <i) ., kodd,

221k + 1) k! K172
for = (DF?H 2k + 1) i =0 1 ,  keven,
’ 26F Lk /202(k — 1) (k/2 — 1) k372

A 2k+1 i
Sak= Jiy12(2m)sin(0.27 +km/2).

(1.109)
The coefficients of the first two functions converge as k/2=7 for p=1and p = 2.
Now, since

o0

—PyfllP=|t|?= S _
If =Py fIZ=lzl?= > 2k+1|fk| (1.110)
k=N+1

we expect that the error will be bounded for large N as

——— o —d~ (1.111)
. ;ﬂ k172741 N\ Jy g 2-12241 NP—1/2

Equation (1.111) says that the bound on the truncation error decays as N ~1/2 for fi,
which has the jump discontinuity. If only a slope discontinuity is present, as in f2,
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Fig. 1.8 Truncation error of
fa =sin(2w(x +0.1))
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then the convergence rate is higher, namely N—3/2. Overall, we see that with dis-
continuities present, the truncation approximations converge with a low, polynomial
order.

The truncation approximation of smooth functions, such as f3, converges very
rapidly, including exponentially fast. Figure 1.8 shows the truncation error for f3 as
a function of polynomial order. What we see is typical for the approximation of a
sinusoidal function. Until N reaches a critical value, here about six, the convergence
is slow. After the sine wave is adequately resolved, the approximation converges
exponentially fast.

1.10.1 Derivatives of Truncated Series

We approximate the derivative of a function, f, by the derivative of its truncated
series, Py f

N
faPyfe) =Y [P (1.112)

k=0

The coefficients fk(l) are computed with recursions (1.98) and (1.102) for the Legen-
dre and Chebyshev approximations, respectively. However, they are not the same
as fk(l). Since the truncation Py f has no coefficients for k > N, and since the
derivative of a polynomial of a degree N is a polynomial of degree N — 1, we start
the recursion with the conditions

A _ 7D
W=7 =0 (1.113)

whereas the true starting values fjﬁ,l) and f,@rl are given by (1.101) and (1.103)

for the Legendre and Chebyshev series, respectively. Algorithms 4 (LegendreDeriv-
ativeCoefficients) and 5 (ChebyshevDerivativeCoefficients) show how to compute
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Algorithm 4: LegendreDerivativeCoefficients. Evaluate the Legendre Coeffi-
cients of the Derivative of a Polynomial

Procedure LegendreDerivativeCoefficients

Input: {fk}/iv:o

F g

iy < @N —1) fy
for k=N —2to0step —1do

Y — @+ D) | fen+ /i
k T 2% +5

end
N
return {fk(l) o
End Procedure LegendreDerivativeCoefficients

Algorithm 5: ChebyshevDerivativeCoefficients: Evaluate the Chebyshev Coef-
ficients of the Derivative of a Polynomial

Procedure ChebyshevDerivativeCoefficients

N
Input: {fk}k:O
I
Ny < @N) fy
for k=N —2tolstep —1do
| 7«26+ firr + 7Y
end
D v V2
—an N
return {fk( )}k=0
End Procedure ChebyshevDerivativeCoefficients

the coefficients of the derivative of the truncated series for the Legendre and Cheby-
shev approximations. .

Since the coefficients fkl and fk1 differ, differentiation and truncation do not com-
mute, i.e.

(Py f(x)) # Py f'(x) (Polynomial Truncation), (1.114)

which means that the order in which we perform differentiation and truncation does
matter.

1.11 Polynomial Quadrature

We will again use quadrature to generate discrete inner products with respect to
which the polynomial basis functions remain orthogonal. For approximations with
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orthogonal polynomials, the quadrature rules now should satisfy

N 1
Y e pdi(xw; = / OB @) (1.115)

j=0

over the widest possible range of k and /. The quadrature rules with maximal pre-
cision, i.e, that are exact for the largest order polynomials are the Gauss rules. The
Gauss rules are intimately tied to orthogonal polynomials and we will derive them
by integrating an Hermite interpolant of a function.

To derive the Gauss quadrature rules, we start with the Hermite interpolant of a
function, f(x), which is the polynomial of degree 2N + 1

N N
Hx)=Y hj@) f)+ > hj@) f&), (1.116)
j=0 j=0
where
hj()=[1-20x —x)l;(x)]E3 ),
. , (1.117)
hj(x)=(x— x.,-)ej (x).
The £;(x) are the usual Lagrange interpolating polynomials
N X — X
¢ (x)= ]:!) o (1.118)
i#]

Since the Lagrange interpolating polynomials satisfy £; (x;) = §; j, the Hermite in-
terpolant satisfies H(x;) = f(x;) and H'(x;) = f'(x;). Therefore, H interpolates
both the function and its derivative. The interpolation is exact for all functions that
are polynomials of degree 2N + 1 or less.

To derive the quadrature rule, we integrate the polynomial approximation, H (x),
and use that integral to approximate the integral of f

b N b
/f(x)w(x)dx%Q[f]=Zf(xj)f w(x)hj(x)dx

j=0

N b
+Zf’(x,)/ w(x)hj()dx.  (1.119)

Jj=0

For the quadrature rule to match (1.115), that is, to have no dependence on f”, the
integrals in the second sum of (1.119) must vanish. This is where orthogonality
comes into play. First, note that we can write the Lagrange interpolating polynomi-
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als, £;(x) in the alternate form

b X —x YN ()
0i(x) = - + , 1.120
/) ,l:[ Xj=xi (=X () (1420
i#]
where
N
Y () =[] —x. (1.121)
i=0
Then
- YN+ (X)L (x)
hjx) = (x—x))Lj ()L (x) = W (1.122)
which means that we can rewrite
b
/ w(x)h;j(x)dx = / w(X)Yn1+1(x)L; (x)dx. (1.123)
a 1/fN+1( i)

Now we use orthogonality. The polynomial £; (x) is of degree < N, while ¥y 11(x)
is a polynomial of degree N 4 1. We can ensure that the integral vanishes if vy 1 (x)
is orthogonal to all polynomials of degree N or less with respect to the weight w(x).
Orthogonality is immediate if we choose

¢N+1

Ynt1(x) = H (x —xi)= (1.124)

i=0

where y is the coefficient of x¥*+1 in the N + 1% basis function ¢y_,1. Thus we
choose the abscissas of the quadrature, the x;’s, to be the roots of ¢ +1.

Since our interest is in approximations with Jacobi polynomials, we now have
the following Jacobi Gauss Quadrature:

N
Qclf1=)_ flxjw;. (1.125)

where
x;j =zeros of g1,

1 _ (1.126)
wjzf_lw(x)hj(x)dx.

The quadrature (1.125) is exact for all functions, f, that are polynomials of degree
2N + 1 or less. Note that to compute the abscissas and weights we must find the
roots of the N + 1st order polynomial and evaluate the integral for the quadrature
weights.
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The two polynomial basis functions of most interest are the Legendre and Cheby-
shev polynomials. The Legendre Gauss quadrature reduces to
xj =2zeros of Lyy1(x),
2 (1.127)

T ALy 6P

The Chebyshev Gauss quadrature has a simpler form due to the trigonometric repre-
sentation of the Chebyshev polynomials. Since T 1 = cos((N + 1) cos~1(x)), we
can easily compute the abscissas and weights with

2j+1
. = COS i =0,1,...,N,
* <2N+2”)’ /

b g
wj:N—i—l.

(1.128)

As we mentioned in the previous section, one of the properties of the Jacobi
polynomials is that their roots are interior to the interval. This fact is especially clear
for the Chebyshev abscissas, (1.128). To solve boundary value problems, however,
we usually want to include the boundary points in the approximations.

The Gauss quadrature rules that include the endpoints, x = 41, are known as the
Gauss-Lobatto rules. For problems with Legendre weighted integrals, the abscissas
and weights for the Gauss-Lobatto rule are

xj =+1, =1, zeros of L)y (x),
2 1 j=0,1,...,N. (1.129)
w; = ,
T N(N+D) [Ly(x))2

For Chebyshev weighted integrals, they are
jm .
. —=cos| — =0,1,...,N,
Xj ( N > ’ J P

L? '=OQN7
wj:{zzv J

T j=12,...,N-1

(1.130)

Requiring the end points to be abscissas reduces the number of degrees of freedom
at which the abscissas can be located by two, so it should not be surprising that the
Gauss-Lobatto rules have lower precision than the (optimal) Gauss rules. In fact, the
Gauss-Lobatto rules are exact for polynomials of degree 2N — 1 or less.

With the quadrature rules, we can now define the discrete inner product for or-
thogonal polynomial approximations

N

(u,v)y = Zu(xj)v(xj)wj. (1.131)

j=0
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If we replace u and v by the basis functions ¢,, and ¢,,, then
1
(Pns Py = f 1¢n¢mwdx =l ll%y 8n.m» (1.132)

where ”d’n ”?\I = (¢n, ¢I’I)N1 when

n+m<2N+1 Gauss Rule,
(1.133)
n+m<2N —1 Gauss-Lobatto Rule.

We use the exactness of the quadratures to evaluate the discrete norms. For the
Gauss points, the quadrature is exact for n < N, so

Gauss Points:

2
s Legendre Gauss,

gy =3 2+ (1.134)
7¢n  Chebyshev Gauss.

The coefficients ¢,, were defined previously. They are co =2 and ¢, =1 forn > 0.

The quadrature is exact for n < N if we use the Gauss-Lobatto points, so we can
use the analytical norm for those values of n, too. When n = N, we must compute
the norm specially.

Lobatto Points:

n<N
2
<% Legendre Gauss-Laobatto,
IgulZ = | 25T -9 (1.135)
%c¢,  Chebyshev Gauss-Lobatto.
n=N
2
low ||§v _ W Legendre Gauss-Lobatto, (1.136)
7w Chebyshev Gauss-Lobatto.

1.12 Orthogonal Polynomial Interpolation

Now that we have derived the discrete inner products, we derive the polynomial
interpolant

N
INf)=)" fun(x) (1.137)

k=0
that satisfies the interpolation conditions

Inf(xj))=f(x;), j=0,1,...,N. (1.138)
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Note, again, that we have written the discrete coefficients, as f; to distinguish
them from the coefficients of the truncation approximations f; that we defined in
Sect. 1.10.

To find the interpolant means formally to find the discrete coefficients. Equation
(1.138) produces a linear system of equations to solve (uniquely) for the unknown
coefficients. However, we will once again appeal to the orthogonality of the basis
functions to find the coefficients. Since the interpolation condition (1.138) is defined
at a discrete set of points, x;, the discrete orthogonality discussed in the previous
section is the important property now.

To simplify the computation of the interpolation expansion coefficients, we ap-
peal to the fact that the orthogonal basis functions remain orthogonal under the
discrete inner product created from the Gauss quadrature. For non-periodic func-
tions, we choose the interpolation points x; to be the abscissas of either a Gauss or
Gauss-Lobatto quadrature, then take the discrete inner product

N N
(INf,¢n>N=<Zﬁ¢k,¢n> =Y fi(dr ¢y, n=0,1,...,N. (1139
N

k=0 k=0

Thus, the coefficients of the orthogonal polynomial expansion are

: Unfddy _ (fd

- - . n=01,....N 1.140
T P AR (1:140)
or
B 1 N
fo=—5 > [ (x)w;. (1.141)
19a13 =

In turn, we compute the nodal values of the interpolant, Iy f (x;), by a similar sum

N
Fa)=>" fidn(x)). (1.142)

k=0

Together, equations (1.141) and (1.142) form the Discrete Polynomial Transform
Pair.

Polynomial interpolation is usually less accurate than series truncation, the dif-
ference again being due to aliasing. To show this, we follow the procedure that we
used for the Fourier approximations, which begins by relating the exact and discrete
coefficients f; and f. If we replace f in (1.141) by its series representation, then

O fubm DON 2 Yoo nid Fn (P PON
- = fi +
T el T el

, k=0,1,...,N.

(1.143)
Since m > N + 1 in the last sum, quadrature error that occurs when k +m > 2N — 1
for Lobatto interpolation and k + m > 2N + 1 for Gauss interpolation can cause
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the discrete inner product of ¢, with ¢,, to not vanish as it does for the true inner
product.

We relate the interpolant and the truncated series by replacing the discrete coef-
ficients in (1.137) by (1.143)

Inf= ZMHZ Z Fn @m- b0 | i

=1 HNm
=Pnf+Rnf (1.144)

We can now show that the interpolation error cannot be less than the trunca-
tion error for polynomial approximations. The interpolation error is the difference

f_INf1 SO
f—=INnf=(f—Pnf)—Rnf (1.145)

Now Ry f has only terms of order N or less, while (f — Py f) has terms of or-
der N + 1 or larger, so they are orthogonal to each other. Thus, the norm of the
interpolation error satisfies

If —InfIZ=11f — PuFI?+ RN I (1.146)

As with Fourier interpolation, the aliasing error that arises in polynomial interpola-
tion is not significant for smooth functions. For details, see [7].

Exercises

1.1 In Fig. 1.3 we showed how the norm of the Fourier truncation error decays
with the number of modes. In this problem, plot Py f for the three functions as a
function of x for N = 4,8, 16, 32 and observe the behavior of the approximations.
In particular, observe the well-known Gibbs phenomenon in the neighborhood of
the discontinuities in the periodic extensions of the functions.

1.2 To reduce the size of the oscillations seen in the truncated Fourier series for
non-smooth functions, we often smooth/filter it. The filtered approximation is of the
form
N/2
Pvf= )Y orfre™,

k=—N/2

where oy, is the filter function. Typically, the filter function is a smooth low pass
filter with og =1 and o4 5,2 = 0. An example is the raised cosine filter,

_ 1+cos(2knw/N)

> k=-N/2,...,N/2.
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To see the effects of filtering, plot the Fourier truncation approximation of the func-
tion

big 3z
17 ?<x575

0, 0<x§%and37”<x§27r

fx)=

with and without the raised cosine filter. (The Fourier coefficients for this function
are

T, k=0,
fe=10, k 0, even,
COEPR g £0, odd.)

To learn more about filtering, see [7].

1.3 Equation (1.44) establishes that with enough nodes the composite trapezoidal
rule integrates complex exponentials exactly. Otherwise, it does not. Compute and
plot the logarithm of the error as a function of N for the following two integrals:

2w
L= / cos (10x) dx,
0

2 .
I = / cos (x) 8" gy
0

Note the behavior of the error as a function of N and compare to the usual O (Ax?)
behavior for the composite trapezoidal rule.

1.4 Repeat Problem 1.1 for Iy f.

1.5 Use the equivalence of (1.73) and (1.74) to show that the eigenvalues of the
Fourier derivative matrix of D;; = h’j(x,-) are \y =ik, k=—-N/24+1,...,N/2—-1.
Knowing the eigenvalues is important to approximate PDEs in time.

1.6 In Fig. 1.8 we showed how the norm of the Legendre truncation error de-
cays with the number of modes. For this problem, plot the Legendre truncation
approximation Py f for the three functions in (1.107) as a function of x for
N =4,8,16,32,... and observe the behavior of the approximations. Again, ob-
serve the well-known Gibbs phenomenon in the neighborhood of the discontinuities
in the functions.

1.7 In the likely event that the domain of interest is not [0, 2] for periodic prob-
lems or [—1, 1] for non-periodic problems, it is necessary to map the integrals to the
reference intervals. Usually one uses an affine mapping & = a + bx, for some a and
b, to transform the intervals. Rewrite the quadratures (1.45) and (1.125) so that they
can be used on an arbitrary, yet finite interval.



Chapter 2
Algorithmsfor Periodic Functions

In this chapter we show how to compute the Discrete Fourier Transform using a
Fast Fourier Transform (FFT) agorithm, including not-so special case situations
such as when the data to be transformed are real. In those situations, we speed up
the transforms by about a factor of two by exploiting symmetries in the data and the
coefficients. We end this chapter by showing how to approximate the derivatives of
periodic functions, which are the fundamental approximations that we need to solve
partia differential equations with periodic boundary conditions.

2.1 How to Computethe Discrete Fourier Transform

The sumsiin the Discrete Fourier Transform pair, (1.69), cost O (N?2) operations to
compute: N complex multiplicationsfor each of the N values. For large N, they are
too expensive to compute by the direct sum. However, we can compute the sumsin
a significantly more efficient O (N log,(N)) operations if we use the Fast Fourier
Transform. The complex FFT isthe core algorithm for the efficient implementation
of Fourier spectral methods for large N.

It is beyond the scope of this book to give athorough presentation of Fast Fourier
Transform algorithms. FFTs are ubiquitous and are discussed in detail in numerous
books (e.g. [5] and [6], among others), and the basic ideas are found in upper level
numerical analysis books. Implementations exist in humerous programming lan-
guages tuned for virtually any computer. Rather than use an FFT presented in any
book, we recommend libraries provided by one's computer vendor, awell-devel oped
and tested FFT algorithm such as FFTW [12] (http://www.fftw.org/) or that can be
found, for example, at netlib (www.netlib.org), or routines sold as part of one of
the many commercial numerical libraries (e.g. NAG or IMSL). For completeness,
however, we include Temperton's [23] self-sorting in-place complex FFT. Temper-
ton’s paper includes a mixed-radix FFT (N = 2"345"), but for reasons of space and
simplicity, we present only theradix 2 (N = 2") agorithm here.

In spectra method applications, the solutions of the differential equations are
typically real. When the sequences are real, we can exploit symmetriesin the coeffi-
cients to save approximately afactor of two in the work to compute the transforms.
We present two algorithms that use these symmetries in this section. One simulta-
neously computes the coefficients of two real sequenceswith asingle complex FFT.
The other splitsasingle real sequence into two sequences of half the original length
by putting the even indexed elements into the real part of a complex sequence and
the odd indexed elements into the imaginary part.

D.A. Kopriva, Implementing Spectral Methods for Partial Differential Equations, 39
Scientific Computation,
© Springer Science + Business Media B.V. 2009
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2.1.1 Fourier Transforms of Complex Sequences

We can recast the Discrete Fourier Transform (DFT) pair (1.69) as

Gr=% YN gje @ UkN k=01, N-1,
DET N =0 85¢ 2.1)
g =Y Nt GreZriikIN, j=01...,N—1

Thefirst sum, which represents the decomposition of the sequence of physical space
valuesinto its Fourier components, is the forward transform. It takes an N -periodic
sequence (g, })~¢' and returns an N-periodic sequence {G ;} Y- of Discrete Fourier
coefficients. (An N-periodic sequence is one for which g;.+y = g;.) The constant
i = +/—1. The second sum, which represents the synthesis of the Fourier modes
back into the physical space, isthe backward transform. Properties of thetransforms
can be found in numerous books, including [6].

Except for the sign of the exponents, the forward and backward transforms com-
pute the same sum, namely

N-1
DFTS. Fi=)_ fje*MN  k=0,1,....N-1 (2.2)
j=0

We could compute the Discrete Fourier Transform Sum, DFTS of (2.2), directly by
Algorithm 6 (DFT). The sign of the input variable s determines whether the proce-
dure computes the forward or backward sum. To avoid having to remember which
sign corresponds to which transform, let’s define two constants FORWARD = 1 and
BACKWARD = —1 to use as input to the procedure.

The range of wavenumbers, &, used in (2.1) is not the range we need to com-
pute the Fourier interpolant (1.69). For that we need the coefficients in the order
Algorithm 6 (DFT), and (2.2) each return a sequence with elements ordered as
k=0,1,...,N — linstead.

Algorithm 6: DFT: Direct (and Slow) Evaluation of the Discrete Fourier Trans-
form
Procedure DFT
Input: {fj}ygol,s
for k=0toN —1do
F, <0
for j=0toN —1do
| o< Fi+ f; % e 25mik/N
end
end
return {Fy o
End Procedure DFT
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For the DFT to be useful in spectral approximations, we must reinterpret the order
of the sequences. Equation (1.63) shows that the discrete Fourier coefficient fr are
N-periodic, that is, fk fkiN Thus, fN/z = f_N/z, and therefore the second half
of the sequence returned by the transform with s = —1 corresponds to the negative
values of the index. To use the results of the sum (2.2), i.e. of Algorithm 6 (DFT),
we make the following correspondence:

[ Fo ] | N]io
F1 N f1
Fynj2-1 — N fnj2-1 23)
Fnj2 Nf-nj2
Fyjee1 N fonj241
L Fy | Nfa

To reconstruct the set of values { f;} N 1 from the set of coefficients { fk}N / E Nl/z,

we simply order them using the corr%pondence (2.3) before calling the transform
with s = +1. We will show an example in Sect. 2.3 when we compute Fourier
interpolation derivatives by FFTs.

It is highly unlikely that one would want use Algorithm 6 for anything but the
simplest of exercises. That algorithm clearly requires O (N?) complex exponentia-
tions and multiplications. Indeed, the early success of spectral methods was due the
fact that one could use a Fast Fourier Transform (FFT) to compute these sums with
only O(N Log,(N)) operations.

To help understand how to use an FFT routine, we present Temperton’s self-
sorting, in-place complex FFT. Like many FFT agorithms, Temperton's pre-
computes and stores the complex exponential factors, e ~274k/N sr nce those evalu-
ations are so expensive. To that end, we define the arrays {wi} Whose elements
are e=27n/N for s = +1. Thus, we perform the forward transform when the w’s
are computed with s = 1, and the backward transform when they are computed with
s = —1. The pre-computation of the trigonometric factors is done by Algorithm 7
(InitializeFFT).

Algorithm 7: InitializeFFT: Initialization Routine for FFT

Procedure InitializeFFT
Input: N, s
w (_e—2x71i/N
for j=0toN —1do

| wj < wj
end

N-1

return {w;};_,
End Procedure InitializeFFT
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Algorithm 8: Radix2FFT: Temperton’s Radix 2 Self Sorting Complex FFT

Procedur e Radix2FFT

. N-1 N-1
Input: {fj}j:O ? {wj}j=0
Integers: noPtsAtLevel, a, b, ¢, d, p, Ndiv2, m, [, k

Ndiv2 < N/2
m < Logy(N)
for [=1to(m+ 1)/2do
noPtsAtLevel « 2/-1
a<0
b < N div2/noPtsAtLevel
p<0
for k=0tob—1do
W < w,
for i =kto N — 1step N/noPtsAtLevel do
2 < W (fari — fo+i)
Jati < fati + fo+i

fori <z
end

p < p + noPtsAtLevel
end

end
for I = (m + 3)/2tom do
noPtsAtLevel < 2/-1
a<0
b < N div2/noPtsAtLevel
¢ < noPtsAtLevel
d < b + noPtsAtLevel
p<0
for k=0tob—1do
W <« w)
for j =k tonoPtsAtLevel — 1step N /noPtsAtLevel do
for i = jto N — 1step 2 noPtsAtLevel do
2 < Wk (fati — fo+i)
Ja+i < fati + foti
Jo+i < feti + fa+i
Ja+i < wx (feri — fa+i)
feri <z
end
end
p < p + noPtsAtLevel

end

end

return {fi}¥ -

End Procedure Radix2FFT

We show the FFT algorithm itself in Algorithm 8 (Radix2FFT). The FFT takesa
sequence of complex numbers { j}jygol and the pre-computed complex trigonomet-

ric factors {w j}j.vz_ol and returns the sum (2.2) by overwriting the original complex
sequence. Whether it computes the forward or backward transform depends on the
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sequence of w’sthat it is supplied. For details on the algorithm, see [23]. We show
examples that use the complex FFT in the sections that follow, where we study spe-
cial cases of the transforms.

2.1.2 Fourier Transforms of Real Sequences

The complex FFT is about twice as expensive as is necessary when the data to be
transformed are real. One of two methodsistypically used to compute transforms of
real sequences efficiently from the complex transform. The first method solves for
the coefficients of two real sequences simultaneously. Thisis useful if two or more
real FFTs have to be computed at once, as happens in multidimensional problems.
The second is to use an even-odd decomposition where the transform is computed
on a complex sequence of half the length of the original. In that algorithm, half of
the values of the real sequence are placed in the real part of the complex sequence
and the other half in the imaginary part.

2.1.2.1 Simultaneous Fourier Transformation of Two Real Sequences

We can use the complex FFF to compute the DFT of two real sequences simul-
taneously. Suppose that {x ,} and {y ]} ! are real sequences whose discrete
transform coefficients we need Then

1 N-1
_ 4  —27ijk/N
N Zx-/e ’
Jj=0

k=0,1,....,N—1. (2.4)

1 N-1
—2rijk/N
= > yje I,
j=0

If we combine these into a single complex vector, z = x + iy, the discrete Fourier
coefficients of z are

1 N-1 1 N-1 i N-1
—2mijk/N —2mijk/N —2mijk/N
—NZ;Z/‘E mijk/ =N;)Xj€ wijk/ +N]X_;)yj€ ijk/ (2.5

or
Zi = Xp+iYk. (2.6)
Sincex; and y; arereal,

N-1

. N-1
1 —27ijk/N _ ! —27ijk/N
Ay e e @
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ZikZXk—iYk. (2.8
When we solve for X; and Y; from (2.6) and (2.8)

1
XkZE(Zk'i‘Zik)’
. k=0,1,... N—1 2.9)
—1
Yk=7(zk— )

The discrete coefficients are N-periodic, S0 Z_y = Zy_; and Zg = Zy . Therefore,

1 *
X = > (Zk+ Zy ) »
. k=0,1,...,N —1. (2.10)
—1
Y= ) (Zk - Z}kv-k)f

We show how to compute the forward DFT of two real sequencesin Algorithm 9
(FFFTOfTwoReal Vectors). It takes as input the trigonometric factors pre-computed
with s = FORWARD, the two real sequences, and the length of the sequences. It
returns the scaled discrete Fourier coefficients of the two sequences. Since the com-
plex FFT does not scale the forward transform by the 1/ N factor, the procedure does
the scaling when it extracts the coefficients. It is possible to modify the weights w™
computed by Algorithm 7 (InitializeFFT) to include the factor of 1/N to save the
cost of the divisions if multiple transforms are needed. We have added the scaling

Algorithm 9: FFFTOfTwoReal Veectors. Simultaneous Computation of the DFT
of Two Real Sequences. The Forward Transform

Procedure FFFTOf TwoReal Vectors
. N-1 N—-1 N—1
Input: {xj}j=o , {yj}j=0 J {w;r}j=o
Uses Algorithms:
Algorithm 8 (Radix2FFT)
for j=0toN —1do
| Zj <xj+iyj
end
- ] N-1 N-1
(Zih o < Radix2FFT({Z;}, 5y {w '} 5)
Xo < Re(zg)/N
Yo < Im(z0)/N
for k=1toN —1do

(Ze+Z_ /N

1
Xk<—§

—i
Y < 7(Zk —Zh_)/N
end
return (X Vo, (v
End Procedure FFFTOf TwoReal Vectors
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Algorithm 10: BFFTForTwoReal \Vectors: Simultaneous Computation of the
DFT of Two Real Sequences. The Backward Transform

Procedur e BFFTForTwoReal Vectors
. N-1 N-1 _N-1
Input: {X;}, 25 (¥} 20 > {we heco
Uses Algorithms:
Algorithm 8 (Radix2FFT)
for j=0toN —1do
| Zj < Xj aF in
end
_ ) N-1 _\N-1
(Zi < Rad|x2FFT({Z_,-}j:O Awi }iso)
for k=0toN —1do
xi < Re(Zy)
Yk < Im(Zy)
end
return {xe )N oo, gt
End Procedure BFFTForTwoReal Vectors

here, since amodification of the trigonometric factors routine might not be possible
if alibrary FFT is used.

To reverse the operation, we use (2.6) and the inverse FFT. The desired solutions
are simply the real and imaginary parts of the complex sequence returned by the
FFT. We present the procedure to compute the inverse transform in Algorithm 10
(BFFTForTwoReal Vectors).

2.1.2.2 Fourier Transformation of a Real Sequence by Even-Odd
Decomposition

We can also evaluate the DFT of a single sequence of real values efficiently with a
complex FFT. The FFT will operate on a new sequence of half the original length
that we create by putting half the original data into the rea part and the other half
into the complex part. Let the even and odd elements of a sequence { f; }7;01 be

ej = f2;,
TS0l M -1, (2.11)

0j = f2j+1,
where M = N /2. The forward Fourier transforms of these two sequences are

1 M-1
Ep=— e/e—Znijk/M7
M ="
]:
j=01,....M—1. (2.12)

1 M-1
O = = 0 ;e 2TikIM
M Z /
Jj=0
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But
1 N-1
Fr = ﬁ Z fje—ijk/N
j=0
1 2M-1 N
— ﬁ Z fje—ZJn]k/ZM
=0
1 M-1 1 M-1
_ 1 —2mijkym L  2ni@j+Dk/2M
=N faje + N Z Sfoj+ie
j=0 j=0
1 M-1 .. g_hik/N M-1 ..
— f2j€_2m]k/M + f2j+1€_2mjk/M
2M 4 2M 4
j=0 j=0
1 .
= E(Ek+e—27“’</N0k), k=0,1,...,N/2—1. (2.13)

Thus, the complex DFT of the even-odd decomposition of the real sequence pro-
duces the first half of the discrete coefficients of the original sequence. We find
the second half of the sequence of coefficients by recalling that if f; is real and
N-periodic, Fy_ = F}.

We could compute coefficients E; and Oy simultaneously using Algorithm 9
(FFFTOfTwoReal Vectors), but it is probably best to combine the two algorithms.
To combinethem, welet z; =e; +io; and use (2.9) to define

1 -
Fe= 53 {(Zi+ 23 2-0) — i ZINN(Zic = Zy o)}
k=0,1,..., N/2—1. (2.14)

We find the second half of the F; array from the symmetry relation, the first value
from

Fo= (Re(Zp) +Im(Zp)) /N (2.15)
and the center from
Fnj2 = (Re(Zo) — Im(Zp)) /N. (2.16)

Algorithm 11 (FFFTEQ) shows one way to implement the Even-Odd decompo-
sition. It usesthe fact that

eE2mij/M _ E21i(2))/N (2.17)

so that the factors w™ required by the complex FFT of length M are simply the
even indexed components of the factors computed for the full length transform,
factors that are also required by (2.13). This saves us the re-computation of the
trigonometric factors.
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Algorithm 11: FFFTEO: The Forward DFT by Even-Odd Decomposition

Procedure FFFTEO

Input: { ;)75 {w} }) g

Uses Algorithms:
Algorithm 8 (Radix2FFT)

for j=0toN/2—1do
Zj < f2j +if2j41
wj<—w;j

end

(Zi L5t < Radib@FFT ({2,157 w157
Fo < (Re(Zo) +1m(Zo)) /N

Fnj2 < (Re(Zo) — Im(Zo)) /N
fork=1toN/2—1do

1 .
Fe < 5o (Zk+Zx 24) — iwd (Z - Zy20))

2N
end
for k=1toN/2—1do
| Fn_i < F
end

return {Fiy o
End Procedure FFFTEO

We can a so evaluate the backward transform using the even-odd decomposition.

Since Fiin/2 = F,’(]/Z_k, (2.13) impliesthat

1 . —2mik
Fijok = 55 |2+ Zig_i) +ie7 2N (24 = 25 4) |
If we add and subtract this and (2.13) we get

Ex=(Fx+Fypy), k=01,...,N/2-1

and

O =N (Fe = Fy 5 ). k=0.1,....N/2—1

When we combine these into a single complex sequence
Zy=E+iOy, k=0,1,...,N/2—-1,
the backward FFT produces
zj=ej+ioj, k=0,1...,N/2-1

We extract the full sequence from the real and the imaginary parts,

f2j=Re(Zj)} ._ B
f2j+1=1m(z)) |’ j=0L1....N/2-1

(2.18)

(2.19)

(2.20)

(2.21)

(2.22)

(2.23)
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Algorithm 12: BFFTEO: The Backward DFT by Even-Odd Decomposition

Procedure BFFTEO
1
Input: {F}y 5 {we }zivo

Uses Algorithms:
Algorithm 8 (Radix2FFT)

M <« N/2
for k=0toM —1do

E <« (Fc+Fjy_,)

0 <—w; (Fe—Fj_4)

Zip < Er +iOg

Wi < wz_k
end
(Z; }?4: o < Radid@FFT((Z )M 0t (wi)Mgh
for j < 0toM — 1do

f2j < Re(Z))

f2j+1 < Im(Zj)
end
return {f]}iv 01
End Procedure BFFTEO

We present the procedure for using the even-odd decomposition to compute the
backward transform in Algorithm 12 (BFFTEO). As before, we use the periodicity
of the trigonometric factors to avoid their re-computation.

2.1.3 The Fourier Transform in Two Space Variables

Multidimensional transforms take advantage of the tensor product basis,

Grm (X, V) = Gp(X)Pp (y) = "X e27 ™ |n two space variables, the DFT of a

two dimensional sequence {£; «}7 2" T is

M-1N-1
Fum = Z Z f e —2nijn/N 72mkm/M
k 0 j=0
M-1N-1
fj,k = Z Z aneZﬂljﬂ/NeZTrlkm/M. (2_24)
m=0 n=0

In this section, since it is apropos to most spectral approximations of PDEs, we
assumethat f isrea. Furthermore, we assumethat N and M are even.
We can factor the forward transform into

M-1]N-1

1 . )
= 7 Z Z fj,ke_znljn/N e—27nkm/M- (225)
k=0 | j=0
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S0 let us define an intermediate array

N-1
— 1 i n=01...N—1
Fopr=— e 2rijn/N R ’ 2.26
nk NE%E*E " k=01....M—1, (2.26)
Jj=
<0 that
M-1 .
1 o, j=01,...,N—1,
Fopy = — F ik /M 2.27
i MZ%”“ " m=01.... M—1 (2.27)

Thus, the tensor product basis reduces the two dimensional transform to a sequence
of one dimensional transforms.

As before, direct application of a complex FFT to compute the two dimensional
transform of the real sequence would amount to doing twice as much work and use
twice as much storage as is necessary. Fortunately, we can combine the ideas of the
previous two sections to develop a more efficient algorithm than that.

Since we assume the initial sequence is real, only half the number of FFTs is
required in the first coordinate direction. To that end, let us define the complex
sequence

j=01...,N—1,

zj1 = fj2a +ifj2+1, I—0.1 M/2—1 (2.28)
whose Fourier transform in thefirst index is
N-1
- 1 i n=0,1...,N—-1
Zni=v 2 +if amin/N PR ’ 2.29
=y 2 (fra+ifian)e C =01, mp-1 &P

j=0

Note that the intermediate array Z,; is half the size of the F array. Now, we know
the intermediate transform of the original data, namely,

Fzzzl(z +Z )
n, 2 n,l n,M—1)> n=01...,N -1,

_ i o, 1=0,1,...,M/2—1,
Fn,21+l = ?(Zn,l - Zn,M—l)’

(2.30)

but there is no need to compute it at this stage. Instead, we go back to (2.27) and
split it into even and odd components as in the previous subsection

1 M1

F”’":M Z {Fnﬂefzm(zom/zw+efzm'm/MFnﬂﬂfzni(znm//w}' (2.31)
=0

Then the transforms to be computed on the second index are the half-length trans-
forms

Mj2-1
1 —oxitmymyzy  n=01....N—-1,
Foum = M [Z(; Xn,1e " m=0, 1,...,M/2-1, (2.32)
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Algorithm 13: Forward2DFFT: A Two-Dimensional Forward FFT of a Real
Array with an Even Number of Pointsin Each Direction
Procedure Forward2DFFT
. N-1,M-1 1N-1 2 \M-1
Input: {fj,k}j,kzo {w;r 1},':0 A ;—2}1‘:0
Uses Algorithms:
Algorithm 9 (FFFTOf TwoReal Vectors)
Algorithm 8 (Radix2FFT)

for k=0toM —2step 2do
(A LN eet sy B

FFFTOfMwoRealVectors({ £7.4 1Y 5 { fiks1) g {wl}g)

end

for n=0to N —1do

‘ {Fn,m}ff:_ol e RadixZFFT({Fn_k}M—ly {wv},Z}M—l)

k=0 J
end
for m=0toM — 1do
for n=0to N —1do
| Fn,m(_Fn,m/M
end

end
return { Fy }f:’;ll:é"_l

End Procedure Forward2DFFT

where the values to be transformed are

i672nim/M

1, - _
(Z"»l + Z:;,N—l) - 2

X, = > (2,1,1 - Z:,N—l) . (2.33)

We compute the second half of the array from the symmetry F—, p—m = F; ;-
Overall we see that approximately one half the work of the direct use of the com-
plex FFT is done. Under the assumption that the initial data are real and that N and
M are even, we use Algorithms 9 (FFFTOf TwoReal Vectors) and 10 (BFFTForTwo-
RealVectors) to compute the two dimensional transforms efficiently. We show the
procedures in Algorithm 13 (Forward2DFFT) for the forward transform and Algo-
rithm 14 (Backward2DFFT) for the backward transform.

2.2 TheReal Fourier Transform

Though we do not directly need it in typical Fourier spectral computations, we de-
rive the real transform for the purposes of the next chapter where we study Cheby-
shev transforms. We can compute the real transform from the complex transform,
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Algorithm 14: Backward2DFFT: Two-Dimensional Backward FFT of a Real
Array with an Even Number of Pointsin Each Direction

Procedure Backward2DFFT
i N-LM-1 [ _1\N-1 [ _2)M—1
Input: { £y V20 () (w7 2)

Uses Algorithms:

Algorithm 8 (Radix2FFT)

Algorithm 10 (BFFTForTwoReal Vectors)
for n=0toN —1do

| (P < Radix2FFT ({Fn )5, w25
end
for k=0toM — 2 step 2do
N-1 N-1

{{fjk} —o + 1 fik+1} o }

BFFTForTwoRealVectors({ Fu x| o+ { Faksa}ho - (w517 5)
end '
return {fjx
End Procedure Backward2DFFT

}NlMl

too. If N iseven, thereal transform takes the form

N/2-1

+ Z {akCOS( k>+b (27;{]{>}+(_1);aw2- (2.34)

In terms of the complex transform,

N—1 Nj2-1 N/2
_ Z X2 UkIN — Z X2 kIN ZXN_keij(ka)/N. (2.35)
k=0 k=0 k=1

Since Xy = X3 _;,

Nj2-1
xj=Xo+2 Y. Re{xke%fk/N}H—l)f Xya. (2.36)
k=0
Using the fact that
y 27 jk [ 2njk
Re{XkeZ””k/N} — Re(X) cos(”—]> —Im(Xy)sin <—J> , (2.37)
N N
Nj2-1 ) .
2 jk o jk
xj=Xo+2 Y. {Re(XUcos(Tj) Im(Xx )sm( 7;; )}
k=0

+ (=)' Xn2. (2.38)
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Algorithm 15: ForwardReal FFT: The Forward Real Transform

Procedure ForwardReal FFT
i N-1 =1
Input: {x;}; 25" {w] }i 5
Uses Algorithms:
Algorithm 11 (FFFTEO)

(Xl FFFTEO({x;} 1 {w }1o)
for k=0toN/2do
‘ ay < 2Re(Xy)
by < —2Im(Xy)

end
bo ~0
bN/Z & 0
2 2
return {ak},ivz/o,{bk}liv:/o

End Procedure ForwardRea FFT

Algorithm 16: BackwardReal FFT: The Backward Real Transform

Procedur e BackwardRea FFT

Input: {ac )2, (bi) /2

Uses Algorithms:
Algorithm 12 (BFFTEO)
Algorithm 7 (InitializeFFT)

{w;r};v:/ 271 InitializeFFT (N /2, FORWARD)
Xo < ap/2
Xnj2 < any2/2
for k=1toN/2—1do
| Xk < (ar +iby) /2
end
for k=1toN/2—1do
| XN—k <—XZ
end
{x; )15 < BFFTEO( Xk}, (wi 1ilg)

return {Xj}j.v:_ol

End Procedure BackwardRea FFT

When we match terms with (2.34) we get the relation between the coefficients of
the real and complex transforms

ar = 2Re(Xy),
k=0,1,...,N/2—1. (2.39)
by = —21m(Xy),

Thus, we can compute the forward and backward real transforms from the complex
transform, and we show the proceduresin Algorithms 15 (ForwardReal FFT) and 16
(BackwardRea FFT). Note that half of the X;’s returned by the forward FFT are
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not used in Algorithm 15. We can get additional savingsif we explicitly incorporate
Algorithm 11 (FFFTEO) minus the final loop that produces that second half of the
coefficients (Problem 2.2).

2.3 How to Evaluatethe Fourier Interpolation Derivative
by FFT

For large N, it is efficient to use the FFT to compute the derivative of Fourier inter-
polants written in the form (1.73). Exactly what is that value of N is very imple-
mentation dependent. It depends on the FFT code, the architecture of the machine
and the matrix multiplication code. Crossover points, where the FFT becomes more
efficient than the matrix multiplication method that we discuss in the next section,
have been reported to vary from eight to 128. Before deciding on which method to
incorporate into production codes, it is probably best to program both and test for
the particular computer architecture to be used.

To use the FFT to compute the derivative of the interpolant at the nodes, we
must put the derivative in the form of the DFT. Let’s rewrite the derivative of the
interpolant by separating the N /2 mode

N2 ., = Nj2-1 ., = N7
(Unf) (x)) = Z llc_leikxf= Z lk_—‘ﬁ(e"k"f—i—wei(%”‘f'. (2.40)
k=—ns2 K k=—ns2 K CN/2

Since fj2 = f-ns2 and e (V2% = ¢=IN/2x; 'we can rewrite the derivative as

N/2-1 . = N7
NP (k)= ) —lk_‘fk ik _ 2 )Ny )f_N/Zei(_%)xf

C c_
k=2 Ck N/2

N/2-1

= Y ke, (241)

k=—N/2+1

Therefore, we can use the DFT to evaluate the derivative of the Fourier interpolant
at the nodes by setting f_ /2 = 0.

We show how to compute the interpolation derivative using the FFT in Al-
gorithm 17 (FourierDerivativeByFFT). The procedure first computes the discrete
Fourier coefficients by Algorithm 11 (FFFTEQO), with the assumption that the expo-
nential factors have been pre-computed and stored. It then uses the correspondence
we made in (2.3) to compute the discrete Fourier coefficients of the derivative. Fi-
nally, it computes the derivative values at the nodes by the backward FFT, Algo-
rithm 12 (BFFTEO). Note that the procedure sets the — N /2 coefficient to zero to
represent (2.41).

Algorithm 17 easily generalizes to higher order derivatives. To modify Algo-
rithm 17 to compute the approximation of the mth derivative, we merely need to
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Algorithm 17: FourierDerivativeByFFT: Fast Evaluation of the Fourier Poly-
nomial Derivative
Procedure FourierDerivativeByFFT
X N-1 N-1 _\N-1
Input: {fj}j:O ' {w;}j:O Aw; }j:O
Uses Algorithms:
Algorithm 11 (FFFTEO)
Algorithm 12 (BFFTEO)

N-1 N-1 N-1
{Fi}j—o < FFFTEO({Fi}; o - fw]}iso)
for k=0toN/2—1do

| Fy < ik * Fy
end
F_nj2 ~0
for k=N/2+1toN —1do

| Fp<i(k—N)=* Fy
end

N-1 N-1 ; _N-1

{ij}j:O < BFFTEO({Fj}j:O Aw; }j:O)
return {(Df);}Y 5
End Procedur e FourierDerivativeByFFT

add m to the input list and replace ik by (ik)™ in the first loop and i(k — N) by
(i(k — N))™ in the second. However, we do not set f_N/z = 0 for even deriva
tives. We leave the difference between even and odd derivativesto Problem 2.4. The
difference also implies that computing the first derivative twice is not the same as
computing the second derivative (Problem 2.5).

2.4 How to Compute Derivatives by Matrix Multiplication

For small enough N, we can compute the derivative of the Fourier interpolant at
the interpolation points efficiently by matrix vector multiplication. Differentiation
of the interpolant at the nodesis

N-1

UNF)="Y_ Dujfj- (242)
j=0

The matrix D, whose elements are D,;, is called the Fourier derivative matrix.
Formally, the elements are the values of h’j (x,) presented in (1.75). In practice, we
pre-compute and store this matrix.

Thefirst issue in the use of matrix multiplication to compute the Fourier deriva-
tive approximation is how to construct the derivative matrix itself. The construction
of spectral derivative matrices has been the subject of much discussion since it was
noticed that derivatives computed with the Chebyshev differentiation matrix (which
we discuss in Sect. 3.5) were very sensitive to rounding errors. To reduce the ef-
fects of rounding errors, several modifications to the matrices have been proposed,
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Algorithm 18: FourierDerivativeMatrix: Computation of the Fourier Deriva-
tive Matrix Using the Negative Sum Trick

Procedure FourierDerivativeM atrix
Input: N
for i=0toN —1do
Di,,‘ <0
for j=0toN —1do

if j #ithen

’ D;j < % (=D)itJ cot[%]
Dii < Dii — D;,;

end

end

end
N-1
return {Di,j }i,j:O
End Procedur e FourierDerivativeMatrix

including preconditioning, use of the symmetry properties, and the use of what has
come to be called the “Negative Sum Trick” to compute the diagonal entries. Com-
parisons of the numerous approaches have favored the use of the Negative Sum
Trick to evaluate the derivative matrix.

The Negative Sum Trick comes from the observation that the derivative of a
constant must be zero. This means that Z?’:‘Ol D,j=0forn=0,1,..., N—-1.To
enforce that condition we compute the diagonal elements to satisfy it explicitly, i.e.
we evaluate the diagonal entries of the matrix to satisfy

N-1
Dpp = — Z Dyj. (2.43)
j=0
Jj#n
The diagonal elements computed with (2.43) will not be exactly equal to zero, but
overall the effects of rounding errors are minimized.

Algorithm 18 (FourierDerivativeMatrix) shows how to pre-compute the Fourier
derivative matrix using the Negative Sum Trick. For the best roundoff error proper-
ties, however, the diagonal entries should be computed separately, after the rest of
the matrix has been computed, since the order in which the sum (2.43) is computed
isimportant. The off-diagonal terms should be sorted and summed from smallest in
magnitude to largest. For the sake of simplicity, we present Algorithm 18 without
the ordered sum.

The next issue is to decide how to implement the matrix multiplication. Since
thisis also an issue for the polynomial approximations discussed in the next chap-
ter, and is not specifically related to spectral methods per se, we leave the detailed
discussion of matrix multiplication for later. If efficiency isnot of the utmost impor-
tance, of course, we would use the standard implementation shown in Algorithm 19
(MxVDerivative), with s =0 and e = N — 1. That algorithm takes the derivative
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Algorithm 19: MxVDerivative: A Matrix-Vector Multiplication Procedure

Procedure MxV Derivative
InpUt: {Di,j }f,j:s’ {fl }j’:s
for i =stoedo

t=0

for j=stoedo

| t<—1t+ D,'qj * fj

end

(N f); <1
end
return {(In )} };_,
End Procedure MxV Derivative

matrix, pre-computed by Algorithm 18 (FourierDerivativeMatrix) and the sequence
of values at the nodes, and returns derivative of the interpolant, evaluated at the
nodes.

Exercises

2.1 Compare the speed of the simple, direct DFT, Algorithm 6 to the FFT, Algo-
rithm 8 for various values of N. Above what value of N isthe FFT faster? Arethere
any advantages that the direct DFT has over the FFT? Make the same comparisons
toalibrary FFT.

2.2 Hdf of the X;’'s returned by the forward FFT are not used in Algorithm 15
(ForwardRea FFT). Modify the procedure to get additional savings by explicitly in-
corporating Algorithm 11 (FFFTEO ) minusthefinal loop that produces that second
half of the coefficients.

2.3 Compute and plot as afunction of x the Fourier interpolation derivative of the
functions

f () =sin(x/2),
f@x) =S

ontheinterval [0, 2] for several values of N. Observethe behavior or the derivative
approximations and explain their differences. Also, plot the maximum error at the
nodes as afunction of N and compare.

2.4 Show that

(s 221 (O™ fie®i, m odd,
Un " (xj) = L
Ilcvz/i;\/l/Z (k)™ fee™ i, m even.
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Use the result to modify Algorithm 17 (FourierDerivativeByFFT) to compute mth
order derivatives.

2.5 Use the result of Problem 2.4 to show that taking the first derivative twice is
not the same as taking the second derivative. By how much do they differ? How
significant is that difference for smooth functions?

2.6 For what values of N isit faster to compute the Fourier interpolation derivative
of afunction by FFT than by matrix multiplication?



Chapter 3
Algorithmsfor Non-Periodic Functions

For non-periodic boundary value problems, we use expansions in orthogonal poly-
nomials instead of the complex exponentialsto approximate solutions, i.e.,

N
P(x)=) pupn (x). (31)

n=0

The basis functions, ¢,, are typically chosen to be Jacobi polynomials, of which
the popular Legendre, L, (x), or Chebyshev polynomials, T, (x), are special cases.
Polynomial bases are attractive because they are smooth and easy to compute. With
proper choice of the polynomials, approximations converge spectrally fast without
restriction on the boundary conditions to be imposed, unlike Fourier approxima-
tions, which require that the function and all its derivatives to be periodic.

In this chapter, we devel op the basic algorithms that we need to compute Cheby-
shev and L egendre spectral approximationsto PDEs. We start with how to compute
the Legendre and Chebyshev polynomials themselves. We use those algorithms to
compute the Gauss quadrature nodes and weights (at least for the L egendre polyno-
mials) that we need to compute interpolants and discreteinner products. The chapter
endswith algorithmsthat we use to approximate the derivatives that appear in PDEs.

3.1 How to Computethe Legendre and Chebyshev Polynomials

The three-term recursions (1.82) and (1.86) make L egendre and Chebyshev polyno-
mials mathematically easy and efficient to compute. As a historical note, the basic
algorithm was presented by Galler in 1960 as the Transactions on Mathematical
Software (TOMS) Algorithm 13. We will compute the Legendre Polynomial of or-
der k at the point x with Algorithm 20 (LegendrePolynomial). For efficiency, we
might want to return special cases for more than just the Lo and L1 values. The
cutoff point will depend on the implementation.

We can compute the Chebyshev polynomials either by recursion (1.86) or by
using the trigonometric form (1.85) directly. The cosine and itsinverse are very ex-
pensive to compute, however, so for small enough k, recursion may be significantly
faster than the trigonometric form. Algorithm 21 (ChebyshevPolynomial) computes
the Chebyshev polynomial of degree k either by recursion or by the trigonometric
form of the polynomial. The crossover value of K, where it becomes more efficient
to use the trigonometric form, will depend on the implementation. (The Chebyshev
recursion algorithm was a so presented in 1960 as TOMS 10.)

Although Algorithms 20 (LegendrePolynomial) and 21 (ChebyshevPolynomial)
are quite simple, practical issues of efficiency and numerical stability arise. First, the

D.A. Kopriva, Implementing Spectral Methods for Partial Differential Equations, 59
Scientific Computation,
© Springer Science + Business Media B.V. 2009
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Algorithm 20: LegendrePolynomial: Evaluate the Legendre Polynomial of De-
gree k using Three Term Recursion

Procedure L egendrePolynomial
Input: &, x

if k=0thenreturn 1

if k=1thenreturn x

Li o<1

Ly 1< x

for j=2tok do

J Jj—1
Ly < xLg-1(x) — ——Lx—2

Ly—2 < Li—1
L1« L
end
return Ly
End Procedure LegendrePolynomial

Algorithm 21: ChebyshevPolynomial: The Chebyshev Polynomial of Degree k
using Three Term Recursion and Trigonometric Forms

Procedur e ChebyshevPolynomial
Input: &, x
if k=0thenreturn 1
if k=1thenreturn x
if k < K, then
Tr2<1
Tp—1 < x
for j=2tok do
Ty < 2xTj—1— T2
Ti—2 < Tr-1
Ti—1 < Ti
end
else
| Ty < cos(kcos1(x))
end
return Ty
End Procedure ChebyshevPolynomial

choice of an efficient algorithm will be strongly dependent on computer architecture
and code. To compute Chebyshev polynomials, for instance, Algorithm 21 uses a
switch from the recursion to the trigonometric form at some value of k = K after
which the trigonometric form ismore efficient. Figure 3.1 comparesthetimeit takes
to compute 7 (0.667) asafunction of k& using recursion and using the trigonometric
form. From this simple exercise, we see that the crossover point, K, changes from
about six to 70—over an order of magnitude—simply by turning on the optimizer.
We might just as easily expect differences of such magnitudes if we change from
one compiler to another, or from one computer architecture to another. The moral is
that even the simplest algorithms should be tested for efficiency.
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We must also consider stability when we compute functions by recursion. Let's
look at the recursion for the Chebyshev polynomialsfirst. For |x| > 1/2 the coeffi-
cient of the leading order polynomial is larger than one. This makes the algorithm
unstable for large k since (rounding) errors in the lower order polynomials are am-
plified. Near roots of the polynomials, which we will need to find later in Sect. 3.2
to compute the Gauss quadrature points and weights, the cancellation between the
two terms can be catastrophic.

To get a sense of the significance of the errors when we compute Chebyshev
polynomials of large degree, let’s compare the number of significant digitsin T; over
theinterval [—1, 1] for the recursion algorithm in both single and double precision
arithmetic compared to the trigonometric formula. The behavior of Algorithm 20
(LegendrePolynomial) should be similar since as k gets large the coefficients of the
Legendre recursion approach the those of the Chebyshev recursion formula.

We show a graph of the minimum number of significant digitson [—1,1] asa
function of the Chebyshev polynomial order in Fig. 3.2 for k£ between two and 1000.
We see that even at low orders there is a significant loss of precision for both single
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and double precision evaluations. In single precision, recursion is essentially use-
lessfor N > 100. By N = 1000 the double precision computation approaches single
precision accuracy. Thus, for both accuracy and efficiency, the Chebyshev polyno-
mials should be computed using Algorithm 21 (ChebyshevPolynomial) with K no
larger than about 70. The Legendre polynomials do not have a simple alternative
expression, so beware. For a discussion of how to compute Legendre polynomials
for large k, see [26].

3.2 How to Compute the Gauss Quadrature Nodes and Weights

We next develop agorithms to compute the Legendre Gauss and Gauss-Lobatto
points and weights. As we saw in Sect. 1.11, the Chebyshev Gauss and Gauss-
L obatto quadrature points and weights are easy to compute.

We could use one of several methods to compute the Legendre Gauss quadrature
nodes and weights. A common one that is suitable for small N solves an eigenvalue
problem where the nodes are the eigenvalues and the weights are computed from
the eigenvectors. Methods that are good for very large N (> 1000) are presented in
papers by Yakimiw [26] and Swarztrauber [22].

We will develop algorithms like those of Yakimiw and Swartztrauber that solve
for the nodes as roots of the appropriate Legendre polynomial, but without the
special (and more complicated) forms needed to minimize the effects of round-
ing errors. Even so, our algorithms will compute the nodes to 15 significant digits
for orders up to at least N = 200 when |EEE double precision arithmetic is used,
as verified by 32 digit floating point computations with the same agorithms. The
weights are less precise. (Yakimiw has a detailed explanation why.) We find the
Gauss weights to within 12 significant digitsin double precision arithmetic, and the
Gauss-L obatto weights to within 13 digits, again for N < 200.

3.2.1 Legendre Gauss Quadrature

The most straightforward way to find the Gauss nodes and weights uses the result
derived in Sect. 1.11 that the quadrature points of the N + 1 point Legendre Gauss
quadrature are the zeros of Ly 1. We can use asimple rootfinding procedureto find
the roots to sufficient precision. We then find the weights from the derivatives of the
Legendre polynomials at the nodes via (1.127).

To find the quadrature points, we use Newton’s method to solve for the roots of
Lyy1.Let xj? bethe kthiterate for the jth root. Newton’'s method updatesthe iterate

by
Ly41(x})

xk+l:xk 7 -
Ly 11(x5)

; 7 (32
We compute the Legendre polynomial of degree N + 1 in (3.2) from the recur-
sion relation (1.82) by Algorithm 20 (LegendrePolynomial). The derivatives of



3 Algorithms for Non-Periodic Functions 63

Algorithm 22: LegendrePolynomial AndDerivative: The Legendre Polynomial
of Degree k and Its Derivative using the Three Term Recursion

Procedure L egendrePolynomial AndDerivative
Input: N, x

if N=0then

LN ~1

Ly <0

eseif N =1then

LN <~ X

Ly <1

ese

Ly o<1

Ly_1<x

Ly_,<0

Ly <1

for k=2to N do

Ly <

k—1
xLN_l(x) — TLN—Z
Ly <L\ _,+@k—1) Ly
Ly-2< Ly
Ly_1< Ly
Ly ,< Ly 4
Ly, <Ly
end

end
return Ly, Ly (x)
End Procedure L egendrePolynomia AndDerivative

the Legendre polynomials satisfy the recursion (1.93). For efficiency, we should
compute the Legendre polynomia and its derivative simultaneously. We present
a procedure to compute Ly and L, a the same time in Algorithm 22
(LegendrePolynomia AndDerivative).

Newton’s method requires an initial guess for the roots. A simple approximation
that works for small N isto use the Chebyshev Gauss points (with a sign change to
make the points vary from left to right)

2ji+1
x?:—cos(zjj\]izn), j=0,1,...,N. (3.3)

Better starting values use asymptotic representations for the roots [26].

Algorithm 23 (LegendreGaussNodesAndWeights) computes the nodes and
weights for the Legendre Gauss quadrature. For efficiency, we use the fact that
the roots of the Legendre polynomials are symmetric about the origin so we only
need to compute half of them. If N is even, the origin is one of the nodes. We use
a special case to set that. We use (3.3) for the starting values of the Newton itera
tion. Even with this rough starting value, the number of iterations, nijt, is small. For
N < 200, nj; < 4to get double precision accuracy. We choose the stopping criterion
for the iteration so that the relative error in the root is within a small factor of the
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Algorithm 23: LegendreGaussNodesAnd\Weights:

Procedure L egendreGaussNodesAndWeights
Input: N
Uses Algorithms:
Algorithm 22 (LegendrePolynomial AndDerivative)

if N=0then
x0 <0
w0<—2
elseif N =1then
x0 < —+/1/3
wo <1
X1 < —X0
w1 < wo

ese
for j=0to (N +1)/2] —1do
2j+1
xj < _COS<2N +27r>
for k =0tonj; do
{Ln+1, L)y} < LegendrePolynomial AndDerivative(N + 1, x;)
A<« _LN+1/L/[v+1
Xj < Xxj+ A
if |A] < TOL x |x;| then Exit
end
{Ln+1, LYy} < LegendrePolynomial AndDerivative(N + 1, x;)
XN—j <~ —Xj

2

u)j < DI N —
(1_ Xj)[L/N+1]2
WN—j < w;

end

end

if N mod2=0then

{Lwn+1. L)y} < LegendrePolynomial AndDerivative(N + 1, 0.0)
xnj2 <0

WN/2 <

[Liy 41l
end
N N
return {x_,»}j:O, {w]‘}j:O
End Procedure L egendreGaussNodesAndWeights

machineepsilon, typically TOL = 4¢. (Appendix B.) We use special casesfor N =0
and N = 1 whereit issimply easier to compute the nodes and weights analytically.
3.2.2 Legendre Gauss-Lobatto Quadrature

The Gauss-L obatto pointsinclude the endpoints of theinterval, x = 1. Theinterior
points (see Sect. 1.11) are the zeros of L',. Equivalently, the derivative recursion
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formula (1.83) tells us that the interior nodes are the roots of the polynomial

qx)=Ly+1— Ly-1. (3.4)
The weights are found by

2
YT NN+ DLy o2

(35
To find the roots, we again use Newton’s method,

q(x¥)
A=l - = (36)
q'(x})

For each iteration at an interior point, we need ¢, its derivative, and L. These
we compute simultaneously using the recursion relations for the Legendre poly-
nomials and their derivatives, much as we did in Algorithm 22 (LegendrePolyno-
mialAndDerivative). We present an auxiliary procedure to compute these valuesin
Algorithm 24 (gAndLEvaluation).

Algorithm 24: gAndLEvaluation: Combined Algorithm to Compute Ly (x),
q(x)=Ly4+1— Ly—1,and g’ (x)

Procedure gAndLEvaluation
Input: N, x

k=2

Ly o<1

Ly_1<x

Ly _,<0

Ly ;<1
for k=2to N do

k—
xLy_1(x) — TLN72
Ly <Ly ,+@k—1Ly_g
Ly-2< Ly
Ly-1< Ly
Ly ,< Ly,
Ly_q1< Ly
end

k< N+1

Ly <

k—1
Lyt < xLy(x) — TLN—l

Ly <Ly 1+ @&-DLy
g < Lyt1—Lyn—1

q' < Lya—Ly
return g(x), ¢’(x), Ly (x)

End Procedure gAndLEvaluation
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Aswith the Gauss quadrature computation, we need an initial value for each root
to start the Newton iteration. For this, we use an asymptotic relation due to Parter

0 (j+1/dn 3 1 .
) — _cos — , =12 ...,.N—1 3.7
ti { N 8Nt j+1/4] 7 37

We show the final procedure to find the Gauss-L obatto nodes and weights in Algo-
rithm 25 (LegendreGaussL obattoNodesAndWeights).

Algorithm 25: LegendreGaussLobattoNodesAndWeights:

Procedure L egendreGaussL obattoNodesAndWeights
Input: N
Uses Algorithms:

Algorithm 24 (gAndL Evaluation)

if N=1then
xp < —1
wo <1
x1 <1
w1 <— wWo

end
else
xp < —1
wo < 2/(N(N + 1))
xy <1
wWN < Wo
for j=1to (N +1)/2] —1do
(+1/47 3 1
{ N 8Nn j+1/4}

Xj < —COS

for k = 0 to nj; do
{4.4'. Ly} < gAndLEvaluation(n, x;)
A<~ —q/q’
Xj < Xj + A
if |A] <TOL * |x;| then Exit
end
{4.4'. Ly} < gAndLEvaluation(N, x;)
foj (——Xj
2

w]'<—72
N(N +1)[Ly]
<~ w;j

WN—j
end

end

if N mod2=0then

{4.4’. Ly} < gAndLEvaluation(nV, 0.0)
xnj2 <0

2

wyp— ——————
NZTNW T 1 [La]?

end
N N
return {xj}j=0’ {wj}jzo
End Procedure L egendreGaussL obattoNodesA ndWeights
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Table 3.1 First four Legendre nodes and weightsfor N =6

67

Jj Gauss Gauss-L obatto
Xj wj Xj wj
0 —0.949107912342759 0.129484966168870 —1.00000000000000 4.761904761904762E—002
1 —0.741531185599395 0.279705391489277 —0.830223896278567 0.276826047361566
2 —0.405845151377397 0.381830050505119 —0.468848793470714 0.431745381209863
3 0.000000000000000 0.417959183673469 0.000000000000000 0.487619047619048

Algorithm 26: ChebyshevGaussNodesAndWeights:

Procedur e ChebyshevGaussNodesAndWeights
Input: N
for j=0to N do

cos 2j+1
3
i 2N+2"
T
g

YITNT¥1

end
N N

return {x;},_o. {w;};_o
End Procedur e ChebyshevGaussNodesAndWei ghts

3.2.2.1 Benchmark Solution: Legendre Nodes and Weights

For benchmark purposes, we include Table 3.1 to show the double precision com-
puted values of the nodes and weights for both the Legendre Gauss and Legen-
dre Gauss-L obatto quadrature when N = 6. For further comparisons, see the tables
in[1].

3.2.3 Chebyshev Gauss Quadratures

For completeness, and since we will use them later to compute Chebyshev spec-
tral approximations, we include two algorithms, Algorithms 26 (ChebyshevGauss-
NodesAndWeights) and 27 (ChebyshevGaussL obattoNodesAndWeights) to com-
pute the nodes and weights for the Chebyshev quadratures. Notice that we have
reordered the nodes to increase from |eft to right with index j. We store the constant
weightsin an array to allow us later to swap between Chebyshev and Legendre ap-
proximations. The Chebyshev nodes and weights are clearly much easier to compute
than the Legendre quantities.

3.3 How to Evaluate Chebyshev Interpolantsviathe FFT

If we were to evaluate the discrete transform pair (1.141) and (1.142) we'd have to
perform O(N?) operations to compute the value of the interpolant at each of the
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Algorithm 27: ChebyshevGaussL obattoNodesAndWeights:

Procedur e ChebyshevGaussL obattoNodesAndWeights
Input: N
for j =0to N do

Xj < —cos(%n)

return {x; 17 o, w; )7,

End Procedur e ChebyshevGaussL obattoNodesAndWeights

nodes. We now show how to use FFT techniques to compute both the coefficients
and the nodal values of the Chebyshev interpolant through the Gauss-L obatto points.
The trigonometric representation (1.85) makes FFT techniques natural for Cheby-
shev interpolants. Unfortunately, there is no equivalent fast transform for Legendre
approximations.

3.3.1 The Fast Chebyshev Transform

We can evauate discrete Chebyshev transforms with an FFT because they can be
reduced to Discrete Cosine Transforms (DCT's). The Chebyshev polynomial inter-
polation of afunction, f, in one space dimensionis

N
F@)=Y_ fiTk (x). (39

k=0

We define the Chebyshev coefficients, f; sothat F(x i) = f(x}), using (1.141). For
the specific case of Chebyshev polynomials, (1.141) is

7 S0 £iTke)w;
k= )
Z;y:o Tkz(xj)wj

(3.9)

where the {x j}I/V:O are a set of either Gauss or Gauss-Lobatto quadrature points
and the {w j}j.\’zo are the corresponding weights. This pair of formulas defines the
Discrete Chebyshev Transform.

The most commonly used quadrature points in Chebyshev spectral methods are
the Gauss-Lobatto points. When we evaluate the Chebyshev polynomials at those
points,

Ti(x;) = cos(jkm/N). (3.10)
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When we substitute (3.10) and the values of the weights into (3.8) and (3.9), the
Discrete Chebyshev Transform reduces at the Gauss-L obatto points to the Discrete
Cosine Transform (DCT)

Néx N
j=0
(3.12)
N jkm
fi ZkaCOS(T) j=0.1....N,
k=0
where
2, j=0,N,
G = J (3.12)
1, j=12... N-1

We compute Discrete Cosine Transforms efficiently with the FFT. To develop an
FFT agorithm for the DCT we first show that if the sequence to be transformed
is even, the coefficients by in the real Fourier transform (2.34) vanish, leaving the
cosine series. We will then use the algorithm that we devel oped for the real Fourier
transform to compute the DCT, which we will then use to compute the discrete
Chebyshev transform.

To develop the fast Chebyshev transform, we first show that the Fourier coeffi-
cients of areal, even sequence { f;}5; * are real. Recall that

g -1
_ = 7. —mijk/N
F=os ZO fie :
J=
(3.13)
Q-1
LN
F];k = ﬁ : jeﬂl] / .
Jj=0
Ifthesequence{f]}ZN Liseven,ie, f; = fov—;, then
g -1 -
T 2N > fon—jem KN, (3.14)
j=0
We now make the change of variable! = 2N — j to see that
1 L 2N '
— _N Z m(ZN Dk/N _ o Zﬁe—mlk/NeZm =F (315)
=2N 1=1

since periodicity of the coefficients meansthat Fo = Foy.
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Next, we show that the real Fourier transform of an even function is the cosine
transform. From (2.34), the real transform of { f ]}ZN Lis

+Z<akCOS< k)+b (2;11{/k>)+(—1)21a1v (3.16)

where by = —2Im(F;) = 0. Therefore,

N

~ ag (=D ay 1)]aN Ak mjk
j—?‘i‘z cos( ) Za OS( ) (3.17)

=0

which is the cosine transform.

The fact that the sequence needs to be even is not restrictive. We can create an
even sequence from an arbitrary sequence { f; }N by extending it to a sequence of
length 2N asfollows:

fi=fis  J=01...N, 019
fv-j=fj, j=12...,N-1

Doing so, however, computes the unneeded values of by, so twice as much work as
necessary is being done. We will see how to cut that extrawork right after we look
at how to compute the forward transform.

The forward cosine transform is within a factor of 2/N of the backward trans-
form (3.17). Recall that

ar=2Re(F), k=0,1,...,2N -1 (3.19)

and
2N—1

1 _ ..
> fie N, (3.20)

2N =
e{cos(Jk—n) —isn (jk—n)}
N N
T

(), oz

Fr, =

2N—
2
j=0
2N-1
2
Jj=0

If we split the latter sum into two,

1

hi

Y J
fjcos

2|~

L IN—1
ar =~ f0+Zf]cos< ) Z f]cos< >+( ¥ fv

j=N+1
(3.22)
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By construction, f; = foy—; = f; soif weagainlet! = 2N — j,

2N-1 1 N-1 .
2N — D km km
> f]cos< >= Z 1cos<%>=2fjcos(17).
J=N+1 [=N-1 j=1
(3.23)
Therefore,
Jjkm
:fo+22f,cos( v )+( 1)ka] (3.29)
or if we fold the endpoints into the sum,
N .
2 fi Jjkm
= — = — . 3.25
ax N;}éjcos<N) (3.25)

So we see that we can compute the backward transform (3.17) from the forward
transform (3.25) simply by multiplying the resultsby N /2.

With a little more work, we can make the cosine transform more efficient by
about a factor of two if we transform the even sequence so that the coefficients by
that are returned by the real Fourier transform contain useful information. A method
introduced by Dollimore generates the half sized array

1, . - = = .
ej=5 (fi+fu-j) = (fi = fu—j)sinie. j=0L1...N-1 (326

When we substitute for f; using (3.17) and rearrange, we get the real transform

N-1 .
¢j =5 + kgl <a2k cos—N + (a2k+1 — az-1) SN

+ Z (Clk cos< k) + by s (27;\;](» + (_1)2] an. (3.27)

Thus, we can use Algorithm 15 (ForwardRealFFT) to compute transform coeffi-
cients a; and by of {e; }N —1 Then we make the correspondence to the coefficients

of the cosine transform of the original sequence, { f; W =0 through

27 jk (=1 an
V)

(3.29)

ay = ay, k=0,1,...,N/2,
Bk:a2k+1—a2k_1, k=1,2,...,N/2—- 1.

Equation (3.28) says that we can compute the even coefficients of the cosine
transform directly from the results of the forward real FFT. To get the odd coeffi-
cients we use the recursion relation

agr1=axy 1+b, k=12...,N/2—1 (3.29)
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Algorithm 28: FastCosineTransform: The Cosine Transform Computed with
the Real FFT
Procedure FastCosineTransform
N N-1
Input: {37 o {w !} 20 A€o 1871005
Uses Algorithms:
Algorithm 15 (ForwardRea FFT)

Comment: C; = cos(jz/N), S; = sin(jm/N)
for j=0toN —1do

1
‘ ej < 5 (xj+xn—j) = 8j (x; —xn-))
end
N 2
[ta 23 (b} Lo} < ForwardRealFFT ({e; 15 . fwl }1g)
for k_OtoN/2do
| ax < ak
end
a1 < fo— fn
for j=1toN —1do
| a1<a1+2C;f;
end
ay <—ai1/N
for k=1toN/2—1do
| aoiq1 < bi +an—1
end
if s = BACKWARD then
for k=0to N do
| ap <— Nak/2
end
end
N
return {ax};_o
End Procedure FastCosineTransform

To start the recursion for the odd indexed coefficients, we compute the first one
directly by thereal DFT

1
a1 fo NZf]cos<N> (1)\sz (3.30)

We now have all the relations, (3.26)—3.30), necessary to implement the Fast
Cosine Transform (FCT). We present the result in Algorithm 28 (FastCosineTrans-
form). We could have chosen one of several ways to implement the transforms. If
we need to compute many transforms of the same size, which is common in spec-
tral method applications, then we would pre-compute both the trigonometric factors
for thereal transform Algorithm 15 (ForwardReal FFT) and the sine and cosine fac-
tors. We can compute and store them in a single array, using the periodicity of the
trigonometric factors and taking their real and imaginary parts for the sine and co-
sine factors. For clarity, however, Algorithm 28 takes three arrays of the Fourier
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Algorithm 29: FastChebyshevTransform: The Fast Chebyshev Transform
using the Fast Cosine Transform

Procedur e FastChebyshevTransform

. N V-1 N N
Input: {fj}_j=0’ {w] }j=0 : {Cj}j=0’ {Sj}j=0’s
Uses Algorithms:

Algorithm 28 (FastCosineTransform)
Comment: C; =cos(jn/N), S; =sin(jz/N)
for j=0to N do

| g < fj
end
if s =BACKWARD then
‘ 80 < 280
gn < 28N
end
: N N-1 N N
{a}i_o < FastCosneTransform({gj}jZO, {w;“}j:0 , {Cj}jzo, {Sj}j:O ,5)
if s = FORWARD then
ap < ap/2
ay <an/2
end
return {ax}_,
End Procedure FastChebyshevTransform

trigonometric factors plus the arrays of the cosine and sine factors. These would be
computed in a FCT initialization routine that we do not show here. The algorithm
also takes a parameter, s, so a single procedure contains the forward and backward
transforms.

Finally, we use the Fast Cosine Transform to compute the Chebyshev transform.
The only difference between the Chebyshev transform (3.11), the cosine transform
(3.17), and (3.25) is how we have to treat the first and last elements of the sequence.
Therefore we only need to perform a simple preprocessing to use the cosine trans-
form to compute the Chebyshev transform, aswe show in Algorithm 29 (FastCheby-
shevTransform).

3.4 How to Evaluate Polynomial Interpolantsin Lagrange Form

Spectral polynomial interpolants are often computed in the nodal Lagrange form
rather than the modal orthogonal polynomial expansion (1.137). The Lagrange
form of the polynomia of degree N that interpolates a function at a set of points
{Cj, Y gis

N
PN () =D fil; (x). (3.31)

j=0
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The functions £ (x) are again the Lagrange interpolating polynomials

N

Goo=]—. (3.32)

i=0

i#j

The important property of the interpolating polynomials that we will exploit many

times when we derive nodal spectral methodsisthat £;(x;) =§; ;.

Two alternate ways to write the Lagrange interpolation have gained attention in

recent years. Thefirst, which is called the “modified Lagrange interpolation”, is

N
W
PN =Y ()Y fi— (€X5)
j:O X — Xj
where ¥ (x) = [T (x — x;) and
1
wWi=——7——. 3.34
’ | (xj —xi) (3349
i#]
The equality
N W
Y)Y - _"x. =1 (3.35)
j=0 J
allows us to write athird version known as the “ Barycentric formula’,
Yo fivth
py )= =2y (3.36)

N wj
Y0y

Although (3.33) is theoretically better than (3.36), for the sets of interpolation
nodes used in spectral methods where the spacing decreases towards the endpoints,
the form (3.36) has similar rounding error properties.

From these two formulas, (3.34) and (3.36), we write two algorithms, one to
compute the barycentric weights, w;’s, and the other to compute the interpolant
a a point, x. Algorithm 30 (BarycentricWeights) implements (3.34) to compute
the weights. Once we have computed and stored the weights, we will be able to
compute the interpolant for any point x and any set of values { f j}?’:O using Algo-
rithm 31 (Lagrangel nterpolation), which implements (3.36). The advantage of the
barycentric approach should be clear from these two algorithms. Once the weights
are computed using Algorithm 30, the interpolant at any point x will take O(N)
floating point operations to compute using Algorithm 31.

If we want to interpolate repeatedly to a fixed set of nodes, say to afine grid for
plotting purposes or in multidimensional interpolation, we rewrite the operation as
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Algorithm 30: Barycentric\Weights: Weights for Lagrange Interpolation

Procedure BarycentricWeights
Input: {xj}j.vzo
for j=0to N do
| wj ~1
end
for j=1toN do
for k=0toj—1do
Wy <— Wi (xk —xj)
Wj <= w; (Xj —xk)
end
end
for j=0to N do
| wj < 1/w;
end
return {wj};vzo
End Procedure BarycentricWeights

Algorithm 31: Lagrangelnterpolation: Lagrange Interpolant from Barycentric
Form

Procedure Lagrangel nterpolation
. N N N
Input: x, {xj}j:O’ {fj}j:O’ {w.f}j:O
Uses Algorithms:
Algorithm 139 (AlmostEqual)

numerator <— 0

denominator < 0

for j=0to N do
if AlmostEqual(x, x;) then return f;
< w;/(x —xj)
numerator < numerator + ¢ * f;
denominator < denominator + ¢

end

return numerator /denominator
End Procedure Lagrangel nterpolation

amatrix multi plication. To map between an original set of points, {x; };V:o to anew
set of points, {&;}4 =0 (3.36) becomes

S oalf X
Fk = 71 Ll Z kj fj (337)
Z/ Oék—A] j=0
where
wj
Tjj= —od (3.39)

w;
Yo
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Algorithm 32: PolynomiallnterpolationMatrix: Matrix for Interpolation Be-
tween Two Sets of Points
Procedur e Polynomial nterpol ationMatrix
. N N M
Input: {xj}j:O’ {wj}j:O’ {gj}j:O
Uses Algorithms:
Algorithm 139 (AlmostEqual)

for k=0to M do

rowHasMatch < false

for j=0to N do

T, <0

if AlmostEqual (&, x;) then

rowHasMatch < true

‘ Tk,j < 1

end

end

if rowHasMatch isfalsethen

s <0

for j=0to N do

t—w;/ (5 —xj)

Tj,j <t

s <85+t

end

for j=0to N do
| Tk,j <—Tkj/s

end

end
end
M,N
return {Ti,j}i,j:O
End Procedur e Polynomial I nterpol ationMatrix

We present Algorithm 32 (PolynomiallnterpolationMatrix) to compute the interpo-
lation matrix from {x‘,}ﬁ.\’zo to {gj}ﬁio. To compute the interpolant, we need only
to modify the matrix multiplication algorithm, Algorithm 19 (MxV Derivative) to
handl e non-sgquare matrices, giving Algorithm 33 (Interpol ateToNewPoints).

Later in Sect. 4.7 we will see that the discontinuous Galerkin approximation
requires the boundary values of the Lagrange interpolating polynomials at the end-
points, £ (1) using the Gauss points as the nodes. If we compare the two forms of
the interpolant, (3.32) and (3.36), we see that

Wj

N wj °
= x)) Xj0 5,

£i(x) = (3.39)

This relationship means that we can compute the Lagrange interpolating polynomi-
als from the barycentric weights by a modification of Algorithm 31 (Lagrangel nter-
polation).

We present Algorithm 34 (Lagrangel nterpolatingPolynomials) to show one way
to compute the Lagrange interpolating polynomials. It first checksto seeif the eval-
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Algorithm 33: InterpolateToNewPoints: Interpolation Between Two Sets of
Points by Matrix Multiplication

Procedure InterpolateToNewPoints
M,N N
Input: {Tiaj}i,j:O‘ {fj}j:O
for i =0to M do
t <0
for j=0to N do
| t<t+Tij*f;
end
finterp; < ¢
end

return {flnterpj}ji0
End Procedure InterpolateToNewPoints

Algorithm 34: LagrangelnterpolatingPolynomials: £; (x)

Procedure L agrangel nterpolatingPolynomials
. N N
Input: x, {x;};_o. {wj};_o
Uses Algorithms:
Algorithm 139 (AlmostEqual)

xMatchesNode <« false
for j=0to N do
Zj < 00
if AlmostEqual (x, x;) then
Iij «~10
XxMatchesNode <« true
end

end
if xMatchesNode then return {ej};v=0

s <0
for j=0to N do

t<—w;/(x —xj)
Kj <~ t
S <S5+t
end
for j=0toN do
| £j<¢j/s
end

return {ej}jLO
End Procedure Lagrangel nterpolatingPolynomials

uation point is anode, x;. If so, then we know that the polynomial is one at x; and
zero at al of the other nodes. If the evaluation point is not anode, then the algorithm
evaluates equation (3.39).

Finally, we show how to compute interpolations of functions of two independent
variables. Formally, we write the interpolant of a function f(x, y) as the tensor
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product
N N

NG =Y fi il (05 (y). (340)
i=0 j=0
We could evaluate this form directly using the Lagrange interpolating polynomials
computed by Algorithm 34 (Lagrangel nterpolatingPolynomials). In practice, how-
ever, direct evaluation can be slow.

A common need is to interpolate from one grid to a finer grid for plotting pur-
poses. Plotting programs typically draw curves by assuming linear variations be-
tween points on the grid. Spectral methods are able to compute accurate solutions
on coarse grids. When we plot solutions on these coarse grids, they often ook worse
than they really are. For this reason, we will usually interpolate spectral approxima-
tions to afine grid before plotting.

We interpolate a polynomia py(x,y) from a coarse N9 x M99 grid to a
fine N™W x MW grid in two stages using Algorithms 32 (Polynomiallnterpola-
tionMatrix) and 33 (InterpolateToNewPoints). The first stage is to compute one-
dimensiona interpolations from the original grid to a fine grid in one of the two
coordinate directions, e.g. toa N x M9 grid

N0|d
Frj=Y T fij. n=01... N j=01_. Mo (3.41)
i=0

The second stage is to interpolate from the intermediate grid to the final grid

Mmod
Fam=Y T Fyj. n=01_. N m=01.. M (342

j=0
With the two stage approach, we need to compute an interpol ation matrix only once
for each direction, and the grid isinterpolated to the new grid by a series of matrix-

vector products. We show the procedure in Algorithm 35 (2D CoarseToFinel nterpo-
lation).

3.5 How to Evaluate Polynomial Derivatives

When we approximate a function by an interpolant, we approximate its derivatives
by differentiating the interpolant

N

N
fO~Unf@) =Y fit;0)=Y P (3.43)

j=0 k=0

If we represent the interpolant of the function in Lagrange form, we use the first
representation of the derivative that iswritten in terms of the Lagrange interpolating
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Algorithm 35: 2DCoarseToFinelnterpolation: Interpolation from a Coarse to
aFine Gridin 2D

Procedure 2D CoarseToFl nel nterpolation

ld ld
tnputs (a2 i) (i e

Input: {&; }i=0 Anj }?/I:o

Uses Algorithms:
Algorithm 32 (Polynomiall nterpolationMatrix)
Algorithm 33 (Interpol ateToNewPoints)
Algorlthm 30 (BarycentricWeights)

{wi)! °0 <—Barycentr|c\l\kights({x,}N°(')d)
T it o o < Polynomiall nterpolationMatrix({x ; led Nom &j N
2] 1_0’1_0 JJj=0" j=0" j=0
for j=0to M4 do
— Id Id
‘ {F ) < InterpolateToNewPoints({7; ;) o Yo" { £y

i=0,j=0 ° i=0
end

Mold . ) Mold
{wj}_o < Barycentricweights({y;} _;)

MnaN Mold . ) . Mold Mmold Mnew
{T:.;}; oj0 Polynomlallnterpola'uonMatrlx({yj}j:0 ,{u)j}j:0 ,{nj}j:0 )

for n—OtON"ede
‘ {an}n o < InterpolateToNewPoints({7; ; },

end
NnaN MT'IEN
return {F,, m}n -

End Procedure| nterpolateToNewPoints

Mnew pgold o~ pold
—0j=0 1 Fnmlno)

polynomials. We can evaluate the derivative at a set of mesh points as a matrix-
vector multiplication, which is efficient for sufficiently small N. If N islarge, trans-
form methods are faster, if available. To use transform methods we use the second
representation in (3.43), written as an orthogonal polynomial expansion.

3.5.1 Direct Evaluation of the Derivative

On some occasionswe will need to compute the derivative of an interpolant at points
other than the nodes. In those situations, it is reasonable to compute them directly.
Fortunately, the barycentric form of the interpolant allows us to compute the deriv-
ative at apointin O(N) operations.

If the evaluation point is not a node, then we can work directly with (3.36) to
compute the derivative of the interpolant py. After we multiply through by the
denominator of the right hand side of (3.36) and differentiate with respect to x,

N

Z wJ—fJ (3.44)
j=

— (x —x))?

xj)2
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If we write (3.44) in terms of the derivative we get a formula that looks similar to

the interpolation formulaitself

Z w; PN— f,
=0 x— —Xj X—Xj

W
Z/ =0 x— ),(J

pyx) =

At anode, the derivative smplifiesto

pN(xl)___Z X .
J

175!

(3.45)

(3.46)

In those situations where we need to compute the derivative directly, we would use
Algorithm 36 (L agrangel nterpolantDerivative), which implements (3.45) and (3.46).

Algorithm 36: LagrangelnterpolantDerivative: Direct Computation of the

Polynomial Derivative in Barycentric Form

Procedure Lagrangel nterpolantDerivative
5 N N N
Input: x, {x;};_o. {£j}izo- {witizo
Uses Algorithms:
Algorithm 139 (AlmostEqual)
Algorithm 31 (Lagrangel nterpol ation)

atNode <« false

numerator < 0

for j=0to N do

if AimostEqual (x, x ;) then
atNode < true
p<fj
denominator < —w;
i< j

end

end

if atNode then

for j=0to N do

if j #i then

end
end

else
denominator < 0

for j=0to N do

t<—w;/(x —x;)

numerator <— numerator +¢ * (p — f;)/(x — x;)
denominator <— denominator + ¢

end

end
return p’ < numerator /denominator
End Procedure Lagrangel nterpolantDerivative

| numerator <— numerator +w; * (p — f;)/(x — x;)

p < Lagrangelnterpolation(x, N, {xj};vzo, {fj}?,:o’ {wj};‘;o)
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3.5.2 Evaluation of Derivatives by Matrix Multiplication

One easy way to derive the values of the derivative of a polynomial interpolant at a
set of nodesisto start with the Lagrange form

N N
S~ 2fi=Unf @) =) fit;)=)_ Dijfj, i=01...N.
j=0 j=0

(3.47)
We can therefore evaluate the derivative by matrix-vector multiplication, where
D;; = E’j(xi) is the derivative matrix. In practice, we pre-compute and store the
derivative matrix. The main issue is to mitigate the effects of roundoff error, which
can become significant for high order derivatives and for large N.

The most general way to evaluate the derivative matrix is to form the derivatives
of the Lagrange interpolating polynomials, asimplied directly by (3.43). Thisworks
for any set of evaluation points and for any basis polynomials. The more likely
situation, however, is that we will want the derivatives at the nodes, as occurs in
(3.47). If we only need the nodal values of the derivatives, we can conveniently use
the barycentric form, for which the derivative matrix is

mzﬁ[l ]iﬁ, (348)

w; x,'—x]‘

and the weights, w; are given by (3.34). To compute the diagonal elements, we
again use the negative sum trick, (2.43), to minimize the effects of rounding errors
when we compute the derivative. Remember the remarks about (2.43), however.
For large N we get the best results when the off diagonal terms are sorted and
summed from smallest in magnitude to largest. For the sake of simplicity, however,
we present Algorithm 37 (Polynomial DerivativeMatrix) without the sorting to com-
pute the derivative matrix.

We note that in special situations, explicit forms for the derivative matrices exist.
For example, if the nodes are the Chebyshev Gauss-L obatto points, we could write
the first derivative matrix as [10]

b 1¢ (—n'* i
jj = —5T - - — y JFL
ij 2Cj Sm((z-yz—/v)n)sn((zz/v)ﬂ)
1 Xi
Dj=————+——, i#0,N, 3.49
i=saray 7 (349
2N? +1
Doo = Dnyy = 5

where ¢; is defined in (3.12). However, the more general Algorithm 37 (Polynomi-
alDerivativeMatrix) is more convenient to use for any set of basis functions.
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Algorithm 37: PolynomialDerivativeMatrix: First Derivative Approximation
Matrix
Procedur e Polynomial DerivativeMatrix
Input: {Xj}j.\;o
Uses Algorithms:
Algorithm 30 (BarycentricWeights)

{w; }?':0 <« BarycentricWeights({x; }j.V:O)
for i=0to N do

Di,i <0
for j=0to N do
if j i then
w; 1
Di,j «— —
w; X; — X
D;; < D;; — D,
end
end
end
N
return {Di’j}i,j:O

End Procedure Polynomial DerivativeMatrix

We compute derivative matrices for high order derivativesin one of several ways.
The recommended approach computes the matrices recursively

my__ _m Wj o (m—1) (m—-1)
Dij _—<_Dii _Dij >’

Xi — Xj wj
(m) a (m) (3:50)
m m
D" =->"Dj .
j=0
j#

Algorithm 38 (mthOrderPolynomial DerivativeMatrix) presents an implementation
to compute the matrix elements of the mth derivative matrix.

Finaly, once we have computed and stored the derivative matrix, we compute
the derivative by matrix multiplication, Algorithm 19 (MxV Derivative).

3.5.3 Even-Odd Decomposition

We can speed up the matrix-vector computation of the spectral derivative at the
Gauss and the Gauss-L obatto by about a factor of two using an even-odd decompo-
sition. The key observation is that

D;j=—-—DnN—inN-j, (3.51)

a fact that can be shown directly from the definition (3.48) and the fact that the
Gauss and Gauss-L obatto points satisfy x; = —xy—;.
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Algorithm 38: mthOrderPolynomial DerivativeMatrix: Derivative Matrix for
mth Order Derivatives

Procedur e mthOrderPolynomial DerivativeM atrix

Input: m, {xj}j.\;o

Uses Algorithms:

Algorithm 30 (BarycentricWeights)
Algorithm 37 (Polynomial DerivativeM atrix)

N - N
{w;}j_o < Barycentricweights({x; } /_o)
N
(m)
{Di’j }i,j:O
- m |
if m=1then return{D,"
bJ )i j=0

<« Polynomial DerivativeMatrix({x; };V:O)

for k =2tom do

for i=0to N do
Dl.(z') ~0
for j=0toN do
if j #i then
DI k- (ﬁDlgrlr;) _ D;r;g))
7 Xi —Xj wi ’ ’
DY « D - D
end
end
end
end
return {Di(”f)}N
)i j=0

End Procedur e mthOrderPolynomial DerivativeMatrix

To derive the even-odd decomposition, let us assume for the moment that the
number of points, N + 1, iseven and define

1
ej =5 (fi+ n-j);

1

0j =35 (fi=fn-j),

to be the even and odd vectors, sothat f; = e; +o0;. Fromtheir definitions, it is easy
toseethat e; = ey_j ando; = —oy_ ;. Since matrix-vector multiplication islinear,

j=01,...,|N/2] (352

Df=P(e+0)=De+ PDo. (3.53)

The symmetry (3.51) allows us to decompose the matrix multiplication on the even
and odd vectors into two sums of half the length. For instance,

N N /2] N /2]
Pei = Dijej= ) (Dijej+Din-jen-j)= ) (Dij+Din-j)e;.
j=0 Jj=0 j=0

(3.54)
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We only need to compute the values of Ze; fori =0,1,...,|N/2], for

LN/2] LN/2]
Pen—i= ) (~Dijen—j = Dijej) == Y (Dij+Din-j)ej=~Zei.
j=0 j=0
(3.55)
Similarly,
N/2]
.@0,‘ = Z (Di,j - Di,N—j)Oj (356)
j=0
and
@ON_,' = @0,‘. (357)
To reconstruct the full derivative approximation we compute
@f':@€'+90'a ]:01179|_N/2J7
S ! (358)

@fN_jz—@e]'—i-@Oj, j=0,1...,|[N/2].

Algorithm 39 (EOMatrixDerivative) presents a procedure for the even-odd decom-
position, including the modification that adds the middle term when N + 1 is
odd.

3.5.4 Evaluation by Transform Methods

Transform methods are more efficient for large N. We have al of the machinery
necessary to build an algorithm to compute derivatives of Chebyshev approxima-
tions that use the FFT. The starting points are the relations (1.102) and (1.113) be-
tween the coefficients of the interpolant and the coefficients of the derivatives. The
procedure is to compute the Chebyshev coefficients using the FFT, Algorithm 29
(FastChebyshevTransform), compute the coefficients of the derivative, Algorithm 5
(ChebyshevDerivativeCoefficients) and then transform back using Algorithm 29.
We show this procedure in Algorithm 40 (FastChebyshevDerivative). Notice that,
for speed, we assume the transform weights and sine and cosine factors are pre-
computed, stored, and available to the transform.

3.5.5 Performance of Various Polynomial Derivative Algorithms

We have devel oped four algorithms with which to compute the derivative of a poly-
nomial interpolant at its nodes. The question is which of these is the fastest? We
wish we could say with complete certainty, but the answer depends strongly on
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Algorithm 39: EOMatrixDerivative: Computation of First Derivative by Even-
Odd Decomposition

Procedure EOMatrixDerivative
. N N
Input: {Div/}i,_/:O’ {fj}j:O

integer M < [(N +1)/2]

for j=0toM do

ej < (fj+ fn-j)/2

0j < (fj — fn=j)/2

end

for i=0toM —1do

@6,’(—0

Do; <0

for j=0toM —1do
@ei(_@ei+(Di.j+Di,N—j)*ej
@0i<_@ei+(Di,j_Di,ij)*0j

end

end

if N+ 1isoddthen

for i=0toM —1do

| De; <— De; + D; y*ey

end

Dey <0

for j=0toM —1do

| @0M<*@0M+(DM,j*DM,N—j)*0j

end

end

for j=0toM —1do

Dfj < Dej+ Do

DfN-j < —Dej+ Do;

end
if N+ 1isoddthen
| Dy <~ Dey + Doy
end
N
return {2 £},
End Procedure EOMatrixDerivative

the number of points, the computer architecture, cache sizes, the code, the com-
piler, and the optimizer. For instance, in the past we found that hand-unrolled loops
in the matrix-vector product routines produced significantly faster computations
(cf. [9]). We have not found that to be the case on our current system. For pro-
duction work, we recommend coding and testing several algorithms and implemen-
tations.

Figure 3.3 shows timing comparisons between direct implementations of the
three algorithms 19 (MxVDerivative), 39 (EOMatrixDerivative), and 40 (Fast-
ChebyshevDerivative) without any special efforts to optimize them by hand, but
with two levels of complier optimization. In each case, we computed the deriva-
tives amillion times and then divided the total time by that number. We see that for
N < 10 there islittle difference between the Even-Odd decomposition and the di-
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Algorithm 40: FastChebyshevDerivative: Computation of the Derivative by the
Fast Chebyshev Transform

Procedur e FastChebyshevDerivative

Input: {fj}?,:o

Uses Algorithms:
Algorithm 5 (ChebyshevDerivativeCoefficients)
Algorithm 29 (FastChebyshev Transform)

[0 -

FastChebyshevTransiorm({ £;}}_q. {w; )12 {1} 1o {57} 0.

FORWARD)
[70)",  chebyshevDerivativeCoefficients({ /i ]1o)

{2f; }j‘V:o <

FastChebyshevTransform({ 7V}, {w; 1775 {C 1) 15,1, BACKWARD)

Jj=0’
return {@fj}jy:o
End Procedure FastChebyshevDerivative

35107°———————
-o--- MxVDerivative o
3 10’5 L | — = - EOMatrixDerivative 7 4k 4
—e— FastChebyshevDerivative g
o4
2510°F g {1t ]
o 5 F g
S 2107 FEn .
S s v :
S 151070 s 1T °
= Qa / .e'/£
1107t 1| LB ,
510°F 1r 1
g -03
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Fig. 3.3 A comparison of CPU times between three algorithms to compute a polynomial spectral
derivative with two levels of optimization. Left: —O2. Right: —O3

rect matrix multiply in either graph. However by N = 64 and moderate optimization
the even-odd decomposition is 1.7 times faster, which is consistent with the factor
of two that we would expect by doing the decomposition. With more aggressive
compiler optimization, however, there is virtually no difference between the speeds
of the direct matrix multiply and even-odd decomposition algorithms. For our im-
plementation, Algorithm 40 does not become competitive until N = 64. This could
change significantly if we had used a highly tuned FFT.
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Exercises

3.1 Reproduce Fig. 3.3 and compare the performance of the three algorithms,
Algorithms 19 (MxV Derivative), 39 (EOMatrixDerivative), and 40 (FastCheby-
shevDerivative), for computing polynomial derivatives. Be sureto try different com-
piler optimization levels.

3.2 Plot and compare the error of the polynomial approximation of the derivative
of the function f(x) = cos(2x) as a function of N using the three algorithms,
Algorithms 19 (MxV Derivative), 39 (EOMatrixDerivative), and 40 (FastCheby-
shevDerivative). Include in your comparisons the Legendre and Chebyshev approx-
imations. Compare also the errors with and without using the Negative Sum Trick
to represent the derivative matrices.

3.3 Plot the locations of the nodes for both Chebyshev and Legendre Gauss and
Gauss-L obatto quadratures as afunction of N for several valuesof N.

3.4 Derive the Even-Odd decomposition when N is odd.

3.5 The Chebyshev Gauss quadrature points have an important interpolation prop-
erty that serves as a useful counter argument to the sometimes stated claim that
interpolation at the Gauss points “wastes’ points near the boundaries. The interpo-
lation error f(x) — Py (x) isrelated to the derivatives of f and the nodes x; by

FOVHD () N

f(x)_PN(x)ZWEJ(X—Xj).

The Gauss points are exactly those that minimize the maximum value of the poly-
nomial factor of the interpolation error. (This result can be found in any elementary
numerical analysis book.) Plot the interpolant of the function

fx) = xe[-1,1]

1+ 25x2°

for N =5, 10, 15, 20 using the Gauss, Gauss-L obatto and uniformly spaced points.
Comment on your results. The effect seen when uniformly spaced points are used is
called the Runge Phenomenon.

3.6 Develop and implement an algorithm to use Gauss quadrature to approximate

integrals of the type
1,1
sz / f(x,y)dxdy.
-1J41

Modified versions of this algorithm will be used later in Chaps. 7 and 8.
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Approximating Solutions of PDEs



Chapter 4
Survey of Spectral Approximations

Now that we know how to approximate functions, integrals and derivatives with
high order orthogonal functions, we move to our ultimate goal and develop methods
to approximate the solutions of partial differential equations (PDES).

In this book, we will concentrate on the spectral approximation of three basic
equations of mathematical physics, namely the potential equation

VZp=s, (4.1
the advection-diffusion equation
@ +q- Vo=V, 4.2
where q is some velocity field, and the wave equation
@i — *V%p =0. (4.3

From the advection-diffusion equation we can immediately reduce to the scalar ad-
vection problem (v = 0) or the diffusion problem/heat equation (g = 0). The form
of the equations (4.1)—(4.3), the form in which the equations are usually written, is
called the strong form.

The strong form of the equations may require the solutions to be more smooth
than we want. For instance the temperature, ¢, in a thin insulated rod of length,
L, with variable thermal diffusivity and zero temperature specified at the ends is
described by the initial-boundary value problem

©r =V@xx +x0x, x€(0,L), t>0,
90,1)=¢(L,t)=0, (4.4)
@(x,0) = po(x).

Its classical solution is the one that must be at least twice differentiable in space.
The diffusivity, v > 0, must also be differentiable. We know physically, however,
that at the joint between two materials with different thermal conductivities, v will
not be differentiable and a slope discontinuity will appear in the solution to make
the heat flux, f = ve,, continuous. The piecewise smooth solution, which makes
perfect physical sense, is not a classical solution to the heat equation. To include
solutions with weaker smoothness constraints, we need to rewrite the equations.

To alow a larger class of solutions, we rewrite the PDE in a weak form. For
example, if we write the right hand side of the PDE in (4.4) in the form (ve,), and

D.A. Kopriva, Implementing Spectral Methods for Partial Differential Equations, 91
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multiply by an arbitrary function ¢ and integrate over the domain, we find that the
temperature also satisfies the equation

L L
/0 (p,qbdx:/é (veyx), pdx. (4.5)

If ¢ issmooth enough, we can integrate the diffusion term by parts

L L L
/0 orpdx = /O (gx), bdx = vl — /O vgudadx. (4.6)

When we apply the boundary conditions, we are left with the weak form of the heat
diffusion equation

L L
/0 prpedx = — /O vgrudx, @.7)

or using the inner product notation of the previous chapters,

((pl‘ﬂ ¢) = (V(p)C? ¢X) . (48)

The weak form of the heat equation requires only that the weak solution for
the heat flux, ve,, be square integrable, which is physically reasonable and less
restrictive than requiring that v be differentiable and ¢ be twice differentiable. It
also implicitly defines the boundary conditions. On the other hand, if the solution
isclassical, then it satisfies both equations, for we can work backwards from (4.7),
integrate by parts again, rearrange, and get

L
/0 {(pt - (V(px)x} ¢dx = Ov (49)

provided that the boundary conditions are satisfied. Since the function ¢ is arbi-
trary and smooth enough, and the integral always vanishes, the quantity in braces
must always vanish. In other words, the temperature satisfies the strong form of the
equation, too.

We get a bonus from the weak form of the heat equation, for we can show im-
mediately that the energy of the solution does not grow in time. Since ¢ isarbitrary,
we can choose ¢ = ¢. Then (4.7) becomes

L L
/0 g0,<pdx:—/o VO, @rdx. (4.10)

We can rewrite the left hand side in terms of the energy, |l¢||, if we pull the time
derivative out of the integral. Furthermore, since v > 0, the energy satisfies

1d [t

L
2 2
- dx =— dx <0. 411
2a’t0¢ x /OV((PX) x < (4.11)
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Since the time derivative is always less than or equal to zero, it follows that the
energy is always bounded by the initial energy,

lollz2 < ligoll 2. (4.12)

Spectral methods are high order techniques that we use to solve partia differen-
tial equations either intheir strong form like (4.1)—«(4.3) or in aweak form like (4.8).
What sets spectral methods apart from others like finite difference methods (which
start from the strong form of the equations) or finite element methods (which start
from theweak form) isthat to get a spectral method we approximate the solutions by
high order orthogonal polynomial expansions. Wheress finite difference and finite
element methods may be “high order” at orders two or three, spectral methods are
run at orders up to the thousands. We have seen in Part | that orthogonal polynomial
approximations can have very high convergence rates, which allow usto use fewer
degrees of freedom for a desired level of accuracy.

We generate one of two types of spectral methods from the strong form of the
equations. The most common method, known as collocation, looks much like avery
high order finite difference method. To get a collocation method, we require that the
PDE be satisfied at a set of grid, or more precisely, collocation points. We approx-
imate derivatives at these grid points by the derivative of the nodal polynomial that
interpolates the approximate solutions. Finite difference methods differ in that the
derivative approximations are local to agrid point. Finite difference approximations
to derivatives can be derived by differentiating alocal low order polynomial inter-
polant at a point. We set the boundary conditions in a collocation method like we
would in afinite difference method: We simply replace the grid point value at the
boundary by the boundary condition. Another method known as the penalty method
adds a term to the strong form of the equations to enforce the boundary condi-
tions weakly. We will derive examples of collocation methodsin Sects. 4.1 and 4.4.
Penalty methods are covered in [14].

We also generate spectral methods from weak forms of the PDEs. The most com-
mon class of methods, known as Galerkin methods, look much like Galerkin finite
element methods. To get a Galerkin method, we choose the functions ¢, known as
the test functions, from the same set of basis functions that we use to approximate
the solution itself. The spectral Galerkin methods differ from finite element meth-
odsin that finite element methods use local functions asthe test functions. Galerkin
approximations naturally use the modal form to represent the solution. However,
if we use anodal representation of the solution and replace the integrals by Gauss
guadratures, we can generate nodal Galerkin approximations. We derive examples
of Galerkin spectral methods in Sects. 4.2, 4.5, 4.6, and 4.7. The tau method (so-
called because the original had a parameter ¢ in it) is a moda method that starts
from the weak form of an equation, but enforces boundary conditions differently
than the Galerkin method. Tau methods are quickly remembered in [7].

Inthischapter wewill become familiar with spectral methods aswe derive six ap-
proximations for the representative examples of the advection-diffusion and scalar
advection equations in one space dimension. At the end of the chapter, after we
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know what the methods are and how they are derived and implemented, we will re-
group and make some sweeping generalizations about how to choose among them.
In later chapterswe will approximate and compute solutionsto the three basic equa-
tions of mathematical physics that describe potentials, advection and diffusion, and
the propagation of waves in two space dimensions.

4.1 TheFourier Collocation Method

The first spectral method that we will derive is known as the Fourier spec-
tral collocation approximation. We will illustrate the derivation of the method
by approximating the advection-diffusion equation with periodic boundary condi-
tions,

Or +ox =voxy, O<x<2m, t>0,
(x,0)=¢o(x), 0=<x<2nm, (4.13)
©0,1) =¢27,t), t>0.

For now, we will assumethat v > 0 is a constant.

Sincethe problemisperiodic, it isnatural that we approximate the solutionwith a
Fourier polynomial. To derive the collocation method, we approximate the solution
as an interpolant, written in nodal form (1.56)

N-1

P, DR, 1) =Y Dp(t)hy(x), (4.14)
n=0

where @, (1) = ®(x,,t) and the grid points are x, = 2z /N. To determine the N
unknowns, @,,, we need to find N independent equations.

We derive the collocation method like we derive a finite difference method. We
find the equations necessary to determine the N unknowns by requiring that the
approximate solution satisfy the differential equation at each of the N grid points,

(@ + @, —v&y )], =0, j=01.. N-1 (4.15)

Let's substitute for @ with (4.14) and recall that 4, (x;) = 6, ; to get an ordinary
differential equation to integrate in time for each of the grid point values @;

N-1 N-1
i+ Gy (x))=v Y POk (xj), j=01.. . N-1 (416
n=0 n=0

We now recognize that the two sums represent matrix-vector multiplications and so
we rewrite thisas

&+ 9 =vP?®;, i=0,1... N-1 (4.17)
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If we approximate 22 ~ 99 (see Problem 2.5), we get the collocation approxima-
tion

b, =—9(®; —v2®;), j=01.. N-L1 (4.18)

A finite difference approximation would also look like (4.17) if we wrote the
finite differences as a matrix-vector multiplication. The standard second order ap-
proximation has a tri-diagonal matrix for the advection and diffusion terms. The
matrices for the spectral collocation approximation are full.

Alternatively, we can use the modal form to represent the interpolant,

N2 =

Px.)= Y ﬁei’“, (4.19)

C
k=—ny2 K

which gives the system of ordinary differential equationsin terms of the coefficients

N/2 . = N/2 2\ 7
. k®y . —k) Dy
¢j+ E lE—kelkxj =V E %e’kxf, ] IO, 1, ...,N—l. (420)
k=ny2 k k=—nyj2 K

The two systems, (4.18) and (4.20) are not exactly equivalent, see Problem 2.5.

The approximation (4.14) automatically satisfies the boundary conditions, but we
need an initial condition for each of the @; to integrate (4.17) in time. The initial
condition is usually taken to be the interpolant of the initial function ¢, that is
®;(0) = go(x;), which has aliasing errors.

Like afinite difference method, the collocation method is easy to apply to general
variable coefficient problems. Suppose, for instance, that the diffusion coefficient
depends on the solution

o+ o = W(@ex)y, x€(0,2r1), t>0,
¢(x,00=go(x), x¢€(0,2m), (4.22)
¢0,1) =p(2r,t), t=>0.

In the variable coefficient problem, we approximate the diffusive flux, f = v(¢)ey,
as apolynomial through its values at the collocation points,

Fj =l)(€pj)9(pj. (422)

The approximation to the derivative of the diffusive flux is just the derivative of that
interpolant, so the collocation approximation is

Fj=v(®)Z®;,
b;+90;=PF;, j=01,....N—1, (4.23)
@;(0) = po(x;).



96 4 Survey of Spectral Approximations

Thus, collocation is an easy method to apply to variable coefficient problems, at the
cost of introducing aliasing errorsin the approximation of the diffusive flux and the
initial condition.

Wetypically integrate the coll ocation approximation in time by some appropriate
ODE solver. We compute the derivative approximations by one of the two represen-
tations, (1.73) or (1.74), depending on the size of N. If we use matrix multiplication,
we compute the second derivative by applying the 2 matrix twice to the solution.
If we use the DFT to compute the derivatives, then we compute the discrete coeffi-
cients from the mesh point values of the solution using the first equation of (1.69).
We then form the coefficients of the first and second derivatives by multiplying each
by ik and —k2, respectively. We then evaluate the derivative at each mesh point by
the second of the equationsin (1.69).

4.1.1 How to I mplement the Fourier Collocation Method

To implement the Fourier collocation approximation, we integrate the system of
equations (4.18) in time with initial conditions @ ;(0) = go(x ;). Therefore, the first
procedure that we implement computes the time derivative. We show an examplein
Algorithm 41 (FourierCollocationTimeDerivative), which computes the time deriv-
ativein the form

Fj = v.@¢j,

. (4.29)

b =9 (F—-d);,
SO it requires only two evaluations of the spatial derivative procedure instead of
three. We can easily extend the procedure to a variable coefficient problem. The al-
gorithm that we present uses matrix multiplication to compute the spatial derivative
approximations. We could write asimilar algorithm that usesthe FFT, Algorithm 17
(FourierDerivativeByFFT).

Next, we need an algorithm to integrate of equations (4.24) in time. We usu-
aly integrate in time with a standard method for integrating systems of ODEs. The
important consideration—besides accuracy, of course—is that the time integration
method must be stable in time for this system of equations. If we use the Fourier
transform, we see that the eigenvalues of the matrix vD? — D are Ay = —(vk? + ik)
for k=—-N/2+1,...,N/2 — 1. (See Problem 1.5.) Thus, we must choose a
method whose region of absolute stability includes a portion of the left half of the
complex plane. If we want to be able to compute pure advection problems where
v = 0 and the eigenvalues of the system are purely imaginary, then we must choose
an integrator whose region of absolute stability also includes the imaginary axis.
Suitable methods include explicit third and higher order Runge-Kutta and Adams-
Bashforth methods, or A-stable methods such as the backward Euler or trapezoidal
rule (Crank-Nicolson). For thorough discussions of methods to integrate systems of
ODEs, consult books on the subject like [17] or [3].
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Algorithm 41: FourierCollocationTimeDerivative: The Fourier Collocation
Time Derivative for the Advection-Diffusion Equation

Procedur e FourierCollocationTimeDerivative

Input: {(&;}-0 (D; ;32

Uses Algorithms:

Algorithm 19 (MxV Derivative)
{F,-}j?’;ol <« MxVDerivative({D;, j}ijleo, {® ,}?’;01)
for j=0toN —1do
| Fj=VvFj—9;

end

(& ,-}j.V:—Ol < MxVDerivative({D; ; } j—:lo, {F,}jﬁ’;ol)
£ aN-1

return {@;}; -5

End Procedur e FourierCollocationTimeDerivative

Fig. 4.1 Region of absolute 3 . . . .
stability for the third order
Runge-Kutta method
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3 1 1 1 1
-3 2 -1 0 1 2 3
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As aconcrete example, we will integrate the system (4.24) by Williamson’s [25]
third order low storage Runge-Kutta method. This method has the advantage of
being appropriate for v small or equal to zero, since its region of absolute stability
includes the imaginary axis (Fig. 4.1). It requires only 2N levels of storage, which
will be important later when we solve large systems of eguations that result from
multidimensional PDEs. Finally, the method is easy to implement.

To describe the low storage Runge-Kutta method, let’s show how to integrate a
generic system of ordinary differential equations, it = F(u, t). Let At be the time
step and 7, = nAr be the current time. Next, let U" ~ u(t,). Then we compute the
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Algorithm 42: CollocationSepByRK3: Low-Storage Runge-Kutta Integration
of the Fourier Collocation Approximation

Procedure CollocationStepByRK 3
Input: ,, Ar, {@;}¥-0 {D; 372,
Uses Algorithms:
Algorithm 41 (FourierCollocationTimeDerivative)
for m=1to3do
t <ty + by At
5 AN-1 ; ; — N-1 N-1
{‘pj}j:o < FourierCallocationTi meDerlvanve({qu}j:0 s {Di,j}i,jzo)
for j=0toN —1do
Gj <~ apy Gj aF (Dj
¢j <« d’j +gmAlGj
end
end
N-1
return {‘I’j}j:o
End Procedur e CollocationStepByRK 3

approximation at time ¢,,+1 by

U < U",
G<—FUU,t),

1
U(—U—'-éAtG,

5 1
G <———G+F<U,tn+—At>,
9 3 (4.25)

U<~U-+ 15AtG
< U+ —A1G,
16

G <« 153G—|—F Ut+3At
128 g ’

8
Ul « U+ — A1G.
AR

In our context, we compute the time derivative, F by Algorithm 41 (FourierCollo-
cationTimeDerivative) and implement the procedure in Algorithm 42 (Collocation-
StepByRK 3). The procedure takes the current time, the time step and the solution
at the current time and returns the solution at the next time level. To use the proce-
dure we need to provide the coefficients of the method that we group in Table 4.1,
and we assume that they have been pre-computed and stored. To save storage, we
over-write the solution at time level n by thevalueat n + 1. Thearray G isaninter-
mediate storage array. Since the coefficients are not time dependent in this problem,
Algorithm 42 uses neither the current time, 1,,, nor its updates at each stage of the
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Table4.1 Coefficientsfor

Williamson's 3rd order m am b gm
Runge-Kutta
1 0 0 1/3
-5/9 1/3 15/16
3 —153/128 3/4 8/15

Algorithm 43: FourierCollocationDriver: A Driver for the Fourier Collocation
Approximation

Procedur e FourierCollocationDriver
Input: N, N7, T
Uses Algorithms:
Algorithm 18 (FourierDerivativeM atrix)
Algorithm 42 (CollocationStepByRK 3)
{Dij}ff’]jo < FourierDerivativeMatrix(N)
At < T/Nr
t, <0
{4>j}j.vz—ol < InitialValues(N)
for n=0to Ny —1do
(P j}jYz—ol < CollocationStepByRK 3(t,,, At, {® j}j.vz—ol, {(D;j }ijleO)
t, < (n+ 1) At
end
return {dy}?’z‘ol
End Procedur e FourierCollocationDriver

Runge-Kutta. We include them only to be complete, and so that we can easily mod-
ify the algorithm later to integrate more general systems.

Finally, we need a driver to integrate from the initial condition to the final time,
T in N7 steps. We present an outline of such a procedure in Algorithm 43 (Fourier-
CollocationDriver).

4.1.2 Benchmark Solution

To see how the Fourier Collocation method with third order Runge-Kuttaintegration
in time behaves on the solution of the advection-diffusion equation, let’s solve (4.13)
for theinitial condition

3
= - 4.26
@o(x) 5 Z0osr) (4.26)
We discussed this function in Sect. 1.3. It has the exact Fourier coefficients
Gox =2, (4.27)

These coefficients decay exponentially fast with k, leading us to expect exponential
convergence of the error if Az istaken small enough. We compute the exact solution
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Fig. 4.2 Fourier collocation 35— 7 +———— 77—
and exact solutions to the :

advection-diffusion equation.
Circles represent the

computed solutions at the
collocation points; Lines o
represent the exact solutions

from its Fourier series,

o0
o= Goeltn, (4.28)

k=—00

S0 we can compute the error.

We'll test the collocation method with two approximations for the initial con-
dition (4.26). The first is the normal interpolation approximation: We evaluate the
initial condition as @;(0) = ¢o(x;), which as we have seen is the same thing as
representing the polynomial approximation at the initial time by the interpolant,
@ (x,0) = Iypo. Aswe now know, this projection introduces aliasing errors. To see
the effect of these aliasing errors, we aso use the initial approximation @ (x, 0) =
Py _1¢0, Whichisfree of aliasing errors.

Figure 4.2 compares the computed solutions with N = 16 to the exact solution
at three times. Although the computed solution is plotted only at the collocation
points, remember that we could have eval uated the interpol ant representing these so-
[utions at many pointsin the interval to get amore pleasing looking plot using either
Algorithms 2 (FourierlnterpolantFromModes) or 3 (Fourier|nterpolantFromNodes).
Unlike finite difference approximations, the collocation solution (4.14) is defined
everywherein theinterval.

Since we know the exact solution for this problem, we can compute the error of
the approximation. We will measure the error in the discrete norm,

o M-1 )
lp =@l =73 (0. T) = (5. 7)) (4.29)
j=0
with z; = 2jm/M. The discrete norm is a spectrally accurate approximation to
the true norm, (1.13). To see this, recall that for a square integrable function, f,
fi = (f, ey /2 and fi = (f, %) /2. 1f we set k = 0 then (1.71) saysthat

o M-1 2j 21 >
hfo:ﬁzof (7):/0 fodx+2w Y fou (430)
j= p=—00
p#0
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So the quadrature error depends only on the smoothness of the integrand through
the rate of decay of the Fourier coefficients.

We show the decay of the error for the Fourier collocation approximation of
the advection-diffusion equation in Fig. 4.3. To produce the graph, we chose At =
1.25 x 102 and computed the error at M = 100 points. For both projections of the
initial conditions—with and without aliasing—the convergence rate is exponential.
A least squaresfit of the solution with aliasing shows that the slope is approximately
—0.1506. In this problem the convergence rate is significantly faster if we remove
theinitial aiasing errors. Thisisbecausetheinitial truncation error isdamped by the
exponential factor eV (4.28). On the other hand, the aliases of the high frequency
modes (starting with the N /2 mode) are damped asif they are low frequency modes,
i.e, slowly in time. From (4.27) and (1.72) we expect that dominant error to decay
as 2~N/2 or, in other words, with a slope of —Log(2)/2 = —0.1505 on the semi-
log plot. Although it is true that the aliased solution is significantly worse than the
de-aliased one, the convergencerate is still exponential in the number of degrees of
freedom. Doubling the number of degrees of freedom decreases the error by three
orders of magnitude.

4.2 TheFourier Galerkin Method

Our next exampleisaFourier Spectral Galerkin method. To allow usto make direct
comparisons to the collocation approximation, we will again approximate theinitial
boundary-value problem (4.13) for the advection-diffusion equation.

The derivation of the Galerkin approximation starts from a weak form of the
PDE. If we multiply the PDE in (4.13) by the complex conjugate of any periodic
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function ¢ and integrate over [0, 277 ], we see that the solution also satisfies

2
/0 {0 + ¢x — v} 9*dx =0. (4.31)

When we expand the sum and use inner product notation for the integrals, we get
the weak form

(@1, @) + (9x, ¢) = (Voxx, @) . (4.32)
Let’'slook at theintegral on theright. If weintegrateit by parts,

(Vrx, ) = Vel — (Vox, ). (4.33)

Then we can write the weak form of the advection-diffusion equation as

(@1, D) + (9x, §) = vPx P15 — (v, Px) - (4.34)

We now set out to get an approximate solution to (4.34). Since the problem is
periodic, we again choose the Fourier basis with which to approximate the solution
and approximate the solution by a Fourier polynomial of degree N, thistime written
in modal form

N/2

P, DR )= Y B()e™. (4.35)
n=—N/2

We see that there are N + 1 degrees of freedom (the &,, values) for usto find.

The Galerkin approximation determines the degrees of freedom by requiring that
the approximate solution also satisfies (4.34) for ¢ being each of the N + 1 basis
functions, e/**, k = —N/2,..., N/2. That is, the Galerkin approximation is the
solution @ that satisfies

(@1, ) + (Dr, ) = v, 27 — (v, (%)), k=—N/2,...,N/2.
(4.36)

Since @ isaFourier polynomial and its derivative is too, the flux, v®, is periodic.
Therefore, the boundary terms vanish and the approximate solution satisfies

(@1, ") + (Pr. ) = —(v&y, (%)), k=-N/2,...,N/2.  (437)

We now find the coefficients &,,. When we substitute for @ into (4.37),

N/2 N/2
Z én(einx’eikx)_i_ Z ind’;n(einx’eikx)
n=—N/2 n=—N/2
N/2

=— Y (in)(—ik) D, (", &™), k=-N/2,....N/2. (439
n=—N/2
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Orthogonality of the basis functions leaves us with
& = —(ik+ k2. k=—N/2.....N/J2 (4.39)

We see that the equations for the coefficients that the Galerkin approximation gives
us are exactly the equations that we would derive by Fourier series (cf. Sect. 1.1).

Asin the collocation approximation, the Galerkin approximation gives us a sys-
tem of ordinary differential equationsto integrate in time. The boundary conditions
are satisfied because the basis functions do so individually. To integrate in time, we
only need initial conditions. For that, we use truncation, @ (x, 0) = Py¢o. There-
fore,

@k(0)=¢o,k, k=-N/2,...,N/2. (4.40)

Truncation ensures that there are no aliasing errors in the initial coefficients of the
approximate solution.

Like the collocation approximation and a finite element approximation, the
Fourier Galerkin approximation defines the solution at every point in space. At any
time, we can compute the solution for any point in space using the sumin (4.35).

4.2.1 How to I mplement the Fourier Galerkin Method

To implement the method, we need procedures to compute the time derivatives
(4.39), to integrate that system of equations, and to evaluate the solution from
the coefficients using (4.35). The first of these is straightforward; To compute the
time derivatives of the coefficients, we can use Algorithm 44 (AdvectionDiffusion-

TimeDerivative), which takes the array of coefficients and returns the values of &y
using (4.39).

To start the time integration, we need the exact Fourier coefficients, ¢g . Finding
theseisthe hardest part of the whole procedure since we must compute the integrals
in (1.19). Aswe saw in Sects. 1.5 and 1.6, we can approximate them as accurately
as we like using the DFT, but for right now, et us assume that we have analytical
expressions for the Fourier coefficients of theinitial condition.

Algorithm 44: AdvectionDiffusionTimeDerivative: Advection-Diffusion Time
Derivative for Fourier Galerkin

Procedur e AdvectionDiffusionTimeDerivative
Input: {(di ;2
for k=—N/2to N/2do
| ék <~ — (ik+ Ukz) ék
end
return {ék}fyﬁwz
End Procedure AdvectionDiffusionTimeDerivative
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Algorithm 45: FourierGalerkinSep: Take One Time Step of the Fourier
Galerkin Method

Procedur e FourierGalerkinStep

Input: t,, At, {ék},]cvﬁ,v/z

Uses Algorithms:
Algorithm 44 (AdvectionDiffusionTimeDerivative)
for m=1to3do
t <ty + by At
A N/2 ; N P A N/2
{Dy }k:_N/2 < AdvectionDiffusionTimeDerivative({ Dy }k:—N/Z)
for k=—N/2to N/.2 do
G < apGr + o
Dy < Dy + g AtGy
end
end

A N/2
return {‘I)k}k:/—zv/z

End Procedure FourierGalerkinStep

Algorithm 46: EvaluateFourierGalerkinSolution: Direct Synthesis of the
Fourier Galerkin Solution

Procedur e EvaluateFourierGal erkinSol ution

2 2
Input: x, (B} 2

D <0
for k=—N/2to N/2do
| D «— P+ steik"
end
return @
End Procedur e EvaluateFourierGal erkinSolution

We usually integrate the system of equations (4.39) in time with a stan-
dard method for integrating systems of ODEs. We will again use Williamson's
third order low storage Runge-Kutta method. Algorithm 45 (FourierGalerkin-
Step) gives a version of the Runge-Kutta method tailored to integrate the Fourier-
Galerkin approximation. As before, the coefficients of the method are given in Te-
ble4.1.

Next, we need away to evaluate the solution as afunction of position for plotting
and analysis purposes. In other words, we need an implementation of (4.35). We can
implement the synthesis of the solution efficiently if we use the Fast Fourier Trans-
form. (See Problem 4.3.) Algorithm 46 (EvaluateFourierGalerkinSolution) com-
putes the sum directly. Note that although the coefficients @, are complex, the syn-
thesized approximation, @, isreal.

Finally, we need adriver to runit all. Algorithm 47 (FourierGal erkinDriver) pro-
vides an outline for code that we need to integrate the Fourier Galerkin approxima-
tion of the advection-diffusion equation from the initial conditiontotime T in Ny
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Algorithm 47: FourierGalerkinDriver: A Driver for the Fourier Galerkin Ap-
proximation

Procedure FourierGalerkinDriver
Input: N, N7, T, Nout
Uses Algorithms:
Algorithm 45 (FourierGal erkinStep)
Algorithm 46 (Eval uateFourierGal erkinSol ution)

At < T/Nr
t, <0
{B}p/2 ) < Initial Coefficients(N)

for n=0toM —1do

{e)p/2 y < FourierGalerkinStep(sy. At {#i /% )

t, < (n+ 1) At

end

Ax < 21/ Nout

for j =0to Noy do

Xj < jAx

@; < EvaluateFourierGalerkinSolution(x ;, {qﬁk}]f’:/fN/z)

end
return {qu}jyi‘g
End Procedur e FourierGalerkinDriver

steps. After it computes the coefficients at the final time, it re-constructs (synthe-
sizes) the solution at a set of Nyt pointsin theinterval [0, 27 ].

Before we present results showing how accurate the Fourier Galerkin method is,
let's derive the expected error under the assumption that we integrate the system
(4.39) exactly in time. The first thing to notice is that the ODESs for the coefficients
are exactly the ODEs for the exact solution. Thus,

o0
o, =P, =Y  Gne™
|k|=N/2+1
o0
_ Z @le—(ik+vk2)teikx (4.41)
|k|=N/2+1
so that
o
lo—@12= Y |foxlZe " <llgo— Pryol?. (4.42)
[k|=N/2+1

Therefore, the Fourier Galerkin method is spectrally accurate, with an error
that depends on how rapidly the coefficients of the initial condition decay with
wavenumber. The last term on the right of (4.42) shows that the error depends
directly on how well the Fourier truncation operator approximates the initial condi-
tion.
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4.2.2 Benchmark Solution

Asour benchmark problem for the Fourier Galerkin approximation to the advection-
diffusion equation, let’s solve (4.13) again for theinitial condition (4.26) so that we
know both the exact solution and the Fourier collocation solutions.

Figure 4.4 shows the computed solution plotted at Noy: = 50 points at four times
for N =16, i.e., 17 degrees of freedom, for the diffusion coefficient v = 0.2. Clearly
visible isthe movement of the initial profile to the right with strong effects of diffu-
sion that serve to eliminate the short wavel engths.

We show aplot of the error as afunction of N and Ar in Fig. 4.5. In that figure
we see two important characteristics of the error: First, the total error decays very
rapidly (exponentially) then stalls when it is dominated by the time integration er-
ror. That time integration error is O (Ar®) for the third order Runge-Kutta method,

3Sp———T7——— 71— 71—
3
25
Fig. 4.4 Solution of the S 15E
advection-diffusion equation TP
by Fourier Galerkin at three 1E
times. The computed 05F
solutions, reconstructed at TF 3
50 points, are marked by oo
circles. Lines are used to 0 0.5 1 1.5 2
mark the exact solutions x/TT
T T T T T
20 —*Ar=5x10" 7
= Ar=2.5x10"
N 4k —a=125x0" |
S
S-
= -6 [~ 7]
- L
Q
~
8 -
10 ol o by by by by by ey

0 5 10 15 20 25 30 35

Fig. 4.5 Errorinthe Fourier Galerkin approximation at + = 2 asafunction of N and Ar
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S0 as At is decreased by a factor of two, the error decreases by a factor of eight,
whose logarithm is log(8) = 0.90. We can also compare to the collocation solution
and see that the error for the dealiased collocation solution and the Galerkin ap-
proximation are the same. In fact, we can show that for this linear problem, the two
approximations are equivalent (Problem 4.6).

4.3 Nonlinear and Product Terms

In Sects. 4.1 and 4.2 we derived the collocation and Fourier Galerkin approxima:
tions to the constant coefficient linear advection-diffusion equation. For that prob-
lem, the approximations were equivalent, provided that the collocation method is
started with the Fourier truncation rather than interpolation approximation of the
initial condition. They are not equivalent for variable coefficient or nonlinear prob-
lems because of aliasing.

In this section we examine a model that better represents the advection terms
in equations such as the incompressible Navier-Stokes equations. The model is the
Burgers equation,

Uy + Uy = Vidyy. (4.43)

We approximate the linear second derivative term the same as before with each
of the two methods, collocation and Galerkin. The nonlinear term introduces new
difficulties, so in this section we will discuss the Burgers equation with v = 0.

4.3.1 The Galerkin Approximation

If we follow the development of Sect. 4.2 to derive the Galerkin approximation to
(4.43) with v = 0, we approximate the solution u with the polynomial U of theform
(4.35) and compute the projections

(U +UUy, ™) =0, m=-N/2,...,N/2. (4.44)

The coefficients therefore satisfy the equations

dU, ——
d_t’”_|_(UUx)m=0, m=-—N/2,...,N/2, (4.45)
wherethe
I 1 [ ;
Uy = / UUye "™ dx (4.46)
21 0

are Fourier coefficients of the product.

We now relate the Fourier coefficients of the product, (Uﬁm , to the Fourier co-
efficients Uy, of the approximate solution, U In fact, we can derive the relationship
more generally for the Fourier coefficients of the product of two functions. To be
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more general, then, let'slet V and W be Fourier polynomials of degree less than or
equal to N. The Fourier coefficients of the product VW are related to the Fourier
coefficients V and W by

o 1 2 N/2 N/2
VW), = 2—[ Z ququ Z Wpelpx e—imx g
7T Jo

g=—N/2 p=—N/2
o | LT igipem
_ _ i(g+p—m)x
=Y > VW, = fo e dx
P q
=3 VyWpbpigum (4.47)
P q

For convenience, let us define new padded coefficients

P = {vk, [kl < N/2 (4.48)
0, k| > N/2,
s0 the coefficients of the product are related to the padded coefficients V and W by
N2
VW), = Z W, Vi - (4.49)
—-N/2

To get | the coefficients in (4. 45) let U correspond to V and W correspond to U, .
Then Vp =U » and Wp =ipU » S0 the system of equations to be integrated for the
coefficients of the approximate solution (4.45) is

a0, A
O 5 iyt =0, m= NN (40
p=—N/2

under the implicit definition that 0,, =0for |p| > N/2.

We seein (4.50) that the presence of the nonlinear advective term in (4.43) cou-
ples the coefficients of the solution. (Compare this with the linear equation, (4.39),
where the coefficients are not coupled.) Furthermore, they are not generally equal
to the Fourier coefficients of the exact product. For two sgquare integrable functions
u and v, the exact coefficients of the product are

e ¢]

— 1 [ . s . ‘
(vw),, = — v et Z wpe'P* | e "™ dx
2 0 S

I
M2
¢
QC)
>
]
S
R
S—
S
g
3
~
=
SN—

(0.¢]
= Y Wpdm_p. (4.51)
=—00
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so that the coefficients of the exact solution satisfy the system of equations

A o
dstm+ Z ipipiim—p =0, m=—o0,...,00. (4.52)
p=—00

The coefficients of the approximate and exact solutions match for wavenumber m <
N /2 for thelinear problem, (4.39), but don’t for the nonlinear problem (4.44). Even
for the low order coefficients, Uy, # iin.

One important property of the Galerkin approximation is that we can show di-
rectly that it is stable. Stable approximations are those for which we can bound the
energy of the solution by an amount proportional to the initial energy,

U2 < Ke® |Uoll 2 (4.53)

for some constants K and « independent of » and N . Stability says that the approx-
imate solution cannot blow up over finite time. Equation (4.44), by way of the first
part of Problem 4.7, implies that

(U, + UU,, U) =0. (4.54)

If we write the inner products directly as integrals, then we see that periodicity
guarantees that

1d 2 ) 2 1 2 3 U3 2
—— Uldx =— UU,Udx =—— U°) dx=——| =0.
Zdto||x/o Xx3/o()xx 3 lo
(4.55)
Therefore, if we integrate exactly in time the energy of the approximationis
2 2
/ |U|2dx=const=/ |Uo|? dx (4.56)
0 0
or
IUllg2 = Uoll 2. (4.57)

4.3.2 How to Compute the Convolution Sum

The sum, (4.49), that we use to compute the coefficients of the Galerkin approxima-
tion of the nonlinear advection term is called the convolution sum. We could com-
pute it directly using Algorithm 48 (DirectConvolutionSum). Since the convolution
sum requires essentially N 4+ 1 multiplications for each of the N + 1 coefficientsin
(4.50), the total work is O (N?2). For large N, this work can be unacceptably large,
especially since we will show that we can use the FFT instead and reduce the work
to O(N LogN). For this reason, we only use Algorithm 48 when N issmall, or for
testing purposes.
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Algorithm 48: DirectConvolutionSum: Direct (Slow) Computation of the Con-
volution Sum
Procedure DirectConvolutionSum
Input: {Vk};iv:/EN/zu {Wk]/iV:/iN/g
for k=—N/2toN/2do
(VW) <0
for p=MAX(—N/2,k — N/2) to MIN(N/2, N/2+ k) do
| VWi < (VW) + Vi + W,
end
end
return ((VW)ile/%
End Procedure DirectConvolutionSum

Wewill usethe FFT to reduce the work required to compute the sum (4.49) when
N islarge. The basic idea is to represent the product V (x) W (x) by an interpolant
Q(x) = Iy (V(x)W(x)) of sufficiently high order, M, that there are no aliasing
errors. We compute the mesh point values of the interpolant and its coefficients
efficiently with the FFT.

To compute the mesh point values of theinterpolant of V W, we usethe DFT and
the Fourier coefficients of V and W to form a set of mesh point valuesat M > N
mesh points y; =2 /M,

M/2-1

Vi= Y Ve,
k=—M/2
i j=01,... . M—1 (4.58)
M —

W;= Z Wkeikyj,
k=—M/2
The padded coefficients are defined in (4.48). From V; and W; we compute the
product Q; =V;W; for j =0,1,..., M — 1. On this grid, the values of Q define

a Fourier polynomial of degree M, whose coefficients are defined by the discrete
Fourier transform

M-1

.1 iky;

Qk:MZ O:Qje Vi, k=-M/2,...,M/2—1. (4.59)
=

From the aliasing formula, (1.72), and the convolution sum (4.49), the coefficients
of the interpolant and the exact coefficients of the product are related by

00 00 N/2
Ok=0VWh+ Y VWhiau=VWy+ > Y WpVirgup.

q=—00 q=—00 p=—N/2

q7#0 970

(4.60)
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With a proper choice of M, we can eliminate the last (aliasing) term in (4.60) so

that Ox = (V W);. Remember that \:/m =0form > N/2. Thus, if M is chosen so
that |k + M — p| > N/2for |k|, |p| < N/2, then the aliasing term vanishes for all
q # 0. Theworst case occurswhen k = —N/2 and p = N /2, which leads to

3N
— M> . (4.61)

So if the product in physical space is computed with at least 3N /2 + 2 points
(M hasto be even according to (4.58)), the interpolant Q(x) through the values at
those points matches the product UV exactly, and the Fourier interpolation coeffi-

cients O, match (VW),. The only difference is that for large N we can evaluate

the coefficients 0 using FFTs much faster than we can evaluate (V W), by direct
summation.

Remember that the application that is giving us the convolution sum is the ap-
proximation of the uu, term in the equation and therefore V and W correspond to
U and U, . Then, again, V, = U, and W, = ipU,. Aswe discussed in Sect. 1.7, the
—N /2 mode of the derivative doesn’t appear in the sum, so we account for that by
setting W_,2 = 0. For the approximation of nonlinear advection, then, the worst
case above is k = —N /2 + 1, which leads to the more commonly reported result
that M > 3N /2.

If we use the fast convolution sum with M < 3N/2, in particular M = N,
then (4.60) shows that there will be aliasing errors introduced into the approxi-
mation. Our stability proof doesn't tell us anything about what happens with aias-
ing present, however experience has shown that the approximation of the Burg-
ers equation aliasing errors is unstable then v = 0. For more on the approxima-
tion of the Burgers equation and the issues regarding aliasing errors, see Chap. 3
of [7].

To develop the fast convolution sum algorithm, let us assume that we already
have the coefficients V and W, stored in the sequence —N/2, ..., N/2, aswould
be natural in the Galerkin approximation (cf. 4.50). The coefficients must be padded
and then re-ordered so that the FFT can be used, aswe described in Sect. 2.1.1. Then
we use theinverse FFT to compute the sumsin (4.58). Thisisan order M log M op-
eration. Oncewe havethevaluesof Q ; at each grid point (an order M operation), we
use the forward FFT to compute the coefficients of the product (4.59), which is an-
other M log M operation. The procedure is finished when we reorder the coefficients
to—N/2,..., N/2. Overal, we see that the transformation requires order M log M
operations vs. order N2 operations for the direct sum. This is significant since M
needs only to be 50% larger than N. We present the procedure for the fast convo-
lution sum in Algorithm 49 (FastConvolutionSum). Since our FFT (Algorithm 8)
requires M = 2P, we have padded the coefficients to double the size. A more gen-
eral FFT would allow usto decrease the size of M. Also, Algorithm 49 recomputes
the trigonometric factors for the FFT. For highest efficiency, these should be pre-
computed and stored.
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Algorithm 49: FastConvolutionSum: Computation of the Convolution Sum
with the FFT
Procedur e FastConvolutionSum
InPUt: N, {Vk]II{V:/iN/Q- {Wk}/iv:/iN/z
Uses Algorithms:
Algorithm 7 (InitializeFFT)
Algorithm 8 (Radix2FFT)
M =2N
for k=—M/2toM/2do
Vk ~0
Wk ~0

end
for k=0toN/2do

Vk <~ Vk

Wk < Vk

end

for k=—1to—N/2Sep—1do
VM+k < ‘A/k

WM+k <~ Vk
end
{wi Tt < InitializeFFT (M, BACKWARD)
(Vi < Radid@FFT (Vi ot {wi kb
(W1 Radix@FFT (Wil 5" fwidygh
for j=0toM —1do

| Qj < ViW;
end
{wiH < InitializeFFT (M, FORWARD)
{OLe! < Radix2FFT ({15 (widilgh
for k=0toN/2do

| VW) < O
end
for k=—1to—N/2Sep—1do

| VWi < Owrsi
end

— N/2

return {VWih 2=y 2
End Procedur e FastConvolutionSum

4.3.3 The Collocation Approximation

The collocation method approximates the nonlinear term v = uu, by a polynomial
interpolant. We get different interpolants, however, depending on how we write the
nonlinear term. For instance, for smooth enough solutions, the following equations
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are equivalent:
(i) ur+uu, =0,
(i) u+ fr =0, (4.62)
(iii) u,+%.fx+%uu)(=0,

where f = %uz is the flux. The collocation approximations, however, differ. The
issues regarding the Fourier collocation approximation of the equations in (4.62)
are the same that we encounter with finite difference approximations.

The most natural approximation would be to evaluate the nonlinear term at each
grid point using form (i). That is, we would compute the value V; at each grid point

by
vV, =U;9U;. (4.63)

We can write the polynomial that this represents in terms of the interpolation oper-
ator, Iy

V=Iy(UU'). (4.64)

The product of the two polynomials of degree N that represent u and its derivative
isapolynomial degree 2N. When we project that polynomial on agrid of N points
by the interpolation projection we introduce an aliasing error.

An alternative is to use form (ii), evaluate F; = %U}Z and to approximate that
form by

Vi=9F;. (4.65)

Computationally, this means that we square the grid point values of U and dif-
ferentiate the polynomial that results. In terms of the interpolation projection, the
polynomial that passes through the V; at the grid points for this approximation is

1
V=3 (IvU?)'. (4.66)
Both formsintroduce aliasing errors, but are not equivalent since differentiation and
interpolation do not commute. The second form (4.65), however, is conservative in
the sense that the semi-discrete approximation satisfies

d 2
— Udx =0, 4.67
ar Jy x (4.67)
wheress the first one does not.
We approximate the final form, (iii) by the combination of the two previous
approximations,
2 1
VjZé@Fj-f—éUj@Uj. (4.68)

The situation with collocation approximations is the same as with finite differ-
ence approximations. We get little guidance on how to choose among the various
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collocation approximations a priori. The third form, especially, takes twice as much
work to compute, so we might wonder why anyone would be interested in it at all.
All three approximations have aliasing errors. We can show stability of the third
form, however.

To show that the approximation with the third form for the nonlinear term

d 2 1 .
EUj"i‘é@Fj-l—éUj@Uj:O, j=01,...,.N—-1 (4.69)
is stable, we multiply each equation by 27 U; /N and sum over j

12 N-1

o N1 d 2
WZ i2U ZUJ.@F +——ZU 9U; =0. (4.70)
j=0 j=0

We recognize the sums as the discrete inner products, so another way to write (4.70)
is

d 2 1
—U,U Z(9F,U ~(v? 9u) =o. 4.71
(dt >N+3( )N+3( )N (@.71)

Since U isaFourier polynomial of degree lessthan or equal to N, thefirst discrete
inner product is exact so we can writeit as

d d 1d
< U, U) - <—U, U) ||U||2 (4.72)
dt N dt

The second inner product is also exact because P F = (Iy F)’, so

2
@F, = (L1 v). 4.73)
dx 2

When we integrate by parts and use the fact that all the functions are periodic,

1/d 2 1 o d 1/ 5, d
|\ —InUSU)=—z | INU, U )=—2 U, —U| . 4.74
2<de > 2<N dx ) 2( dx )N (4.74)

The last inner product in (4.71) is not exact because U2 is not a Fourier polynomial
of degree less than or equal to N. However, when we replace the second term in
(4.71) with (4.74), the second and third terms cancel leaving us with

1ld

o U2 =0. (4.75)

Therefore the approximation is stable, because (4.75) means that
U1l = Uoll . (4.76)

If we use the FFT to compute the spatial derivatives in the collocation approxi-
mation to the nonlinear Burgers equation then the work is overall NlogN, just like
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the Galerkin approximation with the fast convolution sum. However, to guarantee
that the approximation is stable, we need to compute two FFT derivatives per time

step.

4.4 Polynomial Collocation M ethods

When the boundary conditions are not periodic, we switch to orthogonal polynomial
approximations. In this section, we will derive polynomial collocation approxima
tions to the diffusion and advection equations separately.

4.4.1 Approximation of the Diffusion Equation

Wefirst show how to approximate the solution to theinitial-boundary-val ue problem
to the diffusion equation

Or =Orx, —l<x<l,
o(x,0 =¢o(x), —-l=<x<l, 4.77)
(=L 1) =9¢(l,1)=0

with polynomial collocation.

The development of the polynomial collocation method follows that of the
Fourier Collocation method (Sect. 4.1). We approximate the solution ¢ by the poly-
nomial interpolant

N N
P, DR, 1) =) BuD)pa(x) =) _ D (1)L;(x), (4.78)

n=0 j=0

where the interpolation points, x ;, are now the nodes of the Gauss-L obatto quadra-
ture (1.129). The collocation method is nodal, with the fundamental unknownstaken
to bethe @;’s, so we will use the second, Lagrange, representation for the polyno-
mial.

Next, we substitute the approximate solution, @, into the PDE and require that
it satisfy the equation at the nodes. This requirement generates the system of ODEs
for the nodal values of the solution

4'>|xj—q>xx|xj=o, j=12...,N—1 (4.79)
We use the boundary conditions to set the values at the end points, &g = &y = 0.

When we substitute for @ with its nodal representation,

N N
D diti(xj) =Y @it} (x;)=0. (4.80)
i=0 i=0
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Algorithm 50: CollocationSepByRK3: Low Storage Runge-Kutta Integration
of aPolynomial Collocation Approximation

Procedure CollocationStepByRK 3
Input: 1,,, At, {cDj}j.V:O, {Dij}fj:o
Input: Procedures: TimeDerivative, g, g®
for m =1to3do
t=t, + by At
(® j}yzo = TimeDerivative({® ,-}9;0, {D,»j}fYFO)
for j=0to N do
Gj=anG;+ b,
¢j = @j +gmAl‘Gj
end
end
®o=gl(t+ An; oy =gkt + A1)
return {‘pj};v:o
End Procedur e CollocationStepByRK 3

We can simplify the system of ODEs because ¢; (x ;) = §;, ;. With the simplification,
the system of eguations that we integrate in time becomes

& =Yl (x;))=DPd;, j=1,2,...,N—1, 4.81)
®o= Dy =0,
where D@ s the second derivative matrix that we defined in Sect. 3.5.

We integrate the system of ODEs (4.81) in time with an ODE integrator. If we
use an implicit time integrator such as the trapezoidal rule to integrate the system
(4.81), the matrices to invert will be full. For one-dimensiona problems such as
(4.77), inverting the matrix directly, say by an LU decomposition (Appendix D.1.2),
is not an excessive cost. Nevertheless, the full matrices that arise in the collocation
method do lead to greater cost per time step than afinite difference method.

We will use the explicit third order Runge-Kutta method that we aready pre-
sented in Sect. 4.1 to integrate the system (4.81) in time. Algorithm 50 (Colloca
tionStepByRK 3) presents a generic procedure that takes as input the approximate
solution, @", at time t,, the derivative matrix D, which in this case is the second
derivative matrix, and two procedures that compute the time derivatives at the inte-
rior and the boundaries. The time step routine returns the array of the approximate
solution at time ¢, 1.

Our choice of the explicit Runge-Kutta method to integrate the system in time
limits the size of the time step, which depends on the eigenvalues of the second
derivative matrix, which are real and grow with N. We do not have analytical rep-
resentations for the eigenvalues of the polynomial derivative matrices, however. In
general, they must be computed, say by the DGEEV eigenvalueroutinein LAPACK.
Figure 4.6 plots the magnitude of the maximum eigenvalue as a function of N for
the Chebyshev and L egendre second derivative approximationsfor Dirichlet bound-
ary conditions. This means we plot the eigenvalues for the matrix D@ with the first
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and last rows and columns removed to account for the boundary conditions. We see
from this graph that the maximum eigenvalue grows as N for both the Chebyshev
and the Legendre approximations. The maximum eigenvalue for the Legendre ma-
trix, which we see grows approximately as 0.025N4, is approximately one half that
of the Chebyshev matrix, which grows approximately as 0.047N4.

We determine the maximum time step from the largest eigenvalue. The limit on
the time step for the third order Runge-Kutta method along the real axis is approx-
imately AmaxAr = —2.51. Thus, the maximum time step for the Legendre (4.81)
approximation is approximately twice as large as the time step for the Chebyshev
approximation, but in both cases Ar ~ N4,

4.4.2 How to | mplement the Methods

We illustrate how to integrate the system from the initial to the fina time in
Algorithm 51 (LegendreCollocation), which includes the integrator and the time
derivative procedures. The integrator first computes the Gauss-L obatto points and
weights, using Algorithm 25 (L egendreGaussL obattoNodesAndWeights). Only the
nodes are needed for the collocation approximation. To change the approximation
to Chebyshev, we would replace Algorithms 25 with 26 (ChebyshevGaussNode-
sAndWeights). The procedure then computes the second order derivative matrix
using Algorithm 38 (mthOrderPolynomial DerivativeMatrix). Initialization is com-
pleted by computing the time step and evaluating the initial condition at the collo-
cation points, which isillustrated by the user-supplied procedure Initial Values. The
procedure then integrates the solution in time using Algorithm 50 (CollocationStep-
ByRK3).
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Algorithm 51: LegendreCollocation: Drivers for Legendre Collocation Ap-
proximation

Procedure L egendreColl ocationl ntegrator

Input: N, N7, Nout, T

Uses Algorithms:
Algorithm 25 (L egendreGaussL obattoN odesAndWei ghts)
Algorithm 38 (mthOrderPolynomial DerivativeMatrix)
Algorithm 50 (CollocationStepByRK 3)
Algorithm 30 (BarycentricWeights)
Algorithm 32 (Polynomiall nterpol ationM atrix)
Algorithm 33 (Interpol ateToNewPoints)
Algorithm 19 (MxV Derivative)

{{x; }1."_0, {w;) ?’:O} < LegendreGaussl obattoNodesAndWeights(N)

{Df] }, j—o < mthOrder Polynomial DerivativeMatrix(2, {x j}j.V:O)
At < T/Nrt
M_O

(@] }j o= InitialVaIu&s({xj}j.\’:o)
for n=0to Ny —1do
{®;}7_ « CollocationStepByRK 31, At, {(P”}j L {DU}” o- TDerivative, g, g¥)
= (n + 1) At
end
for j =0to Noy do
| X; < —1+2%j/Nou
end
{wj}j" 0 < BarycentricWeights({x; }3\’:0)
A <—PolynomialInterpolationMatrix({xj};V:O, {w,«};v:O, {Xj}yi“c‘,)
1) Nou Now,.N N
{@]},25 < InterpolateToNewPoints({7;; }, 5"y - {5} /o)
return {q>j }j.vig
End Procedure L egendreCollocationl ntegrator

Procedure TDerivative
Input: {®; }] {Du}l,_o

. N N N
{2 }_,‘:0 < MxVDerivative({D; }i,j=0’ {(pj}j=0)
return {qu};V:O
End Procedure TDerivative

At the conclusion of time integration loop, the calculation is finished, and the
solution at the final time can be returned for plotting or other purposes. However,
to illustrate the use of the interpolation algorithms that we derived in Sect. 3.4, the
procedure returns the solution at the final time interpolated onto a uniformly dis-
tributed set of points, {X ; }f:o- To interpolate the solution, the procedure computes
the Barycentric weights for the Legendre Gauss-L obatto collocation points using
Algorithm 30 (BarycentricWeights). From the collocation points, it computes the
interpolation weights and the new points. Finally, it computes the interpolation ma-
trix, T, using Algorithm 32 (PolynomialInterpolationMatrix). (If these three steps
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were done before the time integration, we could interpol ate intermediate results, and
the use of the interpolation matrix approach would be more cost effective.) Finally,
Algorithm 33 (InterpolateToNewPoints) performs the actual interpolation, and the
interpolated solutions are returned for plotting or printing.

Also included in Algorithm 51 (LegendreCollocation) are three routines to com-
pute the time derivatives at the interior and boundary points. For the diffusion equa-
tion, time derivative is smply D2®, according to (4.81). For this reason, we evalu-
ate the time derivative using Algorithm 19 (MxVDerivative). If we were using the
Chebyshev instead of the Legendre approximation, and N was large enough, we
would compute the time derivative by FFT techniques by applying Algorithm 40
(FastChebyshevDerivative). The time derivatives at the boundary are particularly
simplein this example. The vanishing Dirichlet conditions mean that the time deriv-
atives of the solution at the boundaries are zero, and g% (1) = g®(r) = 0.

4.4.3 Benchmark Solution

As a benchmark problem for Algorithm 51 (L egendreCollocation), we present re-
sults for the solution

e(x,t) =s€n[r (x + 1] P (4.82)

which satisfies the boundary conditions. Figure 4.7 shows the computed solution,
its interpolant and the exact solution for the Legendre collocation approximation at
timer=0.1and N = 12. Enough time steps were taken so that the time integration
error was negligibly small. We see that even on the very coarse grid, the nodal values

04 — :
03 F — 3
L J ]
- — — - Interpolant h
02 r Exact ]

0.1 ]
S 0 »
-0.1
-0.2
-0.3
Fig. 4.7 Computed, exact, .
and interpolated solutions for 04 Lt N N N
the Legendre collocation s 05 0 0.5 1

approximation to the
diffusion equation, (4.77) X
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Fig. 4.8 Convergence of the maximum errors for Chebyshev and Legendre collocation approxi-
mations to the diffusion equation, (4.77)

of the computed solution and theinterpolant are accurate to within plotting accuracy.
To be quantitative about the error, we plot the error convergence as afunction of N
in Fig. 4.8 for both the Legendre and Chebyshev approximations. We see that for
both polynomial bases, the error decays exponentially fast until rounding error is
reached. For this particular problem, the L egendre approximation is more accurate
than the Chebyshev approximation.

4.4.4 Approximation of Scalar Advection

The collocation approximation is equally easy to apply to the problem of scalar
advection,
o +9,=0 —1l<x<l1,
p(x,0) =go(x), —-1<x<1, (4.83)
p(—1,1)=¢g@), t>0.
For this equation, itis

®;+(D®); =0, j=12..N,

4.84
Do = g(1), (4.84)

where D isthefirst derivative matrix that we derived in Sect. 3.5.2 and that is com-
puted with Algorithm 37 (Polynomial DerivativeMatrix). We can still integrate the
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Fig. 4.9 Distribution of the eigenvalues for the Chebyshev and Legendre collocation first deriva-
tive matriceswhen N = 32

system of equations in time with Algorithm 51 (LegendreCollocation), with two
simple modifications. We must change the derivative matrix and apply the boundary
condition only to the left boundary in Algorithm 50.

The fact that we do not need to derive special approximations at or near the
boundaries is an often noted advantage of spectral collocation methods over high
order finite difference methods. At the left, only the boundary condition needs to be
specified. At the right, no conditions at all need to be applied, independent of the
order of the approximation. Contrast this with a high order finite difference method
where special biased stencils must be derived near both ends of the interval. When
solving large, complex problems, this advantage should not be underappreciated.

Since we will again use an explicit third order Runge-Kutta method to integrate
in time, there will be a limit on the size of the time step that depends on the size
of the eigenvalues of the derivative matrix. The Fourier transform tells us that the
eigenvalues of the exact first derivative operator are purely imaginary, and we expect
the eigenval ues of the derivative matrix to approximatethisfact at theleast. Analytic
representations for the eigenvalues of the polynomial derivative matrices are not
known, so we must again find the eigenvalues numerically.

Figure 4.9 shows the computed eigenvalues of the collocation first derivative
matrices for N = 32. The eigenvalues have large imaginary parts and some nega-
tive real parts. The presence of the real parts indicates that the approximations are
dissipative, that is, some energy is lost as the computation proceeds. Dissipation is
important for the stability of variable coefficient and nonlinear problems, soits pres-
ence here is not necessarily a problem. We see also that the structure of the eigen-
values differs between the Chebyshev and Legendre approximations. The largest
eigenvalues of the Legendre approximation are very near the imaginary axis, while
the corresponding eigenvalues of the Chebyshev approximation have significantly
larger real parts.



122 4 Survey of Spectral Approximations

Fig. 410 Second order (N?) 3.5 w w
growth of the maximum e— Chebyshev
eigenvalue for the collocation --m-- Legendre
first derivative matrices 3r N
25+ B
i
<E
=g 2L i
(Y]
2
1.5 B
]+ -
05 | | | | | |
0.8 1 12 14 16 18 2 2.2

Log (N)

Thetime step will be limited by the size and location in the complex plane of the
largest eigenvalue. We show the growth of the magnitude of the largest eigenvalue
in Fig. 4.10 for both the Chebyshev and L egendre approximations. We see from the
graph that the largest eigenval ue grows asymptotically as O (N2). Thelargest eigen-
value is smaller for the Legendre approximation, but the difference is not nearly as
large asin the diffusion example. Overall, we see that Amax ~ 0.09N2 for the Cheby-
shev approximation and Amax ~ 0.08N? for the Legendre.

For the approximation to be stable in time, AmaxAt must fall within the region
of absolute stability of the time integration method. It is more difficult to find the
exact limit on Ar for the spectral polynomial advection approximations than for
Fourier or centered finite difference approximations because the largest eigenvalue
does not lie exactly on the imaginary axis. At best, we can only find a reasonable
approximation to the largest time step that the approximation can take. Since we
know that the eigenvalues grow as Const x N2, and since we know the constant
approximately from Fig. 4.10, we can estimate the maximum time steps for the
Chebyshev and Legendre approximations by Ar ~ 1.73C/N? where we find C so
that the eigenvaluesfall within the region of absolute stability. Thevalue 1.73 comes
from the fact that the region of absolute stability of the third order Runge-Kutta
crosses the imaginary axis at 1.73i. Figure 4.11 shows the location of L Ar for At
approximated thisway with C = 11 ~ 1/0.09 for the Chebyshev approximation and
C =10 for the Legendre. We see that with these choicesfor C, 1 Ar falls within the
region for all eigenvalues A when N isbetween 8 and 32. Figure 4.11 shows that the
choice of C is conservative for the Chebyshev approximation. The time step could
be increased by about 50% for N > 16. The estimate for At is just adequate for
the Legendre approximation. We conclude from this exercise that the Chebyshev
approximation can take a slightly larger time step than the Legendre approximation
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Fig. 4.11 Footprints of the eigenvalues of the Chebyshev and Legendre first derivative matrices

for N = 8, 16, 32 scaled by const x 1.73/N?, relative to the region of absolute stability of thethird
order Runge-Kutta method. Stability requires 2 Az to lie within the enclosed region

when used in conjunction with the third order Runge-Kutta method for the time
integration.

We defer a benchmark solution until we have derived a discontinuous Galerkin
approximation to the advection problem. At that point, we will compare three meth-
ods designed to solve the scalar advection equation in one space dimension.

45 The Legendre Galerkin Method

We can a so derive polynomial Galerkin methodsto PDEs. We introduce the Legen-
dre Galerkin method by way of the heat equation,

O =¢xx, —1l<x<l1,
p(x,0)=¢o(x), —-1l=<x<1 (4.85)
(=1L =9l 1) =0.

Recall from the introduction to this chapter that the spectral Galerkin approxi-

mation has two basic characteristics. The first is that the solution is approximated
by a polynomial of degree N,

oD = Z q3k ®)Ppr, (4.86)

where the basis functions ¢y individually satisfy the boundary conditions. The sec-

ond is that the expansion coefficients, &4 (1), are determined from a weak form of
the equation.
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Whereas the Fourier basis functions are periodic, which makes them suitable
for problems with periodic boundary conditions, the Legendre polynomials (or the
Chebyshev polynomials, for that matter) do not necessarily satisfy the boundary
conditions for a given problem. In fact, from the recursion of the Legendre polyno-
mials (1.82) we see that L (1) = 1 and L (—1) = (—1)¥, so they are not immedi-
ately suitable for the problem (4.85).

Thefirst task isto find suitable polynomial basis functionsthat satisfy the bound-
ary conditions. For the trivial boundary conditions in (4.85), severa choices are
possible, but for efficient computation, the polynomials

Pr(x) = [Li(x) = Lig2(x)] (4.87)

1
4k + 6
are particularly useful. A simple calculation shows that the ¢; satisfy the boundary
conditions and that the approximation

N-2
®=>" Doy (4.88)
k=0

isapolynomial of degree N. R

Next, we must find a set of equations for the coefficients, ®;. Since we are de-
riving a Galerkin approximation, we get them from the weak form of the diffusion
eguation

(@1, ¢n) + (P2, ¢,) =0, n=0,1,....N—2. (4.89)
If we now substitute the expansion for @,
N-2 . N-2
B (i ¢n) + Y Pi (¢ ¢5) =0. (4.90)
k=0 k=0

Formally, this is a system of ordinary differential equations for the vector of the
coefficients. That is, if we define two matrices M and S with My, = (¢, ¢,) and

Sin = (1., ¢,), then

M®=—5b, (4.92)
where & = [(ﬁo (131 . QSN_z]T.
By choosing the basis functions (4.87), we make the matrices M and S partic-
ularly simple. The matrix S turns out to be the identity matrix, for the recursion
formulafor the derivatives of the Legendre polynomials, (1.83), implies that

Ljiop— Ly =(2k+3) Lig1, (4.92)
or
Liy1=——— (L; —L’):—qu/ (4.93)
+ (2k +3) \ k+2 k %16~ .
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Thus,

_ 4k+6

((]5]/(, ¢;1) = T (Lk+1, Lpy1) = Sk,n- (494)

Next, by direct calculation of the inner product (¢, ¢,), we find that the elements
of the matrix, M, are given by

(@K, Pn) = ke {ﬁkakn + VnSk+2.n + /Ln5k,n+2} (4.99)

where

1 2 2
’—4n+67 Vn—_2n+la Un—_2n+57

Bn=— ¥+ n).
(4.96)

oy =

Thus, the matrix M is pentadiagonal.

The fact that the jth row of M, as seen in (4.95), has non-zero elements in the
jth, j + 2nd and j — 2nd columns means that the even and odd coefficients are
decoupled. To take advantage of this decoupling, let us define new vectors of the
even and odd indexed coefficients, namely, let

- - . N-2
b=, jmon |52

49
Y = byj 1, j:O,l,...,{N_TMJ—l. o
Now, from (4.95), the decoupling is represented in the fact that
(P2, P2n) = a2rat2n { BorS2k, 20 + V2nS2(k+-1),n + Kndk,201+1) | (4.98)
and
(P2k+1, p2n) = 0. (4.99)
Thus,

A

(D, b2j) = B2j5; DS + vajen -1y _1 + pojazjsnazi . (4.100)

We can get asimilar relation for the odd indexed coefficients. After decoupling, the
systems of ODEs that the even and odd coefficients satisfy are

TP = p¢, TP = ¢°, (4.101)
where T¢° are now the tridiagonal matrices

T =diag(lj,dj,uj). (4.102)
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The diagonal, subdiagonal, and superdiagonal vectorsof T are

) N-2+4+p
dj=a3;, Bojsp j=01..., ij - p.
, N-2+
lj =yejazjozj-y. j=12..., L%J -p, (4.103)
. N-2+
uj = pzjajoz+y, J=01..., {%J -p-1

where p = 0 for the even coefficients and p = 1 for the odds.

The matrices T are symmetric. They are also diagonally dominant, which al-
lows us to use the Thomas a gorithm (Algorithm 141) without pivoting to solve the
systems (4.101).

We create the initial conditions for the systems given in (4.101) from the exact
Legendre coefficients of the initial condition ¢o(x). The Galerkin method approxi-
mates the initial coefficients by the orthogonal polynomial truncation of the initial
condition

N
®o= Pnpo= Z (@0)k Li(x). (4.104)
k=0

To get the coefficients 43,9 from the Legendre coefficients, we take the orthogonal
projection

N-2 N
DB () =) @)k (L, ¢w), m=0,1,....N—2. (4105
k=0 k=0

We have already derived the inner products on the left. Theresultsarein (4.95). The
relation between the ¢, and the L, (4.87) impliesthat

(L, dm) = —QmVmOkm + /Lm(xmsk,m—i-Z- (4106)

Thus, the inner products on the left side of (4.105) form a tri-diagonal matrix, and
the inner products on the right form a bi-diagonal matrix. Again, the even and odd
indexed coefficients decouple, so that we can find the initial coefficients also by
solving two tri-diagonal matrix systems.

As before, when we developed the Fourier Galerkin method in Sect. 4.2, the
approximation of nonlinear and non-constant coefficient problems is more com-
plicated because of the need to evaluate the integrals analytically. The polynomial
Galerkin method has the additional difficulty of needing to construct the basis func-
tions so that they satisfy the boundary conditions. Nevertheless, we see that the
Galerkin approximation can be made very efficient with work rivaling a second or-
der finite difference method, yet with exponential convergence of the error. For more
genera problemswith variable coefficients and more complex boundary conditions,
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however, it would be useful to replace integralswith quadrature that will retain spec-
tral accuracy for the approximation. Approximation with quadratures is the topic of
the following two sections.

4.5.1 How to I mplement the Method

L et us now devel op the algorithms that we need to implement the L egendre Galerkin
method. We present procedures to construct the modified Legendre basis in Algo-
rithm 52 (ModifiedLegendreBasis) and to reconstruct the solution in Algorithm 53
(EvaluatelegendreGal erkinSol ution).

We use the procedure in Algorithm 54 (InitTMatrix) to compute the matrix T'.
We assume in that procedure that functions to evaluate the coefficients «, 8 and y
by way of (4.96) are available. The procedure also explicitly uses the fact that the
matrices are symmetric.

We show how to compute the initial coefficients @, in Algorithm 55 (Modified-
CoefsFromL egendreCoefs). For efficiency, we compute the three vectors for each
of the tri-diagonal matrices once and store them.

Next, we need to integrate the systems of ODESs for the even and odd coefficients
in time. Since the systems are tri-diagonal, it is convenient to use the second order,

Algorithm 52: ModifiedLegendreBasis: The Legendre Basis Modified to Van-
ish at Endpoints

Procedure ModifiedLegendreBasis
Input: &, x
Uses Algorithms:

Algorithm 20 (LegendrePolynomial)

¢r < LegendrePolynomial (k, x) — LegendrePolynomial (k + 2, x); ¢x < ¢k /~/4k + 6
return ¢
End Procedure ModifiedL egendreBasis

Algorithm 53: Evaluatel egendreGalerkinSolution: Synthesis of the Legendre
Galerkin Solution

Procedur e Evaluatel egendreGal erkinSolution
Input: N, x, {ék}]iv:_oz
Uses Algorithms:

Algorithm 52 (ModifiedL egendreBasis)

U<0
for k=0toN —2do
| & <« @ + & x ModifiedLegendreBasis(k, x)
end
return @
End Procedure Evaluatel egendreGal erkinSolution
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Algorithm 54: InitTMatrix: Legendre Galerkin Tridiagonal Matrix

Procedure initTMatrix
Input: N, p
for j=0to N do

| dj < Bajp*aby,,
end
for j=1toN do

lj < y2j4p *Q2jtp * 02(j—D+p
Uj-1 < lj

end

N N N—1
return {lj}j=2’ {dj}j=l’ {”j}j=1
End Procedure initTMatrix

Algorithm 55: ModifiedCoefsFromLegendreCoefs. Computing the Modified
Legendre Coefficients from Legendre Coefficients

Procedur e ModifiedCoefsFromL egendreCoefs

Input: {‘/A’k}/iv:o
Uses Algorithms:
Algorithm 141 (TriDiagonal Solve)
Algorithm 54 (initTMatrix)
/* Even index coefficients */
M < (N —2)/2]
{ VL i) )15t} < inieTMatrix, 0)

j=1> 141 =011 j=0
for j=0to M do
| rhsj < poj * 02 *x P22 — a2j * y2; * P2j
end
M Ay _
{b;}—o < TriDiagonalSolve(M, {I;}1L;. {d;}}Lo, {u ¥ {rhs; o)
for j=0to M do
| b2 < b,
end
/* Odd i ndex coefficients */
M<|(N-2+1)/2]—1
M M M-1 a0 .
{{lj}jzl, {dj}izo- {uitizo } <~ initTMatrix(M, 1)
for j=0to M do
| TN < puoj41 % 0241 % §2j43 — 00241 % V2j41 % P2j41
end
{b;}}Ly < TriDiagonalSolve(M, (1 1ILy, (dj} o, {u; g, (rhs;) ML)
for j=0to M do
| b2ji1 < b;
end
return {&; )
End Procedure ModifiedCoefsFromL egendreCoefs
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implicit trapezoidal rulein time,

An+1l An An+1l AR
L0 - L] + &
T =— , 4,107
At 2 ( )
which we rewrite as
At ~ At n
(T + ?1> " = (T - 71) &" (4.108)

for each of the even and odd indexed coefficient vectors. What we see isthat we can
take one time step of the L egendre Galerkin method for the constant coefficient heat
equation for the same amount of work as a standard, second order Crank-Nicolson
finite difference scheme.

Algorithm 56 (LegendreGalerkinStep) implements the time-stepping procedure.
It takes the coefficients at time level n and returns the values at the new time level,
n + 1. For the sake of clarity, this algorithm re-computes the tri-diagonal matrices.
For efficiency those coefficients should be pre-computed and stored.

Finally, the computation of the Galerkin approximation requires a driver to in-
tegrate from the initial to the final times. We can easily modify Algorithm 47
(FourierGalerkinDriver) to drive the Legendre Galerkin approximation by substi-
tuting the routines in Algorithms 55 (M odifiedCoefsFromL egendreCoefs), 56 (Leg-
endreGalerkinStep) and 53 (Eval uatel. egendreGal erkinSolution) for the procedures
Initial Coefficients, Fourier GalerkinStep, and EvaluateFourier GalerkinSolution.

4.6 TheNodal Continuous Galerkin Method

An approximation that isintermediate between the Gal erkin method and the colloca-
tion method starts with the Galerkin formulation, but replaces integrals with Gauss
quadratures. The result is a nodal method that is significantly easier to implement
than the Galerkin method. It is also the foundation of the Spectral Element Method
that we discuss in Chap. 8. In the context of our discussions above, we make the
following choices. We will use the Galerkin weak form of the equation and L egen-
dre expansions to keep the weight function constant. We will represent the solution
in nodal form and use a quadrature approximation to approximate the integral s that
arise. It is possible to integrate analytically or to use exact quadrature with a nodal
representation of the solution, but such methods are not commonly used in practice.
For this reason, we will refer to the method presented here as the nodal continuous
Galerkin method.

Our description of the approximation will again be in the context of the diffusion
equation, (4.77), as our model problem

or=¢xx, —l<x<l,
@(x,0)=g¢o(x), —-1<x<1, (4.109)
p(=Lt)=9@,0)=0, t>0.
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Algorithm 56: LegendreGalerkinStep: Take One Time Step by Trapezoidal
Rule

Procedure LegendreGaI erkinStep;
Input: At, {dﬁ”}
Us%AIgorlthms
Algorithm 141 (TriDiagona Solve);
Algorithm 54 (initTMatrix);
/* Even index coefficients */
M < L(N—2)/2J:
{1y Y, (Y} < initTMatrix (M, 0)
rhso<—(do—At/2)*d38+uo*03£’;
for j=1toM —1do
| rhsj < 1j* @8, ) +(dj — At/2) x BY; +u; x )
end
rhsy < (du — At/2)x Sy + Iy + Dy
for j=0toM do
| dj <dj+ At/2;
end
{qS]} o < TriDiagonalSolve(M, {1;}1,, {d;)’ _O,{u,} {rhsj} o)
for j _OtoM do
| ‘P;;rl < @j;
end

2(]+1)’

/* Odd i ndex coefficients */
M <« |(N—-2+1)/2] -1,

{M ) Ad g, {0t} < initTMatrix(, 1)
rhSo<—(do—At/2)*¢31’+uo*43§‘;

for j=1toM —1do

| rhsj—lix g0+ (dj— Atj2)x By +uyxBh
end

rhsy < (dy — At)2) x D8y, + Ly * ég(M_l)H;

for j=0to M do

| dj <dj+ At/2;

end

{cDJ} o < TriDiagonalSolve(M, {1;}1L;, {d;}iL,, {uj}] e {rhs;}io);
for J_OtoM do

| ‘plzl;:rlﬂ—‘p

end

return {

¢n+l N— 2
k=
Pr ocedure LegendreGaI erkinStep;

Since we are deriving a Galerkin approximation, we start with the weak form of the
PDE,

(@1, @) + (@x, ¢x) =0 (4.110)
for any sufficiently smooth ¢ that satisfies the boundary conditions.
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Asusual, we approximate the solution by apolynomial of degree N. Wewill take
advantage of Gauss-L obatto quadraturesto approximateintegrals, soit is convenient
to use the nodal Lagrange form with nodes at the Gauss-L obatto points. Thus, we
approximate

N
P DR B(x, 1) =Y Dj(1)L;(x). (4.111)
j=0

To have the approximation satisfy the boundary conditions, we set @ = @ =0.

So far, we have re-specified the L egendre Gal erkin approximation of the previous
section. Now we will take advantage of flexibility given to us by the nodal represen-
tation of a polynomial. Since @ satisfies (4.110) for any function ¢, it must satisfy
the condition for al linear combinations of the basis functions,

N
¢ = butpu(x) (4.112)

k=0

with arbitrary coefficients b,,. Since ¢ is an Nth order polynomial we can write it,
too, in the equivalent Lagrange form,

N
o= ¢ilj(x), (4.113)

j=0

where the nodal values ¢; are arbitrary, except that ¢o = ¢ = O to ensure that ¢
satisfies the boundary conditions.

To get the nodal Galerkin approximation, we approximate theintegralsin (4.110)
rather than eval uate them analytically. We replace them by L egendre Gauss-L obatto
quadrature (Sect. 1.11), which we write as

(@1, ¢)n + (Px, dx)y =0. (4.114)

It is worth noting that the second discrete inner product in (4.114) is exact. The
original integral is the product of two polynomials of degree N — 1, so the product
isapolynomial of degree 2N — 2. The Gauss Lobatto quadrature is exact for poly-
nomials of degree 2N — 1 or less, so there is no error going from the continuous to
the discrete. The first inner product is not exact, since the integrand is a polynomial
of degree 2N. It does have a spectrally small quadrature error associated with it,
however.

Let us examine the two discrete inner products in (4.114) separately. When we
replace the polynomials by their Lagrange representations, the first discrete inner
product becomes

N N N
(@, Py =) w; (Z Bln (X)) Y Gmbm (x,,)). (4.115)
j=0 n=0 m=0
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Since ¢; (x;) = §;, j, the sums reduce all the way to

N
(@1 )y =D Pjpjw;. (4.116)
j=0

The second quadrature expands partialy to

N N N N
(Dr )y =Y w;P] (Zzpmz:n(x,»)) = ¢m (Zw,-cb}e:ﬂ(xj))-
m=0 m=0 j=0

j=0
(4.117)
If we rename the indices m < j and j < k, add the time derivative term, and
rearrange, (4.114) becomes

N N
> [051' wj+ ) we® L (xk):|¢ ;=0 (4.118)

j=0 k=0
Sincethe ¢; are linearly independent, the coefficient of each ¢; must be zero, so

N
jw;+ Y w @l () =0, j=12.. . N-1 (4.119)
k=0

Notice that the end points, j = 0 and j = N are not included, since ¢g = ¢y =0
to satisfy the boundary conditions. We specify the unknowns at those points by the
boundary conditions.

We complete the approximation (4.119) by expanding the derivative @’. The
derivative of the interpolant is

N
= Dyl (x0), (4.120)
n=0

so we can write the sumin (4.119) as

N N N N N
Do wk Bl () =Y wi Yy Puly, () () =) B (Z wely, (W)L (m)) :
k=0 k=0 n=0 n=0

k=0
(4.121)
But ¢/, (xx) = Dy, is the polynomial derivative matrix, so the system of ODEs for
the solution unknownsis

= ’ (4.122)
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Algorithm 57: CGDerivativeMatrix: Matrix for Legendre Galerkin Approxi-
mation

Procedure CGDerivativeMatrix

Input: N

Uses Algorithms:
Algorithm 25 (L egendreGaussL obattoNodesAndWei ghts)
Algorithm 37 (Polynomial DerivativeMatrix)

{{i}10 {wi}}_o} < LegendreGaussL obattoNodesAndweights()
{Di; }Q’jzo < Polynomial DerivativeMatrix(N, {xj}j.\’:o)
for j=0to N do
for n=0to N do
s <0
for k=0to N do
| <=5+ Dgn*Dyj*wg
end
Gj,n <~ S
end
end
N
return {Gi*j}i,j:O
End Procedure CGDerivativeMatrix

if we define the matrix G by

N
A 1 1
Gin=—Gjn=— E Dyn Dy jwy. (4.123)
w; w; =0

In matrix form, we can represent G by G = W=D W D, where W is the diagonal
matrix of the Gauss-L obatto quadrature weights. In finite element parlance, the ma-
trix DT W D isthe stiffness matrix and the matrix W is the mass matrix. The matrix
G, therefore, isthe product of the inverse of the mass matrix times the stiffness ma-
trix. One advantage of the discrete orthogonality of the basis functions, we see, is
that the mass matrix is diagonal, and hence trivial to invert. We present a procedure
to compute the matrix G generated in Algorithm 57 (CGDerivativeMatrix).

4.6.1 How to | mplement the Method

In practical terms, the nodal Galerkin approximation (4.122) looks the same as the
collocation approximation (4.81), differing only by the matrix D being replaced by
thematrix G. For thisreason, we canimplement it with Algorithm 51 (LegendreCol-
location) simply by replacing the calls to LegendreGaussLobattoNodesAndWeights
and mthOrder Polynomial DerivativeMatrix with the call to CGDerivativeMatrix in
Algorithm 57. In fact, the resemblance of the two methods goes beyond form. It
can be shown that the elements of the matrix G for 1 < i,j <N —1lareidentica to
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those elements of the Legendre collocation method, making the two approximations
for the constant coefficient Dirichlet problemsidentical [7].

One advantage of the Galerkin formulation, however, comes with the ease with
which we can impose other boundary conditions, such as Neumann conditions. To
specify aNeumann boundary condition, say ¢, (1) = o, we start with the weak form
of the equation after integration by parts, but before setting the boundary conditions

(01, ®) — 0|t + (@1, 1) = 0.

We replace the solution derivative by o and then proceed with the approximation to
get

When we follow the same procedure that leads to (4.122), we get the system of
ordinary differential equationsto integrate in time

n=0
N (4.125)
. N o
Sy + Y Gnu®y— — =0,
N
n=0
$o=0

4.6.2 Benchmark Solution

To examine the performance of the nodal continuous Galerkin approximation, we
revisit the example of Sect. 4.1.1, where we solved the heat equation with Cheby-
shev and Legendre collocation for the exact solution

u(x, 1) =sin[x (x + 1) e <7 (4.126)

Figure 4.12 displays the convergence of the error for the nodal Galerkin method
along with the Chebyshev and Legendre collocation errors shown previously in
Fig. 4.8. For this problem, we see that there is no difference in the maximum error
of the two Legendre approximations, since for this problem the two approximations
areidentical.

4.7 The Nodal Discontinuous Galerkin Method

The last spectral approximation that we develop uses the Discontinuous Galerkin
formulation, which is particularly well-suited to solve wave propagation problems.
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We will use the method later in Chaps. 5, 7 and 8 to approximate the solutions of
systems of conservation laws, which include systems that describe gas dynamics,
ocean waves, and electrodynamics.

To motivate the formulation, we approximate thefirst order initial boundary value
problem for the advection equation (4.83) again. Since we are devel oping a Galerkin
approximation, we rewrite the PDE in weak form,

(¢, ) + (¢x, ) =0 (4.127)

for any function ¢. Unlike the continuous Galerkin approximation of the previous
section, we will not require ¢ to satisfy the boundary condition on the left. Thisis
what distinguishes the discontinuous from the continuous formulation.

Since we are developing a nodal method, we approximate the solution by a poly-
nomial of degree N and represent the polynomial in the nodal, Lagrange form

N
P DR, 1) =Y (1)L (x). (4.128)
j=0

We defer the question of what points to use as the nodes until we have derived the
final weak form of the equation that the approximation will satisfy.

Wefind the N + 1 equations that we need to determine the @ ; values by the usual
Galerkin conditions. We require that @ satisfy the weak form (4.127) for any ¢ that
isapolynomia of degree N

(&, ) + (P, ¢p) = 0. (4.129)
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To get the actual set of N + 1 equations, we write the polynomia ¢ in nodal La-
grange form

N
p=> ¢;t;x). (4.130)
j=0
and understand that when we say “for any”, we mean that the nodal values ¢; are
arbitrary and linearly independent. When we substitute (4.130) for ¢ in (4.129) and
rearrange, we see that @ satisfies

N
D (@) + (P 5)} 65 =0.

Jj=0
We get our N 4+ 1 equations because the ¢; are independent, for each factor must
vanish individually leaving us with

(®:,¢) + (®4,£;)=0, j=0,1,...,N. (4.131)

We till have to enforce the boundary condition. To do that, we first separate
the boundary contributions from the interior contributions by integrating the inner
product that contains the spatial derivatives by parts

(1. €5) + DL4|H, — (0.¢) =0. (4.132)

Unlike when we use the continuous Galerkin method, the boundary terms do not
vanish because £ (41) does not necessarily vanish. Nor is the approximation, @,
required to satisfy the boundary conditions exactly.

We enforce the boundary condition for the discontinuous Gal erkin approximation
of the advection equation weakly. We replace the boundary term in (4.132) at the
left boundary by the boundary condition

(@1, €)) +{@(L1);(1) — g0)L; (=1} — (@, ¢;) =0. (4.133)

Since there is no boundary condition on the right, we do nothing there.
Finally, we find the equations that the @; satisfy. We insert the representation
(4.128) into the weak form (4.133) to get

N

N
D By (Cnn 4j) +{ @ADL — g (=D} =Y Dy (£. £7) =0. (4.134)
n=0 n=0

Rather than evaluate the integral inner products analytically, we approximate them
by quadrature,

N N
> b (b )y + {PA DD — gD (D} = Y By (. £) y =0.
n=0 n=0
(4.135)
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It isat this point that we make the decision on what quadrature to use and where
to place the nodes. The obvious choices for the quadrature are to use either the
Legendre Gauss or the L egendre Gauss-L obatto approximations. The Gauss quadra-
ture would ensure that the discrete inner product, (¢,, £;)n is exact, since the La-
grange interpolating polynomials are of degree N. If we use the Gauss-L obatto
quadrature, a quadrature error is introduced. Both types of quadratures have been
used in practice.

Each quadrature has its advantages and disadvantages. The advantage of the Lo-
batto pointsis that the boundary term @ (1, 1) = @y (¢). If we use the Gauss points,
then we must evaluate the interpolant, (4.128), to get the boundary value. On the
other hand, the Gauss points give us (¢,, £;)n = (£,, £;) and

N

(ﬁn» Zgn (xx) e] (xx) w = wjgn j- (4-136)
k=0

Notice that the situation differs from that of the continuous Galerkin approximation
of the previous section. We used the Gauss-L obatto points there because the approx-
imate solution had to satisfy the boundary conditions. Since the boundary conditions
do not have to be satisfied (exactly) with the discontinuous Gal erkin approximation,
we have the opportunity to use the higher precision Gauss quadrature.

We will choose the Legendre Gauss points as the nodes, which are interior to
the interval. With that choice made, we can derive the final approximation. We use
(4.136) to simplify the time derivative term, while

(€n.25) Zz () € (i) i = £; () wy. (4.137)
k=0

The simplifications give us the equations satisfied by the nodal values of the approx-
imate solution,

N
b= {45(1 t)g D _ (z)gff;l) +Zb,-,,q>n}, j=01,...,N
w; J n=

(4.138)
where

Dy = —2m%n (4.139)

and D,; = Z;.(x,,) isthe transpose of the standard derivative matrix, computed with

Algorithm 37 (Polynomial DerivativeMatrix). We find the boundary value of the so-
lution that we need in (4.138) from the interpolant

N
P(L=> @t;(l). (4.140)
j=0
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We can compute boundary value simply by a dot product if we compute the coeffi-
cients £;(1) once and store them.

It is possible to integrate (4.133) by parts a second time. Then the equation |ooks
more like a penalty method

(@1, ¢;) +[2(—L 1) —g®)]L;(-D + (@', ¢;) =0, (4.141)

where a correction based on the difference between the value at the left boundary
and the boundary condition is added to the equation to weakly impose the boundary
condition. For linear problems like this and on the square, there is no difference.
For nonlinear equations and equations on curvilinear domains, the quadrature errors
differ between the two, making the approximations slightly different. We will only
develop algorithms for which the equation is integrated by parts once.

4.7.1 How to I mplement the Method

We are now ready to construct algorithms to compute the discontinuous Galerkin
first derivative approximation. Since it is most efficient to pre-compute the arrays
¢;(#1) and D;, and store them, we wrap the discontinuous Galerkin derivative
operator into aclass, Algorithm 58 (Nodal DiscontinuousGal erkin), that groups both
procedures and data. We use the constructor to compute and store these quantities
as member data. The derivative computation, ComputeDGDerivative, evaluates the
guantities in the braces in (4.138).

Algorithm 59 (Nodal DiscontinuousGal erkin: Construct) implements a construc-
tor for the discontinuous Galerkin approximation and is built from algorithms that
we have aready developed. It first computes the Legendre Gauss nodes the quadra-
ture weights via Algorithm 23 (LegendreGaussNodesAndWeights). The barycen-
tric weights, which we use to compute the Lagrange interpolating polynomials
(Sect. 3.4), are evaluated next using Algorithm 30 (BarycentricWeights). The two
arrays of Lagrange interpolating polynomials that are evaluated at the endpoints are
then computed with Algorithm 34 (Lagrangel nterpol atingPolynomials). Finally, the

Algorithm 58: Nodal DiscontinuousGalerkin: A Discontinuous Galerkin Class
Definition
Class Nodal DiscontinuousGalerkin
Data: N N

N, {ﬁivj}i,j:O’ {Ej(_l)}?]:O’ {ej(l)}_l,yzo’ {wj}j:O
{cbj}j.vzo;// Sol ution array
Procedures:
Construct(N);// Al gorithm 59
DGDerivative(®L, X, {cbj};.":o) :/1 Al gorithm 60
DGTimeDerivative(r); // Al gorithm 61
End Class Nodal DiscontinuousGalerkin
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Algorithm 59: Nodal DiscontinuousGalerkin: Construct: Constructor for the
Discontinuous Galerkin Class
Procedure Construct
Input: N
Uses Algorithms:
Algorithm 23 (LegendreGaussNodesAndWeights)
Algorithm 37 (Polynomial DerivativeMatrix)
Algorithm 34 (Lagrangel nterpol atingPolynomials)
Algorithm 30 (BarycentricWeights)
thisN < N
{ {x; }1;/:0  this. {w; }1/.\’:0} < LegendreGaussNodesAndWeights(/V)

{wf };V:O <~ Barycentric\l\bights({xj}jyzo)

this. {ej(—l)};"zo < Lagrangel nter polatingPolynomials(— 1.0, {x; };.V:O, {wf};v:o)

this. {Zj(l)};vzo <« Lagrangel nter polatingPolynomials(1.0, {xj}j.vzo, {wf};vzo)
{Dij }Qlj:o < Polynomial DerivativeMatrix({x;}}_,)
for j=0to N do
for i=0to N do
| thiS.b,"j <~ —Dj; *thiS.wj/thiS.w,‘
end

end
End Procedure Construct

Algorithm 60: NodalDiscontinuousGalerkin:DGDerivative: First Spatial
Derivative via the Galerkin Approximation

Procedure ComputeDGDerivative
Input: L, @R, {cpj};vzo
Uses Algorithms:

Algorithm 19 (MxV Derivative)

{1}y < MxVDerivative(this. Dy}, _q, (@;1)_0)
for j=0to N do

| P <P+ (@R xthis.e; (1) — &L x this.e ;(—1))/thisw;
end
return {cb}}j.\;o
End Procedure ComputeDGDerivative

procedure computes the derivative matrix D, defined by (4.139), from the standard
polynomial derivative matrix, D.

We show how to compute the approximation of the first derivative in Algo-
rithm 60 (Nodal DiscontinuousGalerkin:DGDerivative). It implements the quantity
in the braces in (4.138). To be more general, the procedure takes the interior state
as input, represented by the array of @;’s, and the left and right boundary states
to compute the approximation of the derivative. In this way, we can accommodate
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Algorithm 61: Nodal DiscontinuousGalerkin:DGTimeDerivative: Time Deriv-
ative viathe Discontinuous Galerkin Approximation

Procedure DGTimeDerivative
Input: ¢
Uses Algorithms:
Algorithm 60 (Nodal DiscontinuousGal erkin:DGDerivative)

if ¢> 0then
Ol —g(1)
@R < InterpolateToBoundary({this.® ,-}_?’zo, {this.¢ ,»(1)}§V=0)

ese
PR —g(0)
&L < InterpolateToBoundary({this.® j}?’ o {this. j(—l)}j.\’zo)

end

[} < —cxthis DGDerivative(@t, ¥, this.® ;1) o)
return {qu}i'vzo

End Procedure DGTimeDerivative

Procedure InterpolateToBoundary
Input: {@;}7 o, {¢;}7,
inter polatedValue < 0
for j=0to N do
| interpolatedValue < interpolatedValue + £; + @
end
return interpolatedVvalue
End Procedure InterpolateToBoundary

problems with positive or negative wavespeeds. We place the logic to decide which
boundary needs to be specified in the time derivative procedure.

We implement the time derivative algorithm next. It uses the spatial derivative
procedure to implement the right hand side of (4.138). To be more general, we will
write the time derivative to solve the equation

o1 +cor =0, (4.142)

where the wave speed ¢ might be positive or negative. If ¢ is positive, the boundary
conditionisapplied at the left, and the solution isinterpolated to theright, aswasthe
situation in (4.138). If ¢ is negative, the boundary condition is applied to the right
and the solution is interpolated to the | eft. Thus, to compute the time derivative, the
procedure must test the wavespeed and send the appropriate values for @~ and @ &
to the spatial derivative routine.

We implement the time derivative in Algorithm 61 (Nodal Discontinuous-
Galerkin:DGTimeDerivative). It first computes the boundary values of the solu-
tion according to the sign of the wavespeed. To compute the boundary condition,
we assume the presence of a user supplied function g(¢). To compute the value of
the solution at the other boundary, the procedure evaluates the interpolant using
InterpolateToBoundary. InterpolateToBoundary is nothing but a dot product of the
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Algorithm 62: DGSepByRK3: Low Storage Runge-Kutta Integration of a
Nodal Discontinuous Galerkin Approximation

Procedure DGStepByRK 3
Input: ¢,, At
Input: dg;// O type Nodal Di sconti nuousGal er ki n
for m =1to3do
t < t, + b, At
{&; }?;0 < dg. TimeDerivative(r)
for j=0to N do
Gj <—amGj aF CD/
dg.tbj &= dgA(pj aF gmAth
end
end
return dg
End Procedure DGStepByRK 3

vectors represented by the array of solution values and the array of Lagrange in-
terpolating polynomials. For large N we could replace it by a BLAS xDot routine
(Appendix C). Once the boundary values of the solution are determined, the time
derivative procedure passes them and the solution array to ComputeDGDerivative
to compute the space derivative. Thefinal step multiplies the space derivative by the
wavespeed to compute the time derivative.

With the spatial discretization and time derivatives in hand, we turn to the inte-
gration in time. Once again we use a third order Runge-Kutta to integrate in time.
Algorithm 62 (DGStepByRK3) is a modification of the third order method of Al-
gorithm 50 (CollocationStepByRK 3). The two differ because in the discontinuous
Galerkin approximation, the boundary conditions are applied weakly as part of the
spatia derivative approximation. This difference makes the discontinuous Galerkin
approximation simpler to implement than collocation methods for systems of equa-
tions. (We will cover systems of equations at length in Sect. 5.4.) We can construct
adriver for the time integration by a straightforward modification of the collocation
driver, Algorithm 51 (LegendreCollocation).

Again, we must look at the distribution and growth of the eigenvalues of the
derivative matrix and see how it fits within the region of absolute stability of the
time integration method. We show an example of the distribution of the eigenvalues
in Fig. 4.13 for N = 32. We notice that the distribution differs from those of the
Chebyshev and Legendre collocation matrices (Fig. 4.9). The maximum eigenvalues
occur near the rea axis, which indicates very strong dissipation in those modes.
A plot of the magnitude of the maximum eigenvalue as a function of N, Fig. 4.14,
also shows a difference from what we have seen before. For N < 32, the growth of
the maximum eigenvalue is linear, and only becomes quadratic for larger values of
N. Sincetheimaginary part of the largest eigenvalueis small, we can use the known
real limit of the region of absolute stability (—2.51 on Fig. 4.1 for the third order
Runge-Kutta method) to determine the maximum time step. From a curvefit for the
growth of the maximum eigenvalue and the stability limit for the Runge-Kutta, we
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can get an approximate upper limit on the time step of

A v V=32 (4.143)
t < .
BB, Nz
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4.7.2 Benchmark Solution

As a benchmark, we solve the problem (4.83) with the initial condition ¢o(x) =
e~ N@G+D2/0? \yith o = 0.2, We show the computed and exact solutions at three
times in Fig. 4.15. The computed solution there is for N = 36, and we chose
At = 1.5 x 10~* to ensure the temporal errors were small relative to the spatial
errors. The wave propagates with little loss of amplitude or spreading. It moves
with the correct speed so there is no noticeable shift between the exact and com-
puted solutions.

It is natural to compare the performance of the discontinuous Galerkin approx-
imation with the polynomial collocation methods that we developed in Sect. 4.4.4.
We show one such comparison in Table 4.2, which lists the logarithms of the max-
imum errors for the discontinuous Galerkin approximation along with the errors
of the Chebyshev and Legendre collocation approximations. What we see is that

S
Fig. 415 Computed and
exact solutions at three times
for the nodal discontinuous
Galerkin approximation of
the advection equation X
Table4.2 Logarithm of - - -
maximum errors for three N Chebyshev Legendre Discontinuous Galerkin
methods
16 —-2.0 -18 -20
20 —2.7 24 -30
24 -38 —-34 —4.0
28 —4.8 —-4.3 -52
32 -6.1 —54 —6.6
36 -7.3 —6.7 -79

40 —-8.7 -8.0 -9.0
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for the advection problem, the Chebyshev collocation method bests the Legendre
collocation, but that the discontinuous Galerkin approximation has the best error
overall.

4.8 Summary and Some Broad Gener alizations

Now that we have seen six examples of spectral approximation methods, let's get
some perspective that will guide our choice of methods throughout the remainder
of this book. The fundamental characteristic across all spectral methods is that they
use orthogonal polynomial approximations with which to approximate the solution
of a PDE. The differences between them come from the flexibility that we have
to decide how to determine the degrees of freedom, written either as the polyno-
mial coefficients or the values at a set of nodes. Flexibility allows us to tailor the
approximation to our needs, but the availability of too many choices can also be a
detriment. We would like some guiding principals to help us make a choice among
all the possibilities. We get those guiding principals from an understanding of the
tradeoffs that we make in each of the approximations. Whether those tradeoffs are
worth making is a matter of one's goals, and is subject to opinion, which we freely
professin this section.

The first choice we have to make is what basis functions to use. For periodic
problems, the Fourier basis is the clear choice. For problems in bounded domains,
we will choose between the Legendre and Chebyshev polynomials. How we choose
between the two depends more on practical matters than on which one has better ap-
proximation properties. Each will give exponentialy accurate solutions for smooth
enough solutions. The family of orthogonal polynomialsis much larger than three,
however, and for some special circumstances, e.g. on infinite intervals, there are al-
ternatives. For most practical applications one of Fourier, Legendre or Chebyshev
will be sufficient. For other choices, see [4].

The next choice is how to determine the degrees of freedom. In this chapter
we concentrated on two commonly used methods: Collocation and Galerkin. We
derive collocation methods from a strong form of the equations. We start Galerkin
approximations from an integral, weak form of the equations.

Collocation methods, like finite difference methods, are derived from a strong
form of the PDE and share many of the same advantages and disadvantages. Fore-
most isthat they are easy to derive and to implement for awide class of problems—
constant coefficient, variable coefficient and nonlinear. Since collocation methods
require the solution to satisfy the PDE at a set of grid points, they are naturally nodal
approximations and will have aliasing errors even for constant coefficient problems.
A main tradeoff isthat thereislittle forma mathematical guidance on how to derive
a stable approximation or how to implement boundary conditions. The latter makes
it difficult to extend collocation methods to complex geometries or to systems of
equations. Like finite difference methods, collocation methods are most easily ap-
plied to geometries that we can map onto a simple square or cube. Within those
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constraints, however, collocation methods will give spectrally accurate approxima:
tions. For this reason, we will develop implementations of collocation agorithms
for square and mapped geometries in Chaps. 5 and 7. For a collocation method,
we choose between L egendre and Chebyshev approximations mostly on how many
modes we need, since we can use fast transforms to compute the derivatives with
Chebyshev methods.

Galerkin spectral methods, like finite element methods, are derived from a weak
form of the equations. They are less easily derived than collocation methods, but
the formulation naturally leads to stable approximations and gives guidance on how
to implement boundary conditions. Galerkin methods can be either nodal or modal.
Modal approximations can be significantly more accurate than nodal approxima-
tions, depending on the problem. They are much harder to derive and more com-
plex to implement, however, particularly for variable coefficient, nonlinear, or mul-
tidimensional problems. Exceptions include special nonlinearities like we saw for
the Burgers equation, or special geometries like cylindrical coordinates. However,
within those constraints, the modal Galerkin method is the method of choiceiif ulti-
mate accuracy is required. We will not develop modal Galerkin methods further in
this book. For further study, see[21].

Nodal spectral Gaerkin methods are intermediate between collocation and
Galerkin methods. They start from aweak form of the equations, but replace hard to
evaluate integrals by quadrature. Because they start from aweak form of the equa-
tions, Legendre approximations are almost always used today to avoid having to
deal with a variable weight function in the inner products. The Galerkin approach
gives guidance on how to implement boundary conditions. We have seen, however,
that the nodal approximations are just as easy to implement as collocation methods.
In fact, we will see in the following chapters that we can often convert algorithms
from collocation approximations to nodal Galerkin approximations with one line
changes. For some equations, particularly for systems of conservation laws, they are
much easier to implement than collocation, especially in multiple space dimensions.
Like finite element methods, nodal Galerkin formulations are easily extendable to
solve problemsin complex geometries, which wewill do in Chap. 8. Whereas modal
Galerkin methods are the methods of choice when ultimate accuracy isrequired, we
choose nodal Galerkin methods to solve problems in complex geometries.

Exercises

4.1 Rewrite Algorithm 41 (FourierCollocationTimeDerivative) to use the FFT
rather than matrix-vector multiplication to compute the spatial derivatives.

4.2 Show how to use quadrature to compute the initial Fourier coefficients to start
theintegration of a Fourier Galerkin method.

4.3 Use padding and the FFT to create a faster implementation of Algorithm 46
(EvaluateFourierGalerkinSol ution).
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4.4 Implement Algorithms 44-47 and compute the solution for the initial condition
(4.26) when v = 0. Show analytically that the energy, ||u||; 2 should remain constant,
and verify it numerically when At is small enough. (To guarantee that the time
differencing scheme does not decrease the energy, we should use a time integration
method like the trapezoidal rule.)

4.5 Verify numerically on several test problems that the discrete norm (4.29) is
spectrally accurate for periodic functions.

4.6 Show algebraically that for the linear, constant coefficient advection-diffusion
equation the Fourier collocation and Fourier Galerkin methods are equivalent.

4.7 Use (4.37) to show that
(1, V) +(Px, V) = = (v, Vi)

for any

N/2

V= Z bkeikx.

k=—N/2

Use this result to show that the Fourier Galerkin approximation is stable, that is,
2] < lI2oll

if integrated exactly in time.

4.8 Apply the Fourier Galerkin method to the initial condition

1 <m/2
sy =L 0sx=7/2 (4.144)
0, nw/2<x<m

and explain the behavior of the numerical solution.
4.9 Verify the conservation result (4.67). Hint: fOZ” Udx = (U,1).
4.10 The debate over the importance of aliasing in a spectral calculation goes back

to the early days in the development of spectral methods. In this problem you will
solve the KdV eguation
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This equation has the exact (traveling wave) solution

1 /A
u(x,t) =ug+ Au sech? |:27T)\D ?u(x —ct — 47[):| ,

1
c=2n (1 +ug+ §Au> , (4.146)

1 |/Au
— — 2 pV6Autanh [ — /24
to pvoAutan (,\D 24)

on (—o0, 00). The parametersare A p = 0.01 and Au = 0.2.

Implement the Fourier-Galerkin method to integrate (4.145) to time ¢t = 1 by
modifying Algorithms 44-47 to include the nonlinear term and the third order deriv-
ative term. Although theinitial solution is defined on the infinite interval, it is non-
zero to within rounding errors only in asmall region, making the periodic extension
sufficiently smooth for all intents and purposes. Use the fast convolution transform,
Algorithm 49, to evaluate the convolution sum. Do the computation with (M = N)
and without (M > 3N/2) diasing. Examine the spectra (|Ux| as a function of k)
of the two solutions and comment on the differences between them. Do you see
spectral accuracy asthe order, N, increases?

4.11 Verify the discretization, (4.125).



Chapter 5
Spectral Approximation on the Square

It is simplest, though not always of much practical interest, to describe spectral
methods on the square domain (x, y) € [—1, 1] x [—1, 1]. Once the ideas are un-
derstood for the simplest of geometries, they can be extended to solve PDES on
more complex geometries by using mappings (Chap. 7), multidomain methods
(Chap. 8), or both. We will illustrate the development of spectral approximations
for three canonical problems in mathematical physics: The solution of steady po-
tentials, transport with and without diffusion, and wave propagation. These physical
processes are modeled by the Poisson equation on the square with Dirichlet bound-
ary conditions, the advection-diffusion equation, the scalar advection equation, and
systems of conservation laws.

5.1 Approximation of Functionsin Multiple Space Dimensions

In multiple space dimensions, spectral methods use expansion functions that are
tensor products of the one dimensional functions that we used in preceding chap-
ters. Spectral methods have the same representations used to derive separation of
variables solutions of PDEs.

In two space dimensions, for example, the Fourier truncation approximation is

N2 MJ2

Pyuf= D ) fame ™. (5.1)

n=—N/2m=—M/2

We find the Fourier coefficients with the inner product

2t 27w
(u,v) :/ / u(x,y)v*(x, y)dxdy. (5.2
0 0
That is,
~ 1 .
nm = y i(nx+my) . 53
f ) (fre ) (5.3)

We define the Fourier interpolant in two space dimensions similarly,

N2  M/2 = N-1M-1

Jam iy —
Ivuf= >, Y. ”cm nxemimy = NN fikhj ) i (). (5.4)
n=—N/2m= 2 1Em j=0 k=0
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As in one space dimension, we compute the discrete coefficients from the two di-
mensional discrete inner product, which is now

2n )2N 1M-1
(M,U)NM— Z Z (s yi) v* (x5 W), (5.9)
j=0 k=0
so that
. 1 N ,
Jom = N_M Z Z xj yk e—inxj p—imyi (5.6)
j=0 k=0

The tensor product form is convenient for computation, since we can evaluate
the double sum by a series of sums along each direction separately. If we define an
intermediate array

_ 1 .
fn(yk):NZf(xjvyk)e_mxj, n=-N/2,....N/2—1 k=0,...,N -1,

(5.7
then
) M-1

Jom = — Z fn e lm”

n=-N/2,...,N/2—-1, m=-M/2,...,M/2—1. (5.8
Likewise, the polynomial truncation approximation is
N M

Py f )= famn (¥) b (), (59

n=0m=0

where we compute the coefficients using the two dimensional weighted inner prod-
uct

£ Sebnbn)y [T F G 3 (0 b () ww(y)dxdy
" gudul JT #2092 M ww(y)dxdy

(5.10)

We can choose to write the polynomial interpolant in two dimensions either in
terms of the discrete coefficients or the equivalent Lagrange form

N M N M
INMf Q=D fam®n ) m (=D Y fial; )l (y).  (5.11)
n=0m=0 j=0k=0

Like the Fourier coefficients, we compute the discrete polynomial coefficients
from a sequence of one dimensional transforms. For example, if we compute the
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sumsin the x direction to get the intermediate values

N
_ 1
fn(yk)z—Zij,kqs,,(xj)wj, n=0,1,...,N: k=0,1,..., M,
lln ll% 20
(5.12)
the two dimensional discrete coefficients are
3 1 Mo
Fom = —2an %) ém i) wz, n=0,1,....N; m=0,1,..., M.
lom I =5
(5.13)

The tensor product representation of the solution makes it easy to use different
approximations in different coordinate directions. If the problem is non-periodic in
the x direction and periodic in y, for example, we could write

N M

Pymf O, )= fiklj () e (). (5.14)

j=0k=0

Tensor products also make mixed representations possible. For instance, the fol-
lowing polynomial is modal in the x direction and nodal in the y direction

N/2 M

PymfC,y)= Y Y fuje™t; (), (5.15)

k=—N/2j=0

where fk, ; isthe kth Fourier coefficient at the point y;.

In summary, the tensor product approximation of functions makes spectral meth-
ods efficient at high order because we can evaluate multidimensiona approxima-
tions as sequences of one dimensional approximations. The ability to mix represen-
tations and basis functions makes spectral methods flexible.

5.2 Potential Problemson the Square

The first PDE that we will approximate on the square describes potential problems
such asthe steady state temperature distribution with a heat source. It is the Poisson
equation with Dirichlet boundary conditions

V29 =g + oy =s(x,y), (x,y) €11 x(-11),
p(x,-1)=0, —-1<x<1,

¢l,y)=0, —-1<y<1, (5.16)
px,1)=0, —-1=<x<1,

p(=1,y)=0, -1<y=<l



152 5 Spectral Approximation on the Square

Although we have specified that the potential, ¢, vanish along the boundaries, we
can specify any continuous potential distribution with only simple modifications to
the approximations.

5.2.1 The Collocation Approximation

The simplest spectral approximation to derive for the Poisson equation is the col-
location method. In two space dimensions, we lay a grid of points, (x;, y;), on the
sguare and approximate the solution by a polynomial interpolant represented by the
solution values, @; ;, at those points. Since the boundary conditions in (5.16) are
not periodic in either direction, Legendre or Chebyshev polynomial approximations
are appropriate. Since we want the solutions at the boundaries as well as in the
interior, we choose the grid points to be the tensor product of the Gauss-L obatto
quadrature points (Sect. 1.11). For Chebyshev polynomial approximations, recall
that these points are simply

1214 /g
(xi,y,-)z(—cosﬁ,—cos%), i,j=01... N. (5.17)
For simplicity of exposition, we will assume that number of grid pointsis the same
in each direction, but this is not necessary in practice. Note that we have reversed
the order of the points so that the (x, y) values of the nodes increase as the indices
i, j increase. To get a Legendre approximation, we would use Algorithm 25 (Leg-
endreGaussL obattoNodesAndWeights) to compute the grid points.

To derive the collocation approximation, we approximate the potential ¢(x, y)
and the forcing term s(x, y) by polynomials @ and S written in the second, i.e.
Lagrange, form interpolant in (5.11),

N
®(x.y)= Y il (x) L5 ().
i,j=0
; (5.18)

Sy =Y s (xiyj) i () £ ().

i,j=0

To find the equations for the grid point values @; ; we require that ¢ satisfiesthe
PDE at the interior points

92 N 92 P
ax2  9x?

The second derivative of the polynomial interpolant is

=0, i,j=12.. N—1 (5.19)

Xi,Yj

P> 92
ax2  9x2

N N
DBl )G =) Pl (D). (5.20)

k,1=0 k,1=0
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By construction (Sect. 1.12), ¢;(y;) = §;,;. Therefore, when we evaluate the second
derivative at the grid points,

92
ax2 |.

Z@k SO _ZD(Z) @, (5.21)

2¥)

where Dl.(,f)”‘ is the second order spectral derivative matrix (Sect. 3.4), which
we compute with Algorithm 38 (mthOrderPolynomial DerivativeMatrix). We de-
rive a similar formula for the second derivative in the y direction. Finally, since
S(xi,y;) =s(x;,y;) =si j, theinterior points satisfy the equations

ZD(Z)XQD +ZD(2)yq>lk=s,-,j, ij=12.. N-1 (5.22)

We will aso express (5.22) in shorthand notation,
V[%léij =Si,j- (523)

Theleft side of (5.23) isthe action of the discrete spectral Laplace operator. Thefull
equation (5.23) is the spectral collocation approximation of the Poisson equation.

The values of @; ; aong the boundaries are @l that remain for us to specify.
In the collocation method, as in afinite difference method, we set the approximate
solution along the boundary to be its boundary value, i.e,

¢i,j:

i —O,N; j=0,1,....N
0, {’ / (5.24)

j=0N;i=0,1,....,N

Equations (5.22) and (5.24) form a linear system of equations that we must solve
for (pi,j-
We can easily extend the collocation method to variable coefficient equationslike

V. (WWe) =s. (5.25)

For instance, suppose that the diffusivity depends on the potential so that v = v ().
We approximate the components of the flux, f = (f, g) = (vx, ve,) aso by poly-
nomials of degree N. For instance

N
F (i 3)) = v @ el 2 v (i) D D Prj = v (Pig) Px (xin ¥;) = Fij-

k=0

(5.26)
We compute D}, = £, (x;) using Algorithm 37 (PolynomialDerivativeMatrix).
A similar formulaholds for g = ve,. Then the interior approximeation for the collo-
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cation method is

N
F,=v(®i;)) Di®rj. i.j=012. N,
k=0
N
G, =v(®i;)Y Dy®ix, i,j=012.. N, (5.27)
k=0

N N
Y DYF 4+ Y DYG, =sij, i,j=12..,N-1
k k

and we apply the Dirichlet boundary conditionsasin (5.24).

We can aso apply the collocation method to problems with Neumann bound-
ary conditions. The formulation of (5.27) makes it easy to see how. Suppose we
replace the boundary condition along x = 1 in (5.16) by the Neumann condition
¢x (1, y) = b(y). Then to compute the flux, F, along the boundary, we simply re-
place the derivative there by the boundary condition. We compute the interior fluxes
aswe did for the Dirichlet problem. The system to be solved therefore becomes

N
Foo=v (@)Y Dty i=01... . N-1j=01.. N,

k=0
Fy,=v(®n,)b(yj), j=1....N—-1,

N

- (5.28)

G, =v (CDLJ')ZD;kdai,k, i,j=0,1,2,...,N,

k=0
N N
ZDZka’-/_ZD;,kGLk =Sij> i=1, 2""’N;j=1,-..,N— 1
k=0 k=0

To specify the remaining degrees of freedom, namely the values of the solution
along the other boundaries, we set them equal to their boundary values.

5.2.1.1 How to Implement the Collocation Approximation

To implement the collocation approximation, let usfirst introduce a structure of type
Nodal 2D Storage that we will use many timesto group data needed by nodal spectral
methods such as collocation. We use the structure to store the x and y locations of
the collocation points, called & and  in the class, the quadrature weights, plus the
derivative matrices that we may need. Since none of these quantities change during
the course of a calculation, we only need to compute them once at the start. We
show the structure in Algorithm 63 (Nodal2DStorage). Usually we only allocate
and compute those quantities that we need for a particular approximation.

We encapsul ate the coll ocation approximation of the potential problemin aclass,
too. The class stores an array for the solution and the source, plus an instance of the
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Algorithm 63: Nodal2DStorage: Storage for a Nodal Spectral Method

Structure Nodal 2D Storage
Data:
N, M
EN,, {nj}}Ly:// Gauss(-Lobatto) points

(w1, (w{"}¥, /1 Gauss(-Lobatto) weights

{ij}lN] e {D[”j}” _o:// First Derivative Matrices

{DI.(,ZJ,)‘E}I.’J,:0 {D(z)"}l] _o:/1 Second Derivative Matrices

End Structure Nodal2DStorage

Algorithm 64: Nodal PotentialClass: A Class for the Potential Problem on the
Square

Class Nodal Potential Class
Uses Algorithms:
Algorithm 63 (Nodal 2D Storage)
Data:
spA; 1/ O‘ type Nodal 2DSt or age

{45,1}1 70 :// Solution
{si, ,} :// Source
{mask }z=1

Procedures:
Construct(N, M);// Al gorithm 65
LaplacianOnTheSquare({U,-,j}ff’jifo); /1 Al gorithm 66
MatrixAction({U; ;}':¥); // Al gori t hm 68

End Class Nodal Potential Class

structure Nodal 2D Storage to store the necessary spectral approximation data. The
guantities that we need to store are generic to al nodal spectral methods for the po-
tential equation, so we present Algorithm 64 (Nodal Potential Class) as an implemen-
tation. The classincludes an array called mask, which we will describe presently, to
manage boundary conditions. We must also define at least two procedures. The first
is to construct the nodes, weights and derivative matrices. The other is to compute
the approximation of the Laplace operator, (5.22). We include in the class a proce-
dure to compute the matrix action, which we will use for theiterative solution of the
system of equations, (5.23).

We specify the choice of polynomia and approximation type in the construc-
tor for the Nodal Potential Class. Algorithm 65 (Nodal Potential Class:Construct), for
instance, shows a constructor for the Chebyshev collocation approximation. It com-
putes the second derivative matrices by way of Algorithm 38 (mthOrderPolyno-
mial DerivativeMatrix) with m = 2 and stores them in the second derivative matrix
storage of the Nodal 2D Storage structure. Thefirst derivative matrices are not needed
for the Poisson problem on the square, so they are not computed. We easily change
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Algorithm 65: Nodal Potential Class: Construct: Constructor for the Chebyshev
Collocation Approximation of the Potential Problem

Procedure Construct

Input: N, M

Uses Algorithms:
Algorithm 38 (mthOrderPolynomial DerivativeMatrix)
Algorithm 27 (ChebyshevGaussL obattoNodesAndWeights)

this.spA.N < N; this.spA.M < M
{this.spA. {&}, , this.spA{w fg)} o} < ChebyshevGaussl obattoNodesAndW\eights(N)
thls.spAA{Di(’zj) E}i j—o < mthOrder Polynomial DerivativeMatrix(2, this.spA{g,-}ﬁV:O)

Repeat for  (y) direction. ..
End Procedure Construct

Algorithm 66: Nodal Potential Class: LaplacianOnTheSquare: Collocation Ap-
proximation to the Laplace Operator

Procedure LaplacianOnTheSquare

M
Input: {U,,}” .
Uses Algorithms:

Algorithm 19 (MxV Derivative)

N < this.spA.N; M < this.spA.M
for j=0toM do

22)62 [ < MxVDerivative(this.spA DY (Ui L,)
end e
for i=0to N do

%27 B <« MxVDerivative(this.spA. {D(Z) "}l =0’ {u:, J}] o)
end e

for j=0toM do
for i =0to N do

V2U; ;< BZ—U BZ—U
N dx2 ij dy? ij
end
end
return {V U,,}” .

End Procedure LaplacianOnTheSquare

the approximation to a Legendre method if we replace the calls to ChebyshevGaus-
sL obattoNodesAndWeights with calls to Algorithm 25 (LegendreGaussL obattoN-
odesAndWeights).

We implement the action of the discrete Laplace operator (5.22) in Algorithm 66
(Nodal Potential Class: L aplacianOnTheSquare). It computes the matrix-vector mul-
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tiplication by way of Algorithm 19 (MxV Derivative) so that we can useit for either
Chebyshev or Legendre collocation approximations. Otherwise, for Chebyshev col-
location we could use the Fast Chebyshev Transform. Notice that the algorithm
makes the tensor product nature of the approximation explicit by the fact that the
derivatives are computed row-by-row and column-by-column in the grid. Therefore
the procedure computes the derivatives by passing array slices to the matrix-vector
multiply routine. (Remember, we denote the passing of a dlice of atwo dimensional
array, {U,-,j}f']‘.":’lo, by {U;,;}Y_, for slices along columns and {Ui,j}y:o along rows.
See Appendix A.)

To enforce the boundary conditions, we introduce the concept of an array mask
function that we use selectively to set parts of an array to zero. We use the mask
function to set the residual and solution values to zero aong the boundaries for
Dirichlet boundary conditions. We could also use them to set boundary fluxes to
zero for Neumann boundary conditions. Mask functions provide a simple way to
eliminate boundary points in iterative solvers. We will use them many times. To
allow some flexibility, let us number the four sides of the square counter-clockwise
starting with the boundary along y = 0. Let us then define an array {maskk}ﬁzl. If
amask value mask; istrueit will signal usto zero the boundary values of an array
along side k. To ensure the mask is always available, we store it as a member array
of the nodal approximation class in Algorithm 64 (Nodal Potential Class). We then
use Algorithm 67 (MaskSides) to mask an input array as desired.

Finally, we introduced a procedure MatrixAction in Algorithm 64 (Nodal Poten-
tialClass). This is a function that we will use when we solve the linear system
of equations (5.22) for the solution unknowns with an iterative method. For the
potential problem, the matrix action is the function LaplacianOnTheSguare with
boundary points masked as necessary, aswe show in Algorithm 68 (Nodal Potential-
Class:MatrixAction).

5.2.1.2 How to Solvethe Linear System

Equations (5.22) plus (5.24) form alinear system of equations that we need to solve
for the @; ;. If the systemissmall enough, we can solve the system by adirect solver
through avariant of Gauss elimination. Unlike the typical second order finite differ-
ence approximation, however, the system of equations represented by (5.22) is not
pentadiagonal, but full. The system is neither diagonally dominant nor symmetric.
Balancing the practical difficulties these properties create is the rapid convergence
property of a spectral method; for smooth source and boundary conditions, the ap-
proximation error will converge much more quickly than the more easily solved
finite difference approximation.

In practice, we will most likely solve the system defined by (5.22) plus (5.24) by
an iterative technique. The topic of iterative solution of linear systems of equations
is, of course, ahuge onein the field of numerical linear agebrathat we cannot fully
survey here. Instead, we will describe representative al gorithms that are appropriate
for spectral collocation approximations and do not require significant amounts of
extra storage.
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Algorithm 67: MaskSdes: Set Boundary Valuesto Zero According to a Mask
Function

Procedure MaskSides

Input: {Uij}ftljifoy {mask;}_

if mask; = truethen
for i =0to N do

| Uio<0
end

end

if mask, =truethen
for j=0to M do
| Unj<0
end

end

if masks = truethen
for i =0to N do
| Ui,M ~0
end

end

if masks = truethen
for j =0to M do
| Uoj <0
end

end
return {Uij}:j]}fo
End Procedure MaskSides

Algorithm 68: Nodal Potential Class: MatrixAction: Collocation Approxima-
tion to the Laplace Operator

Procedure MatrixAction
N.M
Input: {Ui.f}i,j:O
Uses Algorithms:
Algorithm 64 (Nodal Potential Class)
Algorithm 66 (Nodal Potential Class:L aplacianOnTheSquare)
Algorithm 67 (MaskSides)
N < this.spA.N; M < this.spA.M
{actioni,j}ftljtl‘:’lo <« thisLaplacianOnTheSquare({U,-_,-}ft’jfo)
{action,-,j}f\,’jifo <~ MaskSides({action,-,j}fYtho, this. {maske}?_;)
return {action; ;};";%;
End Procedure MatrixAction

5.2.1.3 Direct Solution of the Equations

Direct solution of the system of equations represented by (5.22) is probably the
simplest, particularly if one has an efficient direct solver aready available. In
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Appendix D.1.2, for example, we derive Algorithm 142 (LUFactorization) that
we can use to solve a linear system by LU factorization. Fortunately, the LA-
PACK project [2] has made efficient and portable routines available for use with
Fortran95/77 and C/C++. A Java binding is aso available. There is little reason
to write the direct solver oneself if one uses a programming language for which
LAPACK bindings are available.

The main work on our part is to put the pointwise representation of the system,
(5.22), into the standard matrix system form Ax =y. We will generaize (5.22) at
this point to allow N modesin the x direction and M modesin the y direction. To
re-write the system, we start with the fact that the boundary values (for Dirichlet
boundary conditions) are known. Thus, we shuffle them onto the right hand side of
the equation

N-1 M-1 5

@).x @,y
Y DR+ Y DR i
k=1 k=1

— 2.x (2),x 2.y @,y
_‘givj_DiO @o,j _DiN (DN.,j _DjO ¢i,O_DjM ¢i,M
=RHS,, i=12...N—1 j=12..,N—-1 (5.29)

We must then arrange the two-dimensiona array RHS; ; in the form of a vector
array, {RHS,}._;, where L = (N — 1) x (M — 1).

Itisnatural to storethe matrix A either by rowsor columnsin the grid, depending
on whether a language like C (rows) or Fortran (columns) is used. In either case,
we make a mapping n = index(i, j) between the location on the grid, i, j and the
location in the array, n, which are

0 = index(i. ) = i+(G—-DWN-21 cqum.nW|se/Fortran, (5:30)
j+HGE—-1D(M—-1) rowwise/C.

We form RHS on the grid by Algorithm 69 (CollocationRHSComputation).

The next step isto construct the actual matrix, A, represented by the summations
on the left of (5.29). To get the matrix entries, let us write (5.29) for the nth =
index(i, j) row,

2),x (2),x (2),x
Diy " @1+ D" @2+ + Dyy_yyPN-1,

2), 2),y 2),y
+ Dﬁl) y@i_y]_ + Djz) }¢i,2 +--+ D;'&w},l)@i,M—l = RHS!:

i=12.. N-1 j=12.. M-1 (5.31)

The entry in the mth column of A is the coefficient of the mth value of @, stored
according to the index function. For example, the grid location (1, j) corresponds
to the vector location m = index(1, j). The coefficient of @1 ; inrow i corresponds
to the matrix element Aindex, j).index(1, j)- When we look at (5.31), we see that two
entries of the unknown solution appear in each row where index(i, k) = index(k, j).
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Algorithm 69: CollocationRHSComputation: Right Hand Side Construction
for Direct Solution of the Collocation Equations

Procedur e CollocationRHSComputation
Input: npc// 1 nstance of Nodal Potential Cl ass
Uses Algorithms:
Algorithm 64 (Nodal Potential Class)
N < npc.spA.N
M < npc.spA.-M
L« (N—1)xM-1)
for j=1toM —1do
for i=1toN —1do
n < index(i, j)
RHS, < npc.s; ; — npc.spA.Df‘0 *NpC.®g ; — npc.spA,DiN *NPC.Dy j —
npc.spA.D;.’y0 *NpC.&; o — NPC.SPA. D;’, v % NPC.D;
end
end
return {RHS,}Z_,
End Procedure CollocationRHSComputation

The matrix elements for those include both D@-* and D@-Y values. All other rows
include one or the other of D@-* and D@:Y. When we match terms, we find the
matrix elements of the global collocation matrix

2 .
Aindexi.jy.indexk.jy = Dig " k=12,....N =1 k#i,
2),y 1
Aindexti,j).indecid) = D3 k=1,2.....M—1; k# j, (5.32)
2), 2),y
Aindex(i, ) indexti, j) = D™ + Dﬁ‘j) g

Algorithm 70 (LaplaceCollocationMatrix) implements these formulas.

Clearly, the construction of the matrix requires the storage of its L = (N — 1) x
(M — 1) components. For large grids, this storage can beimpractically large, making
iterative solvers more appropriate. For systems of small size, however, solution by
adirect solver is easy to implement. A performance comparison will wait until we
have described the iterative solution procedure.

5.2.1.4 Iterative Solution of the Equations

Iterative solution is typically preferred for large systems of equations for two rea
sons. First, storage requirements can be significantly less than for a direct solver
since we do not need to store the entire matrix. Instead, we only need the matrix
A through its matrix-vector action on an iterate. We will not need to construct the
matrix explicitly as we did above. Second, a particular application may not require
the solution to be iterated to machine accuracy, which can reduce the cost. For those
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Algorithm 70: LaplaceCollocationMatrix: Matrix Construction for Direct So-
Iution of the Collocation Approximation for the Poisson Problem

Procedure L aplaceCollocationMatrix
Input: npc// | nstance of Nodal Potential d ass
Uses Algorithms:

Algorithm 64 (Nodal Potential Class)

N < npc.spA.N; M < npc.spA.-M
L~ (N-1DxM-1
for m=1toL do
for n=1toL do
| Apm <0
end
end
for j=1toM —1do
fori=1toN —1do
n =index(, j)
for k=1to N —1do
m < index(k, j)
Anm < npc.spA.Di(’zk)’E

end

for k=1toM — 1do

m < index(i, k)

Apm < Anm -+ NPC.SPA. Dﬁ"

end
end

end
return {A,,.m}im:1
End Procedure L aplaceCollocationMatrix

who do not have a background with iterative methods for the solution of linear sys-
tems, we give a quick introduction in Appendix D.2.

Of the many types of iterative solvers, we must choose one that is appropriate
for the system of equations to be solved. The system of equations that the colloca-
tion approximation generates is not symmetric, so many classical iterative methods,
including the Conjugate Gradient method are not appropriate. In this section, we
will use the Bi-CGSTAB algorithm to solve the nonsymmetric system. We list that
algorithm in Appendix D.2.

The goal of the iterative solver is to drive the iteration residua to zero at each
collocation point. For the collocation approximation to the potential problem (5.22),
we make the association Ax <> V,%,q) so that the matrix action applied to a set of
grid point values {U; ; }{Yj=0 istheleft hand side of (5.22)

N N
2 2),
ViU, =Y D Ui+ Y DS Ui (5.33)
k=0 k=0
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Algorithm 71: Residual: Residual for a Polynomial Collocation Approxima-
tion to the Potential Equation on the Square
Procedure Residual
Input: npc;// Nodal Pot enti al Cl ass
Uses Algorithms:
Algorithm 64 (Nodal Potential Class)
Algorithm 66 (LaplacianOnTheSquare)
Algorithm 67 (MaskSides)
Algorithm 140 (BLAS Levell)
N =npc.spA.N ; M =npC.spAM; L < (N +1) x (M + 1)
{r }N*M0 < npc.LaplacianOnSquare(npc. {<1>,- j}f\'f‘_’lo)
i ,—o < BLAS SCAL(L, -1, {ri j}}"; ]_0, 1)
{r,,}” M, < BLAS AXPY(L, 1, npc{s,,}” ML {r,,}” )
{ri. /}, ,—o <« MaskSides({r;, j} npc.{mask; }[.:l)

return {r,,j}i,j=o
End Procedure Residual

lj—O

Theiteration residual for Dirichlet boundary conditionsis therefore
r,-jzsij—Vlz\,U,-j, i,j=1,2,...,N—1 (534)

in the interior of the domain. Along the boundaries, Dirichlet conditions ensure that
the residual vanishes. For Neumann conditions, we will want to include boundary
residuals.

To compute the residual for the polynomial collocation approximation, we use
Algorithm 66 (LaplacianOnSquare) and the source term stored in the collocation
approximation class Algorithm 64 (Nodal Potential Class). Algorithm 71 (Residua)
shows how to compute the residual (5.34) for a collocation approximation to the
potential equation. For efficiency, we use BLAS Level 1 procedures to perform the
basic whole array operations instead of directly using loops. We discuss the BLAS
operations in Appendix C. For Dirichlet conditions, all elements of the mask array
will be set to true.

5.2.1.5 A Finite Difference Preconditioner

Before we describe how to implement the Bi-CGSTAB iteration procedure, we note
that a preconditioner, H, that approximates the matrix, A, is almost aways used to
accelerate convergence. (See Appendix D.2 a short discussion of preconditioning.)
In many waysit is an art to develop suitable preconditioners, and we could use one
of avariety of approximations. We could work directly with the matrix, say by using
the diagonal of the original, asin a Jacobi method. The present context of a spectral
approximation to a PDE allows a different approach. The preconditioner, H, comes
from an alternative, yet easier to solve approximation to the origina differential
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equation. Possibilities include finite difference or finite element approximations to
the original equations. Both have been used as preconditionersfor spectral methods.
Finite difference methods are easy to apply on the square, so we will describe the
finite difference approximation first. We will derive a finite element preconditioner
later in Sect. 5.2.2.3 for the nodal Galerkin approximation that we could use here
just aswell.

The finite difference preconditioner uses a low order and more easily invertible
approximation to the original equations as an approximation to the spectral approx-
imations. Since the collocation points used by the spectral approximation are not
uniform, we must derive afinite difference approximation that takes this nonunifor-
mity into account.

To derive the standard second order (when on a uniform grid) centered approx-
imation to the second derivative, we take the derivative of a quadratic polynomial
through three pointsat x;_1, x;, xj 41, that have spacing Ax; = x; —x;_1. Wewrite
the quadratic polynomial that interpolates a solution « at these points in Lagrange
form as

= Ax; . . “j-1 . . J
xj(Axj+ Axjt1) AxjAxj41

ou (x=—xp)&x —xj41) (x —xj—1)(x —xj+1)u

(x —xj)(x —xj-1)
Axj1(Axj + Axjy1)

The second derivative approximation is therefore

2 2
Uj-1————— Uj
Axj(Axj + Axjy1) AxjAxji
+ 2
Uigq.
Axj1(Axj + Axjy1) al

(Iow)" (xj) =

(5.36)

When the spacing isuniform, (/ou)” (x ;) reducesto the usual second order centered
approximation to the second derivative.

In two space dimensions, we add the second derivative in the y direction to the
finite difference operator to get

(Hppu); j = Ajju; j + Bijui—1j + Cijui j—1+ Ejjuit1,j + Fijui jy1,  (5.37)

where
1 1
Ajj= —2( + )
AxiAxiv1  AyjAyj+
B;ii = 2 Cii = 2 (5.38)
YT Axi(Axi + Axip) Y Ayj(Ayj+ Ayjpa)’ '
2 2
E..

= , Fij= .
Y Axipa(Axi + Axiya) Y Ayjpa(Ayj + Ayjtr)
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The matrix associated with the finite difference operator (5.37) is pentadiagonal,
which is still more complex to invert than we would like. Rather than solve a pen-
tadiagonal system directly, say by LU factorization (Appendix D.1.2), we approxi-
mate it by an incomplete LU factorization (1 LU) approximation, H;,y = LU that
approximates Hrp by the product of alower triangular matrix L and an upper tri-
angular matrix U.The advantage of this product, aswe will see, isthat we can solve
the system with minimal storage and simply by a forward followed by a backward
elimination sweep.

We find the matrix entries for the triangular matrices L and U by matching the
entries of Hy y to Hrp. The individua actions of the lower and upper triangular
matrices are

(Lu)l.’j =ajju; j +bijui—1j +cijui j-1,
N (5.39)
(UU)i’j =ui,j +eijuit1,j+ fijuij+1.

When multiplied together, the action of the lower and upper triangular matricesis
L(Uu), ; = aij (uij + eijuir1j + fijui j+1)
+bij (ui-1,j +ei-1 juij + fim1jui-1,j+1)
+cij (uij—1+ e j—1uiv1j—1+ fij—1ij) - (5.40)

When we gather the coefficients of the u; ;’s and match them to the coefficients of
Hrp (5.37), we get the off-diagonal entries

a=C b=y (5.41)
eij = Eij/aij,  fij = Fij/aij.
The diagonal entry match gives
Aij = aij +bijei—1,j +¢ij fi j-1, (5.42)
which leaves two entries,
bijfi—1,juiv1,j—1+cijei j—1Uit1, j—1 (5.43)

without matching terms in Hrp. To ensure that the approximation has the same
row sum as the original (which often makes a better preconditioner), we add the
additional off-diagonal terms to the diagonal entry

Ajj=aij +bijei_1j+cijfi,j—1+Dbij fi—1,j +cijei j-1. (5.44)
Therefore, the diagonal entry in the lower tri-diagonal matrix, L is

aij = Aij — (bijei—1,j +cij fi,j—1 + bij fi-1,j +cijei j-1) - (5.45)
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With the coefficients matched, we write the actions of the lower and upper tridiago-
nal matrices without most of the intermediate variables as

(iu)l.j =ajjuij + Bijui—1,j + Ciju; j-1,
Fi: (5.46)

Eij J
(Uu) c=uij + 714,'.,.1,./ + a—u,',j_,_l.

ij

ij iy
The diagonal entries, a;;, must be computed recursively, for
BijEi—1; CijFij-1  BijFi-1; CijEij1

ai—1,j aj,j—1 ai—1,j ai,j—1

ajj = Ajj — (5.47)
To get the starting values of g;;, we note that the preconditioned problem requires
the solution of a system
(I:l}l,l)l.)j = Ri,j, (548)
which we break into two stages—a forward and then a backward elimination. If we
call w; j = (UU)i’j, then
(Lw)

= R, j (5.49)

isthe lower triangular problem. Written out, the lower triangular problem is

ajjwi j+Bijwi—1;+Cijw; j_1=R;j, i=12...,N-1 j=12....M—-1

(5.50)
Boundary values of w, namely wq ; and w; o that occur wheni =1and j =1 are
moved to the right hand side of the equation, so to compute a;; we take By ; =0
and C; 1=0. Thus,

a1 = A,
CijF1j-1 CijE1j-1 .
a1 =A1; — - — : , Jj=2,3,....M -1,
T g ayj-1 (5.51)
an = Ay — Dafimia BaFiou o5y g

ai-1,1 ai-11

For al other points, we use (5.47).

It is convenient to encapsul ate the data and proceduresfor the preconditioner into
aclass. At the minimum, this class should store the diagonal coefficients since they
must be computed recursively. We will compromise between storage and execution
speed and compute the off-diagonal coefficients on-the-fly rather than store them
for each point. A prototype class for the preconditioner is shown in Algorithm 72
(FDPreconditioner).

The constructor for the class computes the grid spacing and the diagonal coeffi-
cients, as shown in procedure Construct in Algorithm 73 (FDPreconditioner: Con-
structor). We do not show the procedures to compute the coefficients, A—F, since
they are simply direct applications of (5.38).
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Algorithm 72: FDPreconditioner: A Class for a Finite Difference Precondi-
tioner

Class FDPreconditioner
Data:
N, M,{a,-,j }

Procedures:
Construct(N, M, {x;}/Ly, {y;}}Ly);// Al gorithm 73

AG, j); BG, j); CG, )); EG, j); FG, j); /1 Equation (5.38)
50|Ve({Rij}ij’-A:/Io): /1 Al gorithm 74
End Class FDPreconditioner

N.M N M
i,j=1’ {dxi }i:l B {dyj }j=l

Algorithm 73: FDPreconditioner: Construct: Constructor for the Finite Differ-
ence Preconditioner on the Square

Procedure Construct
Input: N, M, {xi}},, {yj}yzo
this N < N; thisM <~ M
fori=1to N do

| thisdx; < x;i —xi—1
end
for j=1toM do

| thisdy; < y;—yj-1
end
this.a; 1 < this. A(1, 1)
for i=2toN —1do

this.gi 1 < this AG, 1) — this.B(i, 1) xthis E(i — 1, 1) _ this.B(i, 1) x this. F(i — 1, 1)

thisai_11 thisa;_11
end
for j=2toM —1do
thiS.a]_,j <~
this A(L j) — this.C (1, j)_*thisF(l,j -1 B this.C(l,j).*this.E(l,j -1
this.ay j_1 this.ag j_1
for i=2toN —1do
this.a; j <
this A, /) — this. B(i, ])* this.E(i — 1, j) _ this.C(i, ])* this.F(i, j — 1) _
thl&a,»,l’j thIS.a,‘,j,]_
this.B(i, j) xthis. F(i — 1, j) this.C(i, j) *thisE(, j — 1)
thiS.ai_Lj thiSa,',j_l
end

end
End Procedur e Construct

The last main procedure is Solve, which solves the system H;;yz =r. For this,
we use a modification of the LU solver, procedure LUSolve, presented in Algo-
rithm 142 (LUFactorization).

Thefirst stage of theILU solver isthe forward substitution on thelower triangular
part of the system. We have already written the lower triangular matrix problem in
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pointwise form in (5.46). With the boundary conditions By ; =0and C; 1 =0,

w11 = Ri11/a11,
wit = (Ri1 — Bitwi_11) /a1, (5.52)
wy,j = (Rij — C1jwy,j-1) /a1;,
and the interior point values are computed by
wi j = (Ri,j — Bijwi-1,j — Cijwi, j-1) /aij- (5.53)

We make similar arguments to develop the backward substitution for the upper tri-
angular part, (Uu); j = w;, j, namely

UN-IM-1=WN-1M-1,

Ui M—1= Wi M—1 Ei’Mflu LM-1
iM—-1=Wj M-1— i+1,M—1,
aiM-1 (5.54)
FN—l J
UN-1,j =WN-1,j — UN—-1,j+1s
aN-1,j
while theinterior point values are
El“ F
J 12
Ui j =Wij — Uil j — —Uj j+1. (5.55)
Cl,'j aij

Algorithm 74 (FDPreconditioner: Solve) implements (5.52)—(5.55) to solve the pre-
conditioned system, assuming that the coefficients A—F are computed on the fly. It
takes a right hand side array, R, and the coefficients of the diagonal of L com-
puted in Algorithm 73 (FDPreconditioner), and returns the solution to the sys-
tem.

As we will soon see, the effect of preconditioning is significant. Although the
use of preconditioning adds significant complexity to the solution procedure, and
can be avoided for small problems, it should be considered a must to solve large
scale potentia problems.

5.2.1.6 How to Construct the Iter ative Potential Solver

The purpose of the iterative solver is to find the solution {®; J} ] o SO that the it-
eration residual, (5.34) vanishes, or in practice a norm of the resdual is less than
some specified tolerance. As we said earlier, we will use the Bi-CGSTAB solver
that we list in Appendix D.2, since the system of equations is not symmetric. For
our particular implementation, we will write the solver amost completely in terms
of Level 1 BLAS (Appendix C) operations.
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Algorithm 74: FDPreconditioner:Solve: Solver for the ILU Preconditioner
Hipyu=R

Procedure Solve
M

Input: {Rij}f]izo
N =thisN; M =thisM
w11 < R11/thisas 1
for i=2to N —1do
wi1 < (Ri1 —this.B(i, 1) * w;_1,1) /this.a; 1
end
for j=2toM —1do
wy j < (Ryj —this.C(L, j) * w1 j—1) /this.as ;
fori=2toN —1do
| wij < (Rij —thisBG, j) % wi—1,; —this.C(, j) * wi j—1) /thisa; ;
end
end

UN—-1,M—1 < WN-1,M—-1
for i=N—2to1lStep —1do

this. E(i, M — 1)
Uim—1 < Wi M—1— W”HLM—l
end
for j=M —2to1Step —1do
this.F(N — 1, j)
UN-1,j < WN-1j — W”N—Lﬁ—l
for i=N—-2to1lStep —1do
this.E(i, j) this.F (i, j)
Mij Wi = thiS.ai,j ikl thiS.a,',j Hij+1
end
end
return {u,]}leﬂz/Io

End Procedure Solve

We show our implementation of the Bi-CGSTAB method for the polynomial
spectral collocation approximation in Algorithm 75 (Bi-CGSSTABSolve). The in-
put is the maximum number of iterations to be allowed, N;;, and the tolerance TOL
for convergence. It also takes an instance of the spatial approximation, in this case
defined by Algorithm 64 (NodalPotential Class), and an instance of the precondi-
tioner, e.g. Algorithm 72 (FDPreconditioner).

Finally, we need a driver to solve the potential problem. The driver must perform
tasks like compute the source array, construct the spatial approximation, call the
solver, and set the boundary conditions. We present an example driver for the Cheby-
shev collocation approximation in Algorithm 76 (CollocationPotential Driver). We
include calls to a source value function and to an externa routine that sets the
boundary values for Dirichlet conditions that need to be user supplied. We have
the driver initialize the mask array, here initialized for Dirichlet conditions on all
four sides.
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Algorithm 75: BICGSSTABSolve: BiCGStab Iterative Solver for Nodal Spec-
tral Methods

Procedure BiCGSSTABSolve
Input: N;;, TOL
Input: npc;// Nodal Pot enti al G ass i nstance
Input: H ;// Preconditioner instance, e.g. FDPreconditioner
Uses Algorithms:
Algorithm 64 (Nodal Potential Class)
Algorithm 71 (Residual)
Algorithm 74 (Solve)
Algorithm 140 (BLAS Levell)

N < npC.spA.N ; M < npC.spPA.M; L < (N +1) x (M +1)
p<1 a <1 0omega<1

{r}j"ﬂo < Residual (npc)

{7ij} 2y < BLAS COPY(L, {rij} 2, 1, (7))
for k=1, N;; do

lj—O’

'6 A N.M N.M

p < BLAS DOT(L, {7ij ;0. 1, trij}';2. D

B < pa/(ﬁw)

0 - My < BLAS AXPY(L, o, (v}’ 1_0,1 {pij}) 12 D

{pij} Yy < BLAS SCAL(L, beta, {pi}}'; ¥, 1)

i, j= 07
{pij )Yy < BLAS AXPY(L, 1, {rij}i¥0, 1, {pij}Y %0, )
ij) M < H.Solve({pi; %)

{vij};";% < npe.MatrixAction({y;; };;25)

o < p/BLAS DOT(L, {fi,}fVJ:MO, 1, {vi,}{VJzMO, 1)

{sijh'i¥ < BLAS COPY(L, {rij}'i¥. 1. {sij} %0, D
{sij}) ,’-:o < BLAS AXPY(L, —a, {vi;}}' }:o’ 1, {577 jzfo, 1)
{Zij},{?]]’-zo <~ H-Solve({sij}ﬁ’;fo)

{t,»j}ff’]’.fo <~ npc.MatrixAction({zij}yj‘.fo)

w <—

BLAS DOT(L, {t;;})"; il Yo L st 1_0, 1)/BLAS DOT(L, {t,,}l"’]"jo, 1 {1} ]_0, 1)

I"IpC{d?,j}fv]MO < BLAS AXPY(L, a, {yi;} ,J_O,l npc. {cp,,},j ]

npc.{cp,-j}ij’. _o < BLAS AXPY(L, @, {z,]}l ]_0,1 npc. {cpu}”_o, 1)

) 0<—BLAS COPY(L. {sij}} %, 1. frij} ¥ 1

frij} M < BLAS AXPY(L —o. {1}, 1, {r,j}l,j=o, 1)
if BLAS NRM2(L, {ri;}"V:¥ 1) < TOL then Exit

i,j=l 0’
end

return npc

End Procedure BiCGSSTABSolve
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Algorithm 76: CollocationPotential Driver: Driver for a Polynomial Colloca
tion Approximation to the Potential on the Square

Procedure Main
Input: N, M, N;;, TOL
Uses Algorithms:
Algorithm 64 (Nodal Potential Class)
Algorithm 65 (Nodal Potential Class: Construct)
Algorithm 72 (FDPreconditioner)
Algorithm 73 (FDPreconditioner:Construct)
Algorithm 75 (BiCGStabSolve)
Derived Types: Nodal Potential Class: npc, FDPreconditioner: H

npc.Construct(N, M)
for j=0toM do
for i=0to N do
| npc.s;, j < SourceValue(npc.spA.&;, npc.spA.n ;)
end

end

npc. {masky }{_; < {true, true, true, true}

npe.{®;; }f?'fti”o <« SetBoundaryValues(npe. {®;; }ﬁlj’.fo)
H.Construct(N, M, npc.spA. (&1 5, npc.spA.{etaj}j!”:O)
npc < BiCGSabSolve(N;;, TOL, npc, H)

Output results, etc.

End Procedure Main

5.2.1.7 Benchmark Solution

We have so far derived two collocation approximations—Chebyshev and Legen-
dre—and two solvers—direct and iterative. Our benchmark solution compares the
performance of the approximations and solvers. We will solve the simple model
boundary value problem

V20 = gp + @y, = —812C08(2mx) SIN27Y),  (x,) € (=1, 1) x (—1,1),
px,-1)=0, -1=<x<x<1,

¢, y)=8n2ry), —-l<y<l, (5.56)
p(x,1)=0, -—-1l<x=<1,

¢ (=1,y)=sin2ry), —-1l<y<l,

which has the analytical solution ¢ = cos(2x) sin(2ry). We show the Chebyshev
collocation solution for this problemin Fig. 5.1 for N = M = 64. We are interested
in the accuracy and convergence behavior, especially the differences between the
Chebyshev and Legendre approximations. We also need to see how effective the
solvers are for the solution of the linear systems.

We show the logarithm of the maximum errors for the Chebyshev and Legendre
approximations in Table 5.1. We see that the errors decay exponentially fast. Dou-
bling the number of points in each direction causes the error to drop by a factor
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Fig. 5.1 Solution and grid
for the Chebyshev collocation
approximation of the steady
potential in a square with a
sinusoidal heat source

Table5.1 Logarithm of maximum errorsfor collocation approximations to (5.56)

N 8 12 16 20 24
Chebyshev —1.5375 —3.8044 —6.6535 —9.8774 —13.411
Legendre —1.8658 —4.1584 —7.1440 —10.451 —14.020

of approximately one thousand. Finally, we see that the Legendre approximation is
“dlightly” more accurate by about a factor of three.

Next, let’s examine the performance of the direct and iterative solvers. To find the
solutions with the direct solver, we used Algorithms 69 (Coll ocationRHSComputa-
tion) and 70 (LaplaceCollocationMatrix) to set up the matrix system. We then used
Algorithm 142 (L UFactorization) to solve the system. For comparison, we al so used
the LAPACK routine DGETRF to perform the LU decomposition on the matrix and
its companion DGETRSto solve the system. To solve the system iteratively, we used
Algorithm 75 (BiCGSSTABSolve) with the BLAS routines of 140 (BLAS Levell).

We show the performance of the Bi-CGSTAB iterative solver in Fig. 5.2, which
plots the logarithm of the norm

(5.57)

for the Chebyshev collocation approximation with N = 72 and an initial iterate
@ = 0. Figure 5.2 clearly shows the need to precondition. The preconditioned iter-
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Fig. 5.2 lteration 10
convergence of the
Bi-CGSTAB iterative solver
for the Chebyshev collocation
approximation to the steady
potential in a square with a
sourcewhen N =72

—— FD Preconditioner
-------- No Preconditioner B

Logw( Iteration Residual)

-15 ] ] ] ]
0 20 40 60 80 100
Iteration
Table5.2 Number of
iterations for the Bi-CGSTAB N 8 16 32 64 72
solver with finite difference
preconditioning Chebyshev 12 18 24 36 39
Legendre 13 17 24 34 39

Table5.3 Storage
requirements (MB) for the N 8 16 32 64
direct and iterative solvers

Direct 0.02 0.41 74 126.1
Iterative 0.004 0.014 0.052 0.2

ation converges to near machine precision in only 39 iterations. Since the condition
number of the system increases with the size of the matrix, the number of iterations
increases with the size. Table 5.2 shows the number of iterations as afunction of N
for both the Chebyshev and Legendre approximations.

Ultimately, we make the decision to use a direct or an iterative solver on the
memory and CPU time usage of each. Memory considerations give the advantage to
theiterative solvers. Table 5.3 shows the actual number of megabytes needed for the
direct and iterative solvers when we used double precision arithmetic. The memory
needs of the direct solver grow as N4. For the iterative solver, we traded some stor-
age in return for some increased computation time by only storing the diagonal of
thefinite difference preconditioner. Even with additional storage for the off-diagonal
terms, the memory requirements for the iterative solver grow only as N2. It is clear
that the storage requirements of the direct solver become prohibitive as the system
gets larger.
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Table5.4 CPU time (s) for the direct and BiCGStab solvers

N Algorithm 142 Algorithm 142 LAPACK LAPACK BiCGStab
(Decomposition) (Solve) (Decomposition) (Solve)

16 0.01 0 0 0 0.002

24 0.16 0.0007 0.04 0 0.004

48 30.0 0.05 173 0.02 0.026

64 203 0.14 9.83 0.09 0.064

72 421 0.3 20.1 0.15 0.09

CPU comparisons of the direct vs. preconditioned iterative solvers also favor
the iterative solution of the equations. Table 5.4 shows timings for the LU de-
composition and solve for the direct solvers, along with the time to converge the
iterative solver. The first thing that we notice is that we should use the LAPACK
routines to solve the system, not our Algorithm 142 (LUFactorization). The com-
parison is not totally fair, however, since the LAPACK computations used a vendor
supplied optimized version of LAPACK that automatically ran in parallel on eight
CPU cores. But even if we account for afactor of eight, the LAPACK routines are
still significantly better. If we add the decomposition and solve time, the (parallel)
direct solver is more efficient than the iterative solver only for N < 24. However,
if the decomposition needs only to be done once, such as part of a time depen-
dent problem (seg, e.g., Sect. 5.3) then we may be able to amortize the cost of the
factorization. At N = 24, for instance, it becomes less expensive to use the direct
solver if the same system is solved more than six times. At N > 48, however, the
direct solver is never more efficient. Our conclusion that the iterative solution is the
better choice is strengthened by the fact that the iterative solver used Algorithm 75
(BiCGSSTABSolve) and the unoptimized BLAS routines based on Algorithm 140
(BLAS Levell) and Algorithm 19 (MxV Derivative) rather than one of the faster
alternatives.

5.2.2 The Nodal Galerkin Approximation

Recall that the Galerkin approximation uses an aternative set of constraints to find
the degrees of freedom. It starts from a weak form of the equation to determine
the unknowns that define the polynomial, @, that approximates the potential, ¢.
To get the weak form, we multiply the equation by a smooth function ¢ (x, y) that
satisfies the boundary conditions, multiply by the weight function appropriate to the
polynomial in which we expand the solution, and integrate over the domain

1 1
/ / (s — Vz(p)¢ (x, y)w(x, y)dxdy =0. (5.58)
—1J-1

We then apply Green'sidentity to re-write (5.58).
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For smooth enough functions u and v Green’sfirst identity is

1,1 1,1
/ f vWVoudxdy = / vVu -ndS — / / Vu - Vvdxdy. (5.59)
1)1 5 —1J-1

Here, 9 represents the boundary of the square, n represents the outward facing nor-
mal, and d S is the associated surface differential. To ssimplify the use of Green's
identity, it is convenient to choose an approximation for which the weight func-
tion w = 1. This implies that we want to use a Legendre approximation. We see
that the presence of the weight function in (5.58) highlights a difference between
the Legendre or the Chebyshev approximation that we don’'t see in the collocation
approximation. In the Legendre approximation, the weight function is unity. For
Chebyshev approximations, w(x, y) = 1//(1 — x2)(1 — y2).
If we use the Legendre weight, we get the weak form of the potential equation

1,1 1 1
/¢V(p . ﬁdS—/ / V¢ - Vodxdy :/ / spdxdy (5.60)
P 1) —1J1

when we apply (5.59) to (5.58). Since ¢ satisfies the boundary conditions, ¢ =0
along the boundary, and the boundary integral in (5.60) vanishes, leaving the final
form of the equation

1 rl 1 r1
—/ f V¢ - Vedxdy = / / spdxdy. (5.61)
-1J-1 -1J-1

As before, to get the Galerkin approximation, we replace ¢ by its polynomial ap-
proximation @, the source s by its polynomial approximation, S, and take ¢ to be
any polynomial of the same degree as @ that satisfies the boundary conditions. Then
the Galerkin approximation for the potential problem on the squareis

0p 0P ¢ 0D
dxdy = Sdxd 5.62
//{axaxaya} //¢xy (562
The Galerkin approximation is not limited to constant coefficient problems. To
approximate the variable coefficient problem

V.(WwVp)=s (5.63)

that we aready considered in (5.25), we simply change the weak form (5.61) to

1 1 1 r1
—/ / V¢ - (We)dxdy = f / sodxdy. (5.64)
—1J-1 -1J-1

We compl ete the approximation when we find the system of equations that the
degrees of freedom satisfy. Since we are deriving the nodal Galerkin approximation,
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we write @ in nodal form
N
®(x.y) =Y B ili(0)L;(). (5.65)
i,j=0

The boundary conditions tell us that @; ; = 0 along the boundaries so there are a
total of (N — 1)2 degrees of freedom to determine. To find the equations, we use the
fact that ¢ is now any polynomial of the same degree as the solution that satisfies
the boundary conditions. Therefore we can write ¢ aso in the nodal form

N
¢, y)= D ¢ijli()L; () (5.66)
i,j=0

for any nodal values ¢; ;,i,j =1,2,..., N — 1 with ¢; ; = 0 on the boundaries.
When we substitute for ¢ in (5.62) and rearrange,

0¢; 8@ ;0P
_Zd’z]{f / [ (Y) +¢ (x )_@]d}“{y}

i,j=1

- Zcﬁl,{ f / G0 (y)dedy} (5.67)

i,j=1

Sincethe ¢; ; are arbitrary and hence linearly independent, the coefficients of each
must match, which gives usthe (N — 1)2 equations

//[e M2y <x>%a—}dxdy

:/ / Li(x)e;(y)Sdxdy, i,j=1,2,...,N—1 (5.68)
1)

To get equations for the unknown grid point values, @; ;, wereplace @ in (5.68)
with (5.65) and change the independent indices

/ / {e e (x)( > Dumlm ()L, (x)) dxdy}

n,m=0

/ f [4 x) ¢ (y)( > Dyl () b (x)) dxdy]

n,m=0

1 1
:/ / L (x)€; (y)Sdxdy, i,j=12,...,N—-1 (5.69)
-1J-1
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We then swap the orders of the summations and integrals, and gather the coefficients
of the unknowns

N 1 1
=3 G { [/ 15;,(x>e;(x)em(yw,-(y)dxdy}

n,m=0

N 1 p1
- > Bum [ / . f lz,-(x)@(x)z;-(y)e;,,(y)dxdy}

n,m=0
1 1

=/ / ;i (x)€; (y) Sdxdy, i,j=1,2,...,N—1 (5.70)
-1/-1

Equation (5.70) plus the boundary values defines a linear system for the interior
values of the @; ; with coefficients given by the integrals within the square brackets.

Although we could try to evaluate the integrals to derive the coefficients exactly,
we are developing a nodal Galerkin approximation with a quadrature approxima-
tion of the integrals. We will therefore replace the integrals with Gauss-Lobatto
guadratures. Quadrature simplifies the computation of the coefficients, retains spec-
tral accuracy, easily extends to variable coefficient problems like (5.64), and will
be used as the foundation of the spectral element method. With the quadrature ap-
proximation, the discrete orthogonality (Sect. 1.11) of the Lagrange interpolating
polynomials causes the integral over the source term to reduce to

1,1 N
/ 1 / L ) Sdxdy > 3wty () € () SC )
Y n,m=0

= wiij(x,', yj). (5.71)

We also find the coefficients on the left of (5.70) by replacing the integrals with
quadrature. For the first term on the left, we have the approximation

1 1
/ 1 / L) ()dxdy

1 1
= (/1Zn1(y)ﬁj(y)dy> (/lZZ(X)KZ(X)dx>

N
~ (87mwm) (Ze; (xk)z;(xk)wk> . (5.72)

k=0

Asbefore (e.g. Sect. 3.5.2), let us call

DY =, (xp) (5.73)
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and define the symmetric matrix

in ni

Therefore, we approximate the first term in (5.70) by

Z cpnm[/ / €0 (X) ()€ (y)dxdy NZ@Jw(”G(’”. (5.75)

n,m=0

Similarly, we approximate the second term on the | eft of (5.70) by

T N
Z P m [ / / @) () ()8, (dxdy |~ 0wV G (5.76)

n,m=0

When we put the two together, we have the nodal Galerkin approximation

{Zw(V)G(X)fpk +wGYo; }—w s, ij=12....N-1

k=0
(5.77)

We will represent the quantity on the left by (V2, ¢;£,) .

Equation (5.77) looks much like the collocation approximation, (5.22), with one
important difference. In the collocation approximation the coefficient matrix is not
symmetric, whereas the Galerkin coefficient matrix, G, clearly is. The symmetry al-
lows us to use the popular and efficient Conjugate Gradient method (Appendix D.2)
to solve the system iteratively. To maintain this symmetry, we do not divide the sys-
tem by the coefficients of the mass matrix (which is clearly diagonal) represented
by the product w, (x) ;y ) aswedidin the approximation of the time dependent one-
dimensional problem in (4.122).

5.2.2.1 How to Implement the Nodal Galerkin Approximation

We have aready developed the machinery we need to implement the approximation
to the Laplace operator; we only need to modify existing algorithms. To implement
the nodal Galerkin method, we reuse the nodal approximation class Algorithm 64
(Nodal Potential Class). We have to change the constructor, the Laplace operator ap-
proximation and the driver. The new implementations are:

e Create a nodal Galerkin constructor. To change the constructor, Algorithm 65
(Nodal Potential Class:Construct), we note that the second derivative matrices in
the Nodal 2D Storage structure must now store the matrices G defined by (5.74)
and computed by Algorithm 57 (CGDerivativeMatrix). The quadrature weights
and nodes must be computed by Algorithm 25 (L egendreGaussL obattoNodes-
AndWeights).
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Algorithm 77: LaplacianOnTheSquare: Nodal Galerkin Approximation to the
Laplace Operator

Procedure LaplacianOnTheSquare
N

Input: {1,/
Uses Algorithms:
Algorithm 19 (MxV Derivative)
N <« this.spA.N; M < this.spA.M
for j=0to M do
{Uxxij |y < MxVDerivative(this.spA. {D;; DN v U}
for i=0to N do
| Uxxij < thisspA.w;.") * Uxx;j
end
end
for i =0to N do
‘ {Uyy,-j};.w o < MxVDerivative(this.spA. {D(z) ny e {U,vj}jio)
end
for j=0to M do
for i=0to N do

| (V2U,€:8;), < —Uxxij — thisspAw® x Uyy;
end
end
return {(V2U, 6i¢) )02
End Procedure LaplacianOnTheSquare

e Replace the algorithm to approximate the Laplacian. We also need to replace Al-
gorithm 66 (LaplacianOnTheSquare), to implement the nodal Galerkin approx-
imation. We show the nodal Galerkin version in Algorithm 77 (Nodal Galerkin-
Laplacian). Don’'t forget that those second derivative arrays now store the matri-
ces G that we definein (5.74).

e Modify the source term to compute the residual. The residua for the noda
Galerkin approximation is

r,J_s,Jw(x)w +Zw(‘)G(x)<D +w(X)G())q)

= sjjw M wl — (V20 4it) . (5.79)

We see, then, that we can reuse Algorithms 71 (Residual) and 68 (Nodal Poten-
tialClass:MatrixAction) if we store the quantity s;; w;x) ) in the space that we
alotted for the source termsin Algorithm 64 (Nodal Potential Class). So to solve
the nodal Galerkin approximation iteratively, we modify the driver Algorithm 76
(CollocationPotential Driver) to store the modified source term.
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Thus we see that although the derivation is quite different, the implementation of
the nodal Galerkin approximation is virtually identical to the collocation approxi-
mation. From a programming point of view, then, there is no reason to prefer collo-
cation over this approximation to solve the Poisson eguation on the sguare.

5.2.2.2 Direct Solution of the Equations

Given the practical similarity of the nodal Galerkin method to the collocation ap-
proximation, it should be no surprise that we can solve the system directly with
only simple modifications to Algorithms 69 (CollocationRHSComputation) and 70
(LaplaceCollocationMatrix). To compute the right hand side, we must account for
the weight functions and replace the derivative matrices. Thus, we must replace
(5.29) by

=
-

— M-1
) ~(x) () ~()
w; G Pr,j + E w; ijq),»’k
1 k=1

w.
Il

@), (¥) ) ~(x) ) ~x)
=w,” w;sij —w; Go Do — w; GNP,

—wV G P o — w G di
=RHS;, i=12...N-Lj=12...M-1 (579

which we implement by modifying Algorithm 69 (CollocationRHSComputation).
Similarly, we replace the matrix elementsin (5.32) by

Ani,jymk,j) = w;y)Gl(z), k=12,...,N—1, k#i,
An(i,j),m(i,k) = u}i(x)G;);(), k = 1, 2, ey M — 1; k 75 j, (580)

Antijyamtiogy = w5 G +wfP G
With these equations, we modify Algorithm 70 (LaplaceCollocationMatrix) to rep-
resent the nodal Galerkin approximation.

Nevertheless, our tests of the direct solver for the coll ocation approximation lead
us to expect that the direct solution of the system will not be competitive with an
iterative solver except for small systems.

5.2.2.3 Iterative Solution of the Equations

The symmetry of the Galerkin approximation enables us to use the popular Con-
jugate Gradient method (Appendix D.2) to solve the system of equations (5.77)
iteratively. Aswith the collocation approximation, it is usually necessary to precon-
dition the system. We will therefore derive a preconditioner before we implement
the solver.
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5.2.2.4 A Finite Element Preconditioner

As is typica of spectral approximations, the system of equations represented by
(5.77) needs to be preconditioned for an iterative technique to be most effective. For
the Conjugate Gradient method, the preconditioner must be a symmetric approxima:
tion to the matrix. Because of the non-uniform grid generated by the Gauss-L obatto
points, the finite difference preconditioner that we developed for the collocation ap-
proximation is not symmetric, and hence we should not use it with the Conjugate
Gradient method.

A finite element preconditioner, starting from the same Galerkin weak form that
we used to derive the spectral approximation, can satisfy the symmetry require-
ments. To derive the finite element approximation, we approximate the solution by
local bi-linear interpolants that we form on quadrilateral elements whose four cor-
ners are grid points, as we show in Fig. 5.3.

To derive thefinite element approximation, it is convenient to map the rectangular
element to the unit square by the (affine) transformation

X =x; + Ax;§,
(5.81)
y=yi+Ayjn,

where Ax = x;41 — x; and Ay = yj41 — y;. (A more general discussion of map-
pings and their effect on the approximations is the topic of the next chapter.) In
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Uit 1yi+1
1 Uita,5,
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Fig. 5.3 Linear finite element approximation on a quadrilateral element created from four points
on the grid

(1,1)
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terms of the mapped coordinates, we approximate a function, U, by the bi-linear
interpolant on the element

UE,n) =U; jvoo+ U110+ Uist jrav11 + Ui jr1vo1
1
= Z Uitk j+1Vk.1, (5.82)
k,1=0

where U; ; isthe value of the function at the point (i, j) and the basis functions are
the bi-linear functions that vanish at all corners but one:

Yoo=1A-8)1—-mn),

Vi0=£§1—n),
Lo (5.83)
Y11=24&n,
Yo1=(1-&n.
We will write these four basis functions in a compact, although cryptic, form
Vi€ m = (L—k—(=D"€)(1—1- (=D'n). (5:84)

We make the finite element preconditioner approximate the spectral operator by
having it approximate the same equation, (5.61). Since we will soon make a change
of variablesto (&, n), let us rename the gradient operator in the origina (x, y) vari-
ables to be V.. Then the contribution from each element to the stiffness integral on
theleftis

Yi+l fXi+l 1,1
/ / VU -Vyyrdxdy = Ax; Ay; / / V.U - Vydédn, (5.85)
yj Xi 0 Jo

or, when we substitute for U from (5.82),

1 1,1
ZUiHc,j—H{AxiA}’j/O /(; Vx‘pk,l'vxl,bn,mdgdn}v n,m=0,1 (5.86)

k,1=0

We represent this sum as a local stiffness matrix multiplication of the grid point
values of U

SR

% s s S8 | v 87
s S g || Vi | |
s s osit sl H

where

1 p1
S/?lm = _AxiijA /(; vxwk,l . Van,md%-dn- (588)
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(Note that the matrix is symmetric by virtue of the product in the integrand.) To
be consistent with standard matrix notation, we write the local stiffness matrix with
entries Sy, = S withp=n+2m +landg =k + 2/ + 1.

The gradients in the integrands transform easily under the affine transformation,
specifically

W 98 . Owaon, 1 W, 1 0

wak,l:¥87 87’] ayy— Ax 85 X+A—yWy, (589)
where
%‘” = (D1 —1— (=D'n),
, (5.90)
aw:l = —(=D'(1—k — (-D¢).

We show how to compute the components of the gradient in the procedure Psi_Xi
and Psi_Etain Algorithm 78 (ApproximateFEM Stencil).

Rather than evaluate the integralsin (5.88) exactly, Canuto et al. [7] report that a
linear approximation to the integrands yields a better preconditioner for the spectral
Galerkin approximation. Therefore, we will approximate the integrands

1 al/fk,l 8Kﬁn,m + i al/fk,l a‘/fn,m

mmE =V -V =——
8kl &, n xl;[/k,l an,m Ax2 JE JE Ay2 an an

(5.91)

with abilinear function

g mM=0-8€A-ng0,0+51-ngl0+&ng1, 1)+ (1—&)ng(0,1).
(5.92)
We easily evaluate the integral of the bilinear approximation

1 pr1
1
[ [ st ceondedn = (62 @0+ i (1.0 + "1, ) + (0. 2)
(5.93)
and find that it is simply the average of the values at the four corners. Thus, thelocal
stiffness matrix entries for the approximate finite element preconditioner are

Snm _ Ax,' ij
kl 4

(i"(0,0) + &1/" (1, 0) + £1" (1, 1) + ;1" (0, 1)) . (5.94)

To compute the local stiffness matrix we use the procedure Local SiffnessMatrix in
Algorithm 78 (ApproximateFEM Stencil).

We now have to sum the contributions from each element to compute the global
stiffness matrix. Stiffness summation isaprocedure that is standard in finite element
texts, and is applicable to unstructured and structured grids. However, since the grid
here is regular, the approximation is local, and since we have already derived a
useful finite difference solver, we will compute the stiffness summation explicitly to
derive alocal stencil, much like the finite difference stencil in (5.37).
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Algorithm 78: ApproximateFEMSencil: Computing the Approximate Finite
Element Stencil on the Square

Procedur e Sencil Coefficients

L N M
Input: 7, j, {xk i _o. {3 }5=0
for m=0to1do

for n=0to1do
p<n+2m+1

.4
{pskl}k = LocalStiffnessMatrix(x; 41 = Xi—ns Y j—n+1 = Yj—n)
end
end
for m=0to1do
for n=0to1do
p<n+2n+1
for k=-nto—n+1do
for [=-mto—m+1do
| Cu <~ Cu+P8y
end

end
end

end

1
return {Ck] }k,l=—l
End Procedure Sencil Coefficients

Procedure Local StiffnessMatrix
Input: Ax, Ay
for m=0to1do
for n=0to1do
g<n+2xm+1
for /I=0toldo
for k=0to1do
p<k+2xi4+1
t<0
for s=0to1do
for r=0to1ldo
t <t +Psi_Xi(k, 1, s)* PS_Xi(n, m, s)/Ax? + Psi_Eta(k, [, r) =
Psi_Eta(n,m,r)/Ay2 /] Rl
end
end

Sp.q <« AxAy xt/4

end

end
end

end
4
return {Skl}k,l:l
End Procedure Local StiffnessMatrix

Procedure Psi_Xi
Input: k,7l,n
Ykl k !
e =D (11— (-2'n)
return 9v/0&; ()

End Procedure Psi_Xi

Procedure Psi_Eta
Input: k,1,&

% (-l (1—k - (—1)"5)

return ov,/9&; ()
End Procedure Psi_FEta
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The contribution to a point (i, j) comes from the four finite elements around it,
EbJ, Ei-LJ ) Ei-Li-1 0 EiLi=1 and corresponds to the basis function in each ele-
ment that is non-zero at the point (i, j). To distinguish between the local stiffness
matrices between the four elements, we'll add a superscript to them. The contribu-
tionsto the stencil are

101 1 0

00 i~1,/) ¢10
ZZ CDSPU i jrr+ Y Y TEISGQ Ui j
[=0 k=0

=0 k=—1
0 1
+ Z Z LIS Uik + ) Y WIS U
I=—1k=—1 I=—1k=0
1 1
= Z Z C;S’j)Ui+k,j+l~ (5.95)

|=—1k=-1
We collapse the four sums on the left of (5.95) to get

1 —m+1-n+1

1 1
ZZ Z Z (i—n,j— m)Sk+n 1em Uik, j+l = Z Z lel;j)Ui-i-k,,/-i-ly

m=0n=0I1l=—m k=—n I=—1k=-1
(5.96)

which defines the stencil coefficients C,E’l’f ) for the grid point (i, j). For the full lin-
ear finite element approximation, this represents a nine-point stencil. The approxi-
mate finite element method is only afive point stencil, since the coefficients turn out
to be zero at the four corner points.

We compute the stencil coefficients from the four matrices S, that correspond
to the four values of n and m. We will store those as a four dimensional array of
4 x 4 matrices and denote these arrays by PS‘M where, asbefore, p =n +2m + 1,
but because the subscripts have changed, ¢ = (k + n) + 2(I + m) + 1. The proce-
dure Sencil Coefficientsin Algorithm 78 (A pproximateFEM Stencil) implementsthe
construction of the stencil coefficients.

Finally, we discuss how to solve the preconditioned system. As we describe in
Appendix D.2, the preconditioned Conjugate Gradient method performs a system
solve of the form Hz = r during each iteration. As always, there are tradeoffs to
consider between computational time and storage costs. The solution of the system,
which is pentadiagonal, is standard in finite element texts. In roughly reverse order
of the amount of extra storage required, a direct solution of the system without
taking into account the sparsity of the matrix requires a large amount of memory
and is computationally very expensive. Banded direct solvers are possible. We can
use approximations to these solvers, like the ILU solver that we implemented in
Sect. 5.2.1.4 in the context of the finite difference preconditioner. Finally, we can
use an iterative solver for the preconditioner (with it's own preconditioner, for the
Cat in the Hat fans.)
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We can equally apply the ILU solution of the preconditioned system described in
Algorithm 74 (Solve) to the approximate finite element preconditioner on the grid.
We need only make the correspondence between the coefficients A—F in the finite
difference approximation and the coefficients C in the finite element approximation,
A = Cqp, €tc., and make the appropriate changes.

An alternative to the ILU solver for the preconditioner’s pentadiagonal system
that can turn out to be almost asfast, yet requiresless coding, isto use asingle sweep
of the symmetric successive overrelaxation method (SSOR) as an approximation to
the solution of the preconditioner. Of course, we could use the SSOR to solve the
system exactly by iterating to convergence. Thiswould minimize the number of iter-
ations of the (outer) Conjugate Gradient solver, at the price of substantial increased
CPU time per iteration. Using asingle sweep of the SSOR will increase the number
of iterations in the outer solver, but the single sweep isfast. If we do not iterate the
preconditioner to convergence, we must use SSOR rather than the SOR since the
preconditioner must be symmetric overall. We must also carefully choose a value
for the accel eration parameter in theinterval [1, 2) that gives fastest convergence—a
definite disadvantage of using SSOR to solve the preconditioner. On the plus side,
the iterative solver is widely applicable, can be used for preconditioners that have
other than pentadiagonal matrices, and is easy to code. The SSOR iteration consists
of two loops, one running forward through the grid, and the other backwards. For
reference, we show the SSOR sweep in Algorithm 79 (SSORSweep). We can ei-
ther compute the stencil coefficients C on the fly or once during the construction of
the iterative solver and save them. Finally, we note that we could just as well have
used the SSOR solver with the finite difference preconditioner for the collocation
equationsinstead of the ILU solver.

5.2.2.5 Construction of the PCG Solver

Finally, we implement the Conjugate Gradient solver of Appendix D.2 using the
BLAS-1 agorithms of Appendix C to solve the nodal Galerkin approximation. We
show this modification in Algorithm 80 (ConjugateGradientSolve). The algorithm
takes an instance of a Nodal Potential Class, Algorithm 64, constructed as we have
described above to represent a nodal Galerkin approximation. The solver also takes
an instance of a preconditioner, which we model after the finite difference precon-
ditioner of Algorithms 72 (FDPreconditioner)—74 (Solve). We represent the solver
for the preconditioner as the ILU preconditioner of Algorithm 74 (Solve), which
we must modify to compute the approximate finite element method shown in Al-
gorithm 78 (ApproximateFEM Stencil). We could swap the preconditioner’s solver
with the SSOR solver of Algorithm 79 (SSORSweep). We make a tradeoff between
storage and computation cost by deciding to store or not to store the stencil co-
efficients when we modify Algorithm 72 (FDPreconditioner). Finally, al our com-
mentsin the discussion of the BiCGStab algorithm about boundary conditions apply
equally to Algorithm 80 (ConjugateGradientSolve).
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Algorithm 79: SSORSweep: SSOR Sweep for the Finite Element Precondi-
tioner

Procedure SSORSweep
X N,M
Input: {ri.; }; 2o,
for j =0to M do
for i =0to N do
| Zi,j <0
end

w

end
for j=1toM —1do
fori=1toN —1do
s=0
for k=—1to1ldo
forl=—-1toldo
| s s+ Cf * itk ju
end

end

2ij < zij +wx (i —5)/Cao
end
end
for j=M —1tolstep —1do
fori=N—1tolstep —1do
s <0
for k=—1toldo
forl=—1toldo

| s <5+ Cpf % Zigk, j4i
end

end

ij
Zij < 2i,j to*(rij —5)/Cq

end

end

return {z,-,j}f?’]ifo

End Procedure SSORSweep

5.2.2.6 Benchmark Solution

We reconsider the boundary value problem (5.56) to benchmark the performance of
the nodal Galerkin approximation with a preconditioned Conjugate Gradient solver.
As before, we are interested in the accuracy of the approximation and the effec-
tiveness of the solver and preconditioners. The issues with the direct solver have
not changed, except that we could reduce the storage by half by using a Cholesky
factorization of the matrix. Therefore, we will only discuss the performance of the
iterative solver.

We show the maximum errors of the nodal Galerkin solution as a function of
N = M in Table 5.5. These errors correspond to those of the collocation approxi-
mation shown in Table 5.1. Again, we see that the error decays exponentially fast.
(The differences between successive entries for the logarithm of the error are ap-
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Algorithm 80: PreconditionedConjugateGradientSolve: Conjugate Gradient
Iterative Solver for Nodal Spectral Methods

Procedur e PreconditionedConjugateGradientSolve
Input: N;;, TOL
Input:
npc// Nodal Potential C ass instance
H [/ AFEMPreconditioner instance
Uses Algorithms:
Algorithm 77 (Noda Gal erkinL aplacian)
Algorithm 74 (Solve- modified for AFEM)
Algorithm 140 (BLAS Levell)

N < npC.spA.N ; M < npC.spPA.M; L < (N +1) x (M +1)

{ri. j}fjfo < Residual (npc)

{z, ,»},N,*’fo — H.Solve({ri j};;20)

{v,,}” My < BLAS COPY(L (il fe O,1 {vi ;1Y s M1

¢ < BLAS DOT(L, {r;,j}; j:O’ 1, {z1,5};; j;o, 1)

for k=1, N;; do

{Zi,j}ff’j‘-fo = npc.MaIrixAction({v,-,j}f’vjfo)

® < ¢/BLAS DOT(L, {vi ;}}' 2, 1, {z, j},’VjMO, 1)

npc.{®;. ,}N]MO <« BLAS AXPY(L, w, {v,,}” Mo Lonpc.{@; 1 = M1
{ri, ]}, = 0 <~ BLAS AXPY(L —w, {Zt,j}i_j:(y 1, {rz,j}i’j:()a 1
if BLAS NRM2(L, {r;, ;}1"; ]_0, 1) < TOL then Exit

{Zi,j},"_,‘:o <~ H.Solve({r,,] }i,j:O)

d < BLAS DOT(L, {ri ;}';¥, 1, {zij}fvj*Mo,

{vlj}lj —o < BLAS SCAL(L,d/c, {Ull}zj —o 1)

{v,,}” M, < BLAS AXPY(L, 1.0, {z,,}” M1, {v,,}” )

c<d

end
return npc
End Procedur e PreconditionedConjugateGradientSolve

Table5.5 Logarithm of
maximum errors for nodal
Galerkin method to (5.56)

8 12 16 20 24

Logyg(Errory —-1.87 —-4.16 —-7.14 -1045 -140

proximately equal.) Doubling the number of points decreases the error by about a
factor of one thousand. We see also that the nodal Galerkin approximation has the
same errors as the Legendre collocation approximation, and hence is till slightly
better than the Chebyshev method.

We next examine the performance of the iterative solver. Table 5.6 shows the
number of iterations and the CPU time for the ILU, SSOR solver, and without pre-
conditioning. For the SSOR solver, we experimented with the parameter w € [1, 2)
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Table5.6 Performance

comparison for N ILU SSOR None

preconditioned conjugate Iterations Time Iterations Time Iterations Time

gradient solution of the nodal

Galerkin approximation 16 30 0.001 34 0001 57 0.001
24 36 0.002 39 0.003 107 0.005
48 48 0.017 49 0.020 303 0.084
64 55 0.041 59 0.048 465 0.280
72 58 0.057 63 0.068

to get the best performance. One thing we notice is that the Conjugate Gradient
method converges without preconditioning much better than does the BiCGStab
method applied to the collocation approximation. The second is that for small sys-
temswith N < 16t is possible not to use preconditioning at all. However, for larger
values of N upto N = 72 the preconditioned iteration takes up to a factor of seven
less time than the Conjugate Gradient method alone. We see little difference be-
tween the time to converge using the ILU and SSOR solvers for the preconditioner.
Finally, it is worth comparing the efficiency of the nodal Galerkin method with
collocation. As we have seen, the errors for this test problem are comparable to the
Legendre collocation method. The number of iterationsis larger with the Conjugate
Gradient solver, but for larger N, the nodal Galerkin method takes less time.

5.3 Approximation of Time Dependent Advection-Diffusion

The transport of the concentration of a substance such as a pollutant in ariver by a
velocity field g = ux + vy isdescribed by an advection-diffusion equation

1% 2
—+q-Vo=vV, (x,y)e(=11) x (=11,
5, Ta-Ve ¢ y 597

§0(x7ys0)=§00(x’)’), (x,y)e[—l,l]x[—l,l].

The addition of appropriate boundary conditions on al four sides of the square
domain completes the description of the problem.

In this section we derive both the collocation and nodal Galerkin approximations
to the advection-diffusion equation. Each is straightforward to apply on the square.
In both cases, our derivations will re-use and build on the work that we completed
in Sects. 5.2.1 and 5.2.2, where we developed the approximations to the diffusion
operator.

5.3.1 The Collocation Approximation

We first derive the collocation approximation. Since we have already approximated
the diffusion term in Sect. 5.2.1, we concentrate on the transport term, g - Vo, for
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constant velocity q. We approximate that by differentiating the interpolant of the
approximate solution

N N
q-Vo~q VO =udy +v&y =1 Y Pyl ()n(y) + Y Py mln(x)L),(y).
n,m n,m

(5.98)
We then evaluate the approximation at the collocation points, where it simplifiesto

N N
Q-V®ij=uY Dumly(x) +v Y ol (y))
n m

—MZD )¢,1]+UZD(”¢,,,, (5.99)

Therefore, the collocation approximation to the advection-diffusion equation for
Dirichlet boundary conditionsis

do; .
d;’f =vVad; —q-Vy®;ij, i,j=12,...,N, (5.100)
where
q-Vy®; j_uZD(x)cbn,+vZD§:2¢,m (5.101)
n=0
and
V2o ,,_ZD@)% +ZD(2)}Q>1/<, (5.102)

which we repeat from (5.22)—5.23).

5.3.2 The Nodal Galerkin Approximation

We follow the now familiar stepsto derive the Galerkin approximation of the trans-
port term. We write aweak form of the advection term

1 1
q-Vo.¢) = / 1 / a-Vpdrdy. (5.103)

replace the solution ¢ by its approximation @, and replace ¢ by an arbitrary poly-
nomial of the same degree as @ that vanishes on the boundaries. We then use the
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fact that the nodal values of ¢ are arbitrary and linearly dependent to get the approx-
imation of the advection term

(q-Vo,¢it)) / / q- VoL (x)e;(y)dxdy. (5.104)

When we substitute the L agrange representation of the approximate solution, (5.98),
and rearrange, we get

1 1
(q Vo, U; E =u Z D, |:/1/lﬂ;z(x)@m(y)ﬁi(x)ﬁj(y)dxdy]

n,m=0

oy c%[ / / £ (L <y>dxdy} (5105)

n,m=0

Finally, we replace the integrals in (5.105) by Legendre Gauss-L obatto quadra-
tures. As usual, the equations simplify since

/ Ly (x)l; (x)dx ~ Zﬁn(xk)ﬁ (xk)w( *) =34, lw (5.106)

k=0

and so forth. With these substitutions, we have our approximation of the transport
term

/ / q- Vopdxdy — w'* w(‘)|: ZD(X)(DM—}—UZD(”CD“”] (5.107)

n=0

We seg, therefore, that for the advection-diffusion problem with constant coeffi-
cients, the nodal Galerkin approximation of the transport term with the integrals
replaced by Gauss-Lobatto quadrature is just the collocation approximation multi-
plied by the quadrature weights.

To derive the nodal Galerkin approximation of the advection-diffusion equation,
we must include the time derivative term. When we replace the integrals by Gauss-
L obatto quadratures, we reduce the time derivative term simply to

do;
/ / —d)dxdy—)w(x)wﬁw d;j (5.108)

Therefore, we write the nodal Galerkin approximation as

wi(X)w(}) iJ

I dt =v(V2®. Lit;)y = (@- V. LiL ) (5.109)

where

(@-vo.6e)), =w (”[ ZD()“)@MJFUZD(”%,"}, (5.110)
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and we repeat the diffusion term (5.77)
N
(V2. i)y =Y wP G o+ w™ G @i (5.111)
k=0

Note that we could trivialy divide both sides of the Galerkin approximation by
the product of the quadrature weights to get an equation that is identical to the
Legendre collocation approximation. If we want to integrate the equation explicitly,
that is exactly what we would do. If we want to integrate the equation implicitly,
however, wewill get asymmetric linear system that we can solve with the Conjugate
Gradient method if we don’t divide by the weights.

To complete the spatial approximation, we need to implement boundary condi-
tions. Dirichlet conditions, which prescribe the concentration, @, along the bound-
aries, are appropriate for the advection-diffusion problem. We could apply Neu-
mann conditions instead to specify the flux. We showed how to set both types
of boundary conditions in Sects. 4.4 and 4.6 for one dimensional problems. We
showed how to extend the ideas presented there to two dimensions in Sects. 5.2.1
and 5.2.2.

5.3.3 TimeIntegration

Let us now address the time integration of the approximations (5.100) and (5.109).
From Chap. 4 we know that the approximation of the diffusion terms is much more
stiff than the transport terms. Specifically, we have seen in Sects. 4.4.1 and 4.4.4
that the eigenvalues of the spatial approximation of the diffusion terms grow as
O(N*) compared to the O(N?) for the advection terms. Unless diffusion is small
compared to advection, it is usually necessary to integrate the equations implicitly.
Often, only the diffusion terms are integrated implicitly; the advection terms are
integrated explicitly. The result is a semi-implicit method.

In this section, we will show how to use a semi-implicit method to integrate the
approximations to the advection-diffusion equation in time. Semi-implicit methods
are commonly used by the incompressible flow community to integrate approxi-
mations of the Navier Stokes equations. They are particularly useful in problems
where diffusion dominates advection. Specifically, we'll implement a linear multi-
step method that uses an implicit third order backward differentiation (BDF) method
for the diffusion terms and an explicit third order extrapolation method for the ad-
vection. The third order BDF method has an absolute stability region that includes
the entire negative real axis, which makes it unconditionally stable for the diffu-
sion terms, whose eigenvalues are real ([7], Sect. 7.3.1). The extrapolation method
has been derived so that it uses information from the same previous time steps as
the BDF approximation. Overall, the time step is limited by the less stiff advection
terms, rather than the more stiff diffusion terms.



192 5 Spectral Approximation on the Square

The third order semi-implicit time integration approximation applied to the col-
location approximation (5.100) in spaceis

6v At
+1 2 +1
o/t — 1 viop
_1 8p". — 9" 11 272
= 17 (1897 — 927" + 2¢7%)
6At

- H(3q VN®}; =30 VN @ 4q- Yy e 7). (5112)

When we apply it to the nodal Galerkin approximation itis

6v At

x) () gn+l _
Wi w; @i,j 1

(vqu;f;rl, Gitj)y

1 -1 2
= 17 (1807 ; — 90" 420 7%)

6A? -
— 7 (8@ VoL tity)y —3(a- Vo tit))

+(q- V! 2 6ty ). (5.113)
In both cases we must solve a linear system of equations that arises from the terms
on the left of the equals sign at every time step. Furthermore, we see that we need
to store the solution and the transport terms at three time values, #,,, 1,1 and ,,_».

Iterative solvers like those we implemented in the previous section are now par-
ticularly attractive to solve the systems represented by the left sides of (5.112) and
(5.113) when compared to direct solvers. First, we have the previous time value to
serve asagood initial iterate at each time step, so the number of iterations per solve
is significantly reduced. Also, since there is now time discretization error at every
step, we only have to iterate until the iteration error is smaller than the time integra-
tion error. We do not have to iterate the residual to machine zero, so that reduces the
number of iterations we need per time step even more.

To use the BiCGStab iterative scheme that we implemented in Algorithm 75
(BiCGSSTABSolve), we rewrite the collocation approximation as

6V At
(1 T v,zv) ®; ; =RHS j, (5.114)
where

1
RHS ; = ﬁ(

6At - -
— 37 (30 VN @} =30 VN[ +q- V@), (5115)

1807 — 90+ 207" ?)
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We then drive anorm of the residua

6v At
rij=RHS j — &+ Tvﬁqb,-, ; (5.116)
to be less than some tolerance.
We get a similar system to solve when we apply the time discretization to the
nodal Galerkin approximation (5.113). The residua that we must make small at
each time step is now

6v At

= RS = 0) + S Ve ), G
where

w®

1 — —_
RHS j = Tf (180}, — 907t + 207 7)
6Aft
— H{?}(q . VN(Dn, Eizj)N — 3(q : VNQn_l,Eiﬁj)N
+ (q . VN¢n_2, eiZj)N}. (5.118)

The multistep method does have the disadvantage that it requires two steps be-
yond the initial condition to be computed before it can be used. Although we could
use one of several approaches to create these two values, the simplest isto integrate
the first two time steps with an explicit Runge-Kutta, such as the (matching) third
order approximation that we have already used in Algorithm 50 (CollocationSep-
ByRK3). Once we complete those steps and store the results, we switch over to the
multistep integration.

5.3.4 How to I mplement the Approximations

To implement the polynomia collocation and nodal Galerkin approximations,
(5.112) and (5.113), we need storage for three time levels of the solution and the
transport terms. We al so need procedures to construct the linear systemsto be solved
at each time step, which are represented by (5.114) and its equivalent for the nodal
Galerkin method.

5.3.4.1 Multilevel Time Storage

We need to store the solution and transport terms at the current and two previous
time levels to compute the right hand sides, (5.115) or (5.118). It appears that three
timelevels of the transport and four of the solution need to be saved. However, once
the quantitiesin (5.115) or (5.118) have been computed, the solution and transport
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term q - V@ at timelevel n — 2 are no longer needed. We reuse that storage space
for the solution at the new time level.

We use indirect addressing to minimize both storage and the need to copy arrays
from time step to time step. One way to implement indirect addressing is to create
pointers to the arrays. Those pointers are swapped to point to the desired array at
each time step. Another way isto create an array of integersthat store an array index
for alarger storage array. Since the former is trivial to implement, we will discuss
how to do the | atter.

To illustrate the use of an index array, suppose that we store the potentia in a
three-dimensiona array {@k }IN fook_fz, which stores the solution values at <1>”+k
We create an integer poi nter array to express that organization of the storage
{pk}k o With p_» =-2, p_1 =—1, and po = 0. We would then access the so-

lution array for timelevel n + k indirectly by cb(’;") At the end of atime step, what
wastimelevel n — 1 becomesn — 2 and what was time level n becomesn — 1. We
store the current level n where the no longer needed n — 2 values were stored by
setting

tmp <= p-2,

(5.119)
p-1 < po.

po < tmp.

5.3.4.2 The Advection-Diffusion Class

To address the needs that we have just outlined, we expand Algorithm 64 (Nodal Po-
tential Class) to organize the storage and procedures to integrate the advection-
diffusion equation on the square. We present that new classin Algorithm 81 (Nodal-
AdvDiffClass). We have added storage for the solution and transport terms at the
three time steps, the indirect addressing pointer, and, of course, the physical para
meters that describe the problem. New procedures in the class compute the trans-
port terms, the right hand side and the residual. We reuse Algorithms 66 (Lapla-
cianOnTheSquare) and 77 (LaplacianOnTheSquare) to compute the diffusion term,
depending on which approximation we choose.

As with the potential approximation, we specify the choice of polynomia in
the constructor. Algorithm 65 (Nodal AdvDiffClass:Construct), for instance, shows
a constructor for the Chebyshev collocation approximation. It computes the second
derivative matrices by way of Algorithm 38 (mthOrderPolynomialDerivativeM a-
trix) with m = 2 and stores them in the second derivative matrix storage of the
Nodal 2D Storage structure. We now need the first derivative matrices and compute
them using Algorithm 37 (Polynomial DerivativeMatrix). We easily change the ap-
proximation to a Legendre method if we replace the calls to ChebyshevGaussl o-
battoNodesAndWeights with calls to Algorithm 25 (L egendreGaussL obattoNodes-
AndWeights). To change to the nodal Galerkin approximation, we again note that
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Algorithm 81: Nodal AdvDiffClass: A Class for the Advection-Diffusion Prob-
lem on the Square

Class NodalAdvDiffClass

Uses Algorithms:
Algorithm 63 (Nodal 2D Storage)

Data:
u,v,v;// advection speeds and diffusion coefficient
spA;// O type Nodal 2DSt or age

X N,M;0 ) .
{cb..} ;// Solution at three tinme steps
b j=1k==2

k N.M:0
{transportf ; }- 2o,
N.M

{RHS[J«}W’.:O;// Ri ght hand side for inplicit solve
{mask;}#_, ;// Boundary condition mask

{p)%__,;/1 Time step pointer

;// Advection terns at three tinme steps

Procedures:
Construct(N, M, u,v,v);// Al gorithm 82
LaplacianOnTheSquare({Uij}ft’jtfo);// Al gorithns 66 or 77
Transport(k); // Al gorithm 83
ExplicitRHS(Ar); // Al gorithm 84
MatrixAction({U,-j}ﬁ']‘.Zo, At);// A gorithm 85

Residual (Ar); // Al gorithm 86
End Class NodalAdvDiffClass

the second derivative matrices in the Nodal2DStorage structure store the matrices
Gk, which are computed by Algorithm 57 (CGDerivativeMatrix). The quadrature
weights and nodes are the L egendre values, which we compute by Algorithm 25.

5.3.4.3 TheTransport Terms

The next procedure we implement computes the transport terms. The implementa
tion of the transport approximation is similar to that of the diffusion terms, as seen
in Algorithm 83 (NodalAdvDiffClass.Transport). Notice that Algorithm 83 is the
same whether we use Chebyshev or Legendre collocation. To change it to compute
the nodal Galerkin approximation, the transport term needs only to be modified ac-
cording to (5.110), that is, we only need to multiply by the local quadrature weight
values.

5.3.4.4 Thelterative Solver
To solve the systems (5.114) or (5.117) by the BiCGStab (Algorithm 75) or Con-

jugate Gradient (Algorithm 80) iterative methods, we need to implement the resid-
ual computation and the MatrixAction procedures. Notice that a slight modification
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Algorithm 82: Nodal AdvDiffClass: Construct: Constructor for the Chebyshev
Collocation Approximation of the Advection-Diffusion Problem

Procedure Construct
Input: N, M, u, v, v
Uses Algorithms:
Algorithm 38 (mthOrderPolynomial DerivativeMatrix)
Algorithm 27 (ChebyshevGaussl obattoNodesAndWeights)
Algorithm 37 (Polynomial DerivativeM atrix)
this.spA.N < N; this.spA.M < M
this.u < u; thisv < v; thisy < v
{{this.spA.&; 1Y, {this.spA. w@)} o} < ChebyshevGaussL obattoNodesAndWeights(N)

{{thisspA. j} "o [this.spA. w(")} "o} < ChebyshevGaussLobattoNodesAndWeights(M)
this.spA.{ D" E}i.j:O <« mthOrderPolynomial DerivativeMatrix(N, 2, this.spA. (£} ,)
this.spA. {DF?)‘”}%:O < mthOrder Polynomial DerivativeMatrix(M, 2, this.spA. {1 )

this.spA. {Ds } < Polynomial DerivativeMatrix(, this.spA. {&;}Y )

i,j=0
thls‘spA.{Dle}iY].:0 <« Polynomial DerivativeMatrix(M, this.spA.{n,}_ )

this. {p}0__, < {-2,-1,0}
End Procedure Construct

Algorithm 83: Nodal AdvDiffClass: Transport: Approximationtoq- V@

Procedure Transport
Input: k&
Uses Algorithms:
Algorithm 19 (MxV Derivative)
Algorithm 67 (MaskSides)
N < this.spA.N; M < this.spA.M
for j=0to M do
| {@xi);y < MxVDerivative(this spA. { D} ;}
end
for i=0to N do
| { @y}, < MxvDerivative(this.spA{ D]}
end
for j=0toM do
for i=0to N do
thistransport; ; <« this.u * @x; ; + thisw * dy; ;
[For nodal Galerkin add:
this.transport! i< this.spAw® « thisspA.w;.") * this.transport! il
end
end

thls{transport”}” 0<—Mask9d&e(th|s{transport”}” 0,thls{maskn} 1)
End Procedure Transport

N.N

i, j=0" this{‘pﬁj}?]zo)

this {0}, }"1)

i,j=0’ i,j
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Algorithm 84: Nodal AdvDiffClass: ExplicitRHS: Explicit Part of the BDF Ap-
proximation of the Advection-Diffusion Equation

Procedure AdvDiffExplicitRHS
Input: Az
Uses Algorithms:

Algorithm 67 (MaskSides)

n < this.po; nm1 < this.p_1; nm2 < this.p_»
for j=0to M do
for i=0to N do

1
thisRHS, ; < — (18x this.0], — Oxthis.&? + 2 this.0}"2)
[For nodal Galerkin, add:
thisRHS ; < this.spA. w@) * this.SpA. w(”) *thisRHS ;]

thisRHS j < thisRHS; ; —

6A? . .
=T (3 * thistransport} ; — 3 thistransport/”'* + thls.transport;”;ﬂ)

end

end

this.{RHS; ; } 0<—Mask9d&e(th|s{RHS }” 0,this{maskk}ﬁzl)
End ProcedureAdleffExpllcnRHS

needs to be made to the two solvers to allow the time step, Ar to be passed to the
Residual and MatrixAction procedures.

To compute the residual, (5.116) or (5.117), we need to have the RHS array
from the current and previous time step levels available. Algorithm 84 (NodalAd-
vDiffClass:AdvDiffExplicitRHS), for instance, computes the right hand side of the
collocation approximation (5.115). To convert the procedure to the nodal Galerkin
approximation, the solution terms need to be multiplied by the quadrature weights,
according to (5.118), as shown. The matrix action is computed in Algorithm 85
(Nodal AdvDiffClass:MatrixAction). Finally, we compute theresidual fromthe RHS
and the matrix action in Algorithm 86 (Nodal AdvDiffClass:Residual) for the collo-
cation approximation. Note that we could use BLAS level 1 routinesto replace many
of the loops.

For best performance, preconditioning should be applied to the system (5.114).
Fortunately, it is easy to modify the preconditioners that we have already been de-
rived for the Laplace operator. For instance, the finite difference preconditioner,
(5.37), when applied to (5.114) becomes

(Hppw)ij = Aijuij + Bijui—1,j + Cijui j—1+ Eijuiyaj + Fijui j41.  (5.120)

where
o 6v At
and
N 6V At
Bij=-——"B;. ec (5.122)
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Algorithm 85: Nodal AdvDiffClass: MatrixAction: Matrix Action for the BDF
Approximation of the Advection-Diffusion Equation

Procedure MatrixAction

Input: At, {U,;j}f?’j’.fo

Uses Algorithms:
Algorithm 66 or 77 (LaplacianOnTheSquare)
Algorithm 67 (MaskSides)

(V23U }N jtfo < this LaplacianOnSguare({U;; 1}
for j=0to M do
for i=0to N do
. 6vAr _,
actlon,»,j = U,',j = TVNUi'j
[For nodal Galerkin, use:
&)

i

6vAt
11

action; ; = this.spA.w;*’ * thisspA.wE”) *Us j — V2U; ]
end

end

{action;,j}f\,’}fo « MaskSides({action,;j}ij’.fo, this. {masig }7_,)

return {action,-,j}ff']ifo

End Procedure MatrixAction

Algorithm 86: Nodal AdvDiffClass.Residual: Iteration Residual for the BDF
Approximation of the Advection-Diffusion Equation

Procedure Residual

Input: At, {U,;j}f?’]‘.go

Uses Algorithms:
Algorithm 85 (Nodal AdvDiffClass:MatrixAction)
Algorithm 67 (MaskSides)

{action;, j}if’jzfo <« this.MatrixAction({U;; };" /tfo, At)
for j=0to M do
for i =0to N do
| ri,; =thisRHS ; — action; ;
end
end

{ri,,-}{j’]tfo <~ Masdees({r,-,ﬂQ’}z"jw this. {maske}?_,)
return {r,-,j}ft’]zfo
End Procedure Residual

Similar modifications change the finite element preconditioner for use with the Con-
jugate Gradient iteration.

The need to precondition (5.114) is not as critical, however, as it is for the so-
[ution of the potential problem. Aswe said, agood initial guessis available, so the
residua starts small. More importantly, the presence of the At factor meansthat the
system is not as stiff. Clearly, for small Ar the matrix on the left approaches the
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identity matrix, which has a condition number of one. Only for very large At does
the system become badly ill-conditioned. Very large values won't occur in practice
since the overall time step is limited by the advection time step, and so Ar ~ 1/N2.
The condition number of the system to be solved will therefore grow only as O (N?)
instead of O(N*). Since relatively few iterations are needed for the less stiff sys-
tem, the benefits of preconditioning will be diminished. Nevertheless, for large N
and tight iteration tolerances, preconditioning can reduce the number of iterations
per time step significantly enough to make it worthwhile to code.

5.3.4.5 Multistep Time Integration

Lastly, we need to implement an algorithm to evaluate the time stepping procedure
(5.112). The procedure must first compute the right hand side via Algorithm 84
(ExplicitRHS) and then update the pointers via (5.119) to shift the arrays and to
make the storage that is no longer needed available to the new solution and transport
terms. The boundary conditions on the solution are then set for the new time, which
will be used when the system is solved. Once that is done, the transport terms are
computed via Algorithm 83 (Transport).

One time step of the multistep method (5.112) is implemented in Algorithm 87
(Multisteplntegration). The steps taken within that algorithm are identical if the
nodal Galerkin approximation is used, except that we would use the Conjugate
Gradient solver Algorithm 80 (PreconditionedConjugateGradientSolve). A bound-

Algorithm 87: Multisteplntegration: One Step of the Linear Multistep Integra-
tion of the Advection-Diffusion Equation

Procedur e Multistepl ntegration

Input:

advDiff // Nodal AdvDi ff Cl ass i nstance

H// Preconditioner instance

At

Uses Algorithms:
Algorithm 84 (Nodal AdvDiffClass:ExplicitRHS)
Algorithm 83 (Nodal AdvDiffClass: Transport)
Algorithm 75 (BiCGSSTABSolve)

advDiff. {RHS; ], < advDiff ExplicitRHS(A1)
tmp < advDiff.p_»

advDiff.p_p < advDiff.p_3

advDiff. p_q < advDiff. po

advDiff . pg < tmp
advDiﬂ.{éff;}f\”J’.fo < SetBoundaryConditions(r + At, advDiff)
advDiff < BiCGSSTABSolve(N;,, TOL, advDiff, H)
advDiff.{transportf‘; }INJZO < advDiff . Transport(po)

return advDiff

End Procedure Multisteplntegration
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ary condition routine must be supplied to compute the values of the solution along
Dirichlet boundaries.

Since the semi-implicit scheme (5.112) is not self starting, we must integrate the
first two steps with an explicit method. Two additional procedures are needed. We
must

o Modify the explicit timeintegration Algorithm 50 (CollocationSepByRK 3). Algo-
rithm 50, which implements the third order Runge-Kutta method for collocation
with Dirichlet boundary conditions, is appropriate to compute the first two time
steps. It has the same order of accuracy in time as the multistep method, although
matching the order precisely is not critical. After all, the two steps to be com-
puted will have to be taken using the explicit diffusion limited time step whose
sizeis O (N ~%), which ismuch smaller that the advective time step (O (N ~2) that
limits the explicit part of the multistep method. Algorithm 50 was presented for
one dimensional problems, so it needsto be extended to act on doubly, rather than
singly, dimensioned arrays.

e Implement a time derivative procedure for fully explicit integration. Algo-
rithm 50 embeds the spatial approximations in the algorithm that implements
the TimeDerivative function. The time derivative function will now evaluate ei-
ther equation (5.100) or (5.109), depending on which spatial approximation we
choose. Thetime derivative function merely hasto call the proceduresto compute
the transport and diffusion terms, i.e. Algorithms 83 (Transport) and 66 (Lapla-
cianOnTheSquare), so we will not write it explicitly here. As we have mentioned
before, the weight functions are divided out of (5.109) when we use the explicit
time integrator.

5.3.5 Benchmark Solution: Advection and Diffusion of a Spot
in a Uniform Flow

To benchmark the advection-diffusion solver, we compute the approximate solu-
tion to the advection-diffusion equation, (5.97), with initial and Dirichlet boundary
conditions chosen so that the exact solution is

1 _ ((A’7ut—x0)2+()-,v,,).o>2)

yr 1¢ v@+D . (5.123)

px,y,1)=

This solution describes a circular patch that is advected at a constant speed ux + vy
while it diffuses. Specific parameters for the benchmark solutions will be u = v =
0.8, v =10.01, and xg = yo = —0.5.

We present contours of the exact and Legendre collocation solutionsin Fig. 5.4
for two timest = 0.5 and ¢ = 1.5. We computed these solutions with N = M = 28
and Ar = 3.9 x 1074, then interpolated them to 70 points in each direction us-
ing Algorithm 35 (2DCoarseToFinel nterpolation). In Fig. 5.5, we plot the values of
the exact solutions and the computed solutions interpolated to 70 uniformly spaced
pointsalong theline y = x.
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Fig. 5.4 Advection and diffusion of a Gaussian spot by Legendre collocation with N = 28. Exact
contours drawn with dashed lines are indistinguishable from the solid contours of the computed
solutions
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As a point of comparison, at time ¢ = 1.25, the maximum error of the Legen-
dre collocation approximation is approximately 2 x 10~%. Contrast this with
the well-known second order Lax-Wendroff finite difference method, that with
26,000 degrees of freedom (thirty times the number of degrees of freedom in this
spectral approximation) the maximum error is still one hundred times larger at
2x 1072,
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5.4 Approximation of Wave Propagation Problems

The basic model for wave propagation is, of course, the wave equation. In its most
recognizable form, the wave equation is
2

887127 —c? (pxx + pyy) =0. (5.129)
In this context, the variable p might represent the acoustic pressure in an otherwise
quiescent gas and ¢ would be the sound speed. In other applications, it might repre-
sent the electric field with ¢ corresponding to the speed of light, or it could represent
the height of water in a shallow tank, where ¢ isthe gravity wave speed.

Rather than solve the second order wave equation directly, we will re-write it as
asystem of threefirst order equations. (In actuality, the wave equation is the derived
form. The system of first order equations is closer to the original description of the
phenomena.) We can then use the first order system of equations as a model for
more complex systems such as Maxwell’s equations used in electromagnetics, the
Euler gas dynamics equations, which describe inviscid fluid flow, or the shallow
water equations, which are used in meteorology and oceanography simulations.

To convert the wave equation to a system of first order equations, let

Ur = —Px,

(5.125)
Uy = —PDy-

(As one might suspect from the notation, « and v correspond to the components of
the velocity in afluid flow.) If we assume that the order of mixed partial derivatives
does not matter, then

92 p

7t ¢ ((ux), + (vy);) =0. (5.126)

With the proper initial conditions,
pr+¢? (ux +vy) =0. (5.127)

We find the system of equations by grouping the equations for the pressure and two
velocity components

p 0 ¢ 0l[p 00 &[p
u|l+|1 O Ofju| +[{0 O O ul|l =0 (5.128)
v |, 0 0 Of[v], 1 0 O v,

g + Bqx + CQy =0. (5.129)

Finaly, since B and C are constant, we bring them inside the derivativesto create

or

qr +fr +9y=0, (5.130)
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where f = Bq and g = Cq. This is known as the divergence or conservation law
form since it is nothing but

Q@ +V-F=0 (5.131)

for the vector flux % = fx + gy. The term conservation law follows from the fact
that the differential equation is what we get when we apply the divergence theorem
to the integral conservation law,

d
—[ qdvz—/y-ﬁds, (5.132)
dt v S

which states that the change in the total amount of q in an arbitrary volume V is
equal to the total amount passing through the surface of that volume per unit time.

The defining feature of the wave equation isthat it has plane wave type solutions.
It will be crucial to understand thisfact later to devel op boundary conditions. These
plane wave solutions have the form

k-x
qx, 1) =af (W - )/t) (5.133)

for any function f. The vector k = kX + k,J is the wavevector, its magnitude
k = |k| is the wavenumber, y is the wave speed, and the vector a gives the ampli-
tudes of the three components of the solution, p, u, v. To find the dispersion relation,
which is the relationship between k and y for the plane wave to be a solution of the
differential equation, we substitute (5.133) into the differential equation, (5.128),
and assume f is smooth to get the algebraic relation

k ky k-
(—ya+ fBa+ T}Ca) f’ (TX + )/t) =0. (5.134)

Sincethisholdsfor any f, the parameters y, k and a must satisfy

k ky
=B+ -2cla=vya (5.135)
k k
In other words, to have a plane wave solution of the form (5.133), y must be an
eigenvalue of the matrix
k k

A= f3+%c (5.136)

and a is the eigenvector associated with the eigenvalue y .
To find the wave speeds associated with the system (5.130), we must therefore
find the eigenval ues of

0 ac?® Bc?
A=aB+pC=|a O o |, (5.137)
B 0 0
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wherethe constantsa =k, /k and 8 = k, / k satisfy a? + p? = 1. The characteristic
equation for the eigenvalues of A is

—y3+a?Py + %%y =0 (5.138)

0y =0 and y = +/a? + B2c = +c. Thus, the system admits two waves that
move with speed +¢ along any wavevector in the plane and another that is station-
ary. (In gas dynamics, the waves that move with speed +¢ are called acoustic or
sound waves. The wave that doesn’t move is the vorticity wave. It is stationary only
because there is no mean flow in this example, otherwise the vorticity wave moves
with the fluid. Similar anal ogies can be made with other systems of equations.)

The eigenvectors, a, associated with the eigenvalues y = 0, £ give therelation-
ship between the components of the plane waves. Those three right eigenvectors
are

1

0 2
ao=|8 |, atc = % | - (5.139)

—o B
+%

(To continue the fluid dynamics analogy, note that the acoustic waves have pressure
and velocity components, but the vorticity waves, for which vorticity is defined as
the curl of the velocity, has no pressure component.)

5.4.1 The Nodal Discontinuous Galerkin Approximation

Although spectral collocation methods have been devel oped and used to solve sys-
tems of conservation laws, it is by far more convenient to implement boundary con-
ditions for the discontinuous Galerkin formulation. So in what follows, we will de-
scribe only that method and refer to the book by Canuto et al. [7] for adiscussion of
other approximations.

To be somewhat general, we will derive the approximation of the wave equa-
tion in the form of the conservation law, (5.131), on the reference square [—1, 1] x
[—1, 1] with outward normal 2 and boundary I made up of four segments I, =
1,2, 3,4 aswe sketch in Fig. 5.6.

Once again, we approximate the solution and fluxes by polynomials

N N
q~Q= Z Z Qn,mzn(x)zm(y),

n=0m=0 (5.140)

N N
y ~F= Z Z (Fn’mf + Gn,m) Zn(x)gm(y),

n=0m=0

where F,, X + Gy = BQu.mX + CQp.ny. When we substitute the approxima:
tions into the weak form of the differential equation, and project onto the basis
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Fig. 5.6 Thereference A

square with normals and y T A
boundary curves 3 (1,1)
Is
(4_ Iy Iy _2)
Iy o
(-1,-1) i” @
functions ¢;; = £; (x)£; (y) (cf. Sect. 4.7)
(Qr. ¢ij) + (V-F.¢i;) =0. (5.141)

The next step isto apply Green's identity to the second integral

1 1
(V'F»‘Pij)2[1¢ijv‘FdXdyZ/F(ﬁijF'ﬁdr_/lF'V¢ijdXdy- (5142)

In the discontinuous Gal erkin method, the boundary conditions are weakly enforced
when we apply them to the boundary integral. For the moment, we will dencte
the fact that we apply the boundary conditions as part of the flux in the boundary
integralsby F* - 71 replacing F - 1. WE' Il determine exactly what that replacement is
after we finish the spatial approximation. When we make that replacement for the
boundary flux, the approximation satisfies

1
F-V¢ijdxdy=0. (5.143)
1

(Qr,¢ij)+/r¢ij|:*~ﬁd1“—/

The final stages of the approximation procedure are to choose the locations of
the nodes, approximate the integral s by quadrature, and simplify the results. For the
reasons argued in Sect. 4.7, we choose Legendre Gauss quadrature to approximate
the integrals and use the tensor product of the Legendre Gauss quadrature points
as the nodes. Those nodes we represent as circles in Fig. 5.7. To approximate the
boundary integrals we again choose the nodes to be the Legendre Gauss quadra-
ture points along the boundaries (marked by squares in Fig. 5.7) and use Gauss
guadrature to approximate the integrals. This choice will make the computation of
the boundary fluxes efficient. To derive the approximation, we will examine each
integral in (5.143) separately.

The first integral in (5.143), (Q;, ¢ij), simplifies to a single point value when
we apply Gauss quadrature. With Gauss quadrature and nodes taken as the Gauss
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Fig. 5.7 Location of nodes
for the discontinuous
Galerkin approximation of
the wave equation. Circles
represent nodes where the
solution is approximated and
are located at the two
dimensional Legendre Gauss
quadrature points. Squares
represent nodes where the
boundary fluxes are
approximated, and are located
at the Legendre Gauss
quadrature points along the
boundary curves

F*(1,y;)- &

points,

14
(Qudij) = / 1¥e,~(x)z,~(y)dxdy

N N
ZZdQ(x" M 4, e o w?, (5.144)
k=01=0

Because the product in the integrand isa polynomial of degree 2N in each direction,
the quadrature is exact. The fact that ¢; (x;) = 6y, ;, €tc., simplifies the double sum
to

dQ.’ . .
(Qi. ¢ij) = #w; >w‘j.y>. (5.145)
WEe'Il skip over the boundary integral in (5.143) for the moment and approximate
the last integral next. After we substitute ¢;; = £;(x)£;(y) and expand the vector
dot product,

1 1
/ F-V¢ijdxdy=/1{F(x,y)€§(X)€j(y)+G(x,y)ﬁi(X)€}(y)}dxdy~

' (5.146)
We then replace the integrals each by Gauss quadrature, which again is exact be-
cause F and G are linear functions of Q and the integrands are polynomials of
degree at most N in each direction. The Kronecker delta property of the Lagrange
interpolating polynomials once again simplifies the summations. With quadrature
and simplifications,

1 N
/ F.Véijdxdy = ZFk G oww? + 37 Gl owMw . (5.147)
- k=0

Notice again that the tensor product approximation decouples the derivativesin the
two space directions. When we use our definition for the polynomial derivative ma-
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trix, we write the last integral in (5.143) as
N
f F-V¢ijdxdy = ZFk JD(X) (x) (»y) +ZGi,kDﬁ)w(x)w,(<y). (5.148)
k=

Finally, we approximate the boundary integral in (5.143). We break it into four
pieces, along the four sides of the square, as

1

1
/qsi,,-F*-ﬁdr:f zi(x)ej(—l)F*.(—y)der/ 6 (DL, (y)F* - Rdy
r -1 -1

1 1
+/ zi(x)ej(l)F*-ydx+f G(=De;()F - (=%)dy.
—-1 -1
(5.149)

Then we approximate the integrals by Gauss quadrature, which are exact, too. For
example,

f £ (x)Lj(—1F* . ydx_ZE 0 (~DF* (xg, =1) - Jw”

k=0
=F*(x;, -1 - §¢; (™. (5.150)

(Compare this with the boundary terms in (4.138).) After we apply quadrature to
each of the segments in the boundary integral, that integral becomes

./ ¢i jF* - Ad I =F*(xi, =1 - (=9) £;(~Dwf” + F*(L,y)) - 2 (Dw”
r

+F D - 5w + B (=1 ) - (<2) 6 (~Dw .
(5.151)

Wefind the final semi-discrete approximation to (5.143) after we divide by wl.(” w;y )

and rearrange

dQ; ; o (=1 i
&+HF*<—1,y,-).(_x) T Ex)

N
P
dt 2 2] 5

w; w; k=0

£;(—-1

+HF*<xi,—1>-(—9) 2D P - "o }ZGkD(”]
w] ]

=0, i,j=01,...,N, (5.152)

where, again

N Dy;
Dy =——2m%n (5.153)
W,
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and D,; = E/j (x,) isthe transpose of the standard derivative matrix, computed with

Algorithm 37 (Polynomial DerivativeMatrix).

Noticethat the two termsin the braces are nothing more than the one-dimensional
discontinuous Galerkin derivative that already appears in the bracesin (4.138). Its
implementation is Algorithm 60 (Nodal DiscontinuousGalerkin:DGDerivative) for
the scalar problem. Therefore, the computation of the time derivative for the system
in two dimensions will proceed just like the computation for the scalar, one dimen-
sional problem. The only thing we have left is to determine how to compute the
boundary fluxes, F* - 7.

5.4.1.1 TheBoundary Flux

In the one dimensional problem of Sect. 4.7, we set the boundary condition on the
upwind side. Which isthe upwind side is determined by the sign of the wave speed.
Positive wavespeeds (with respect to the x direction) mean that the boundary con-
dition is set on the left. Negative wavespeeds require the solution to be set on the
right. At the downwind side, we evaluated the solution from the interpolant.

By extension, the two dimensional problem requires that we compute a value of
the flux,

yﬁ=fnx+gny=(an+Cny)q=Aq (5.154)

at the boundary so that boundary values are set on the upwind side and computed
from theinterior on the downwind side. Unfortunately, the system that describesthe
wave equation couples three wavespeeds, positive, negative and zero, with respect
to the direction vector ax + By =n.X + n,y, so it is not immediately clear what
the upwind value is. To determine the upwind directions, we must decouple the
wave components that make up the solution vector. In terms of our discussion at
the beginning of this section, we decouple using the eigenvectors of the coefficient
matrix, A.

Since the matrix A has a full set of eigenvectors, it can be diagonalized. If we
create a matrix,

1 1
3 32 O
S=|4% -5 B[, (5.155)
B B
2% T2 ¢
whose columns are right eigenvectors of A, then
4c 0 O
AS=S| 0 —c 0|=SA. (5.156)
0O 0 O

When we premultiply by S~1, we see that S~1AS = A, or equivaently, A =
S AS~L. The matrix S~ is nothing more than the matrix whose rows are left eigen-
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vectors of the matrix A,

1 «c Bc
St=|1 —ac —Bc|, (5.157)
0O B —a

since the left and right eigenvectors of the matrix are orthogonal.
The ability to diagonalize A = SAS~1 alows us to separate the system into left
going, right going and stationary wave components. Let

+c 0 O +c 0 O 0O 0 O 0 0O
A=|0 — O0|=]0 O O|+]|/0 — O|+]0 O O
0O 0 O 0O 0O 0O 0 O 0 0O

=AT+ A"+ A° (5.158)
be the splitting of the three wave components. Then
A=SATS 4 5A S 45405 T =At + A=+ A° (5.159)

splits the matrix A into components that have right going, left going and station-
ary waves with respect to the direction ax + By. We see, therefore, that we can
decompose the normal flux into its wave components using (5.154)

F-h=ATq+ A q+ A%, (5.160)

We are finally in the position to decide how to apply a boundary condition that
is upwind in each of its three components. Suppose that we have two states ¢
and Q'™ that describe the solution external to the domain and internal to the do-
main (Fig. 5.8). We specify the external state as a boundary condition. We compute
the internal state from the polynomial approximation of the solution via (5.140).
The boundary flux will be afunction of these two states evaluated at the boundary,
F*(QL, QR; #), that separates the waves into those that originate from outside and
those that originate from the interior.

From (5.160), we see that we should compute the boundary flux from the internal
and externa states (with the designation determined relative to the normal at the
boundary) as

F*(QL, QR; fl) — A+QL + A*QR. (5161)

In this way, outgoing waves are approximated with interior solution values (up-
wind) and incoming waves are specified from the external state (also upwind). The
derivation of the boundary flux, (5.161), also known in some contexts as the nu-
merical flux, is an example of the construction of the solution of what is known as
the Riemann problem, and the algorithm used to solve it the Riemann solver. The
construction of Riemann solvers for different physical systems has been important
in computational mathematics, particularly in fluid mechanics [24].
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Fig. 5.8 Interior and exterior
states at a boundary viewed
along the normal direction

Left . Right

To write an algorithm for the Riemann solver, let us explicitly do the algebra
that |eads to the numerical flux. Let’slook first at the quantities A*Q = SA*S~1Q.
Firgt,

1 «ac Bc p p +c(au+ Bv) wT
Stg=|1 —ac —Bc||lul|l=|p—clu+pv)|= w; . (5.162)
0O B — v Bu — av w

The w's are the wave quantities associated with the three eigenvalues since

[+¢ 0 O] [wt] wT
ATSlq={ 0 0 O||w |=c| O],
0 0 Of]|w° 0
- N (5.163)
0 0 O][w" 0
A Slq=|0 — O||w |==c|w™
0 0 Of[w 0

Notice that when we take the direction vector ax + 8y to be the boundary normal
vector, the quantity «u + Bv corresponds to the normal velocity of the wave. Under
the same condition, the last component, w? is the tangential velocity. Finally, we
see that to compute the numerical boundary flux, w™ must be computed from the
left state, QF, since it represents waves coming from the left and moving to the
right relative to the outward normal. Similarly w™ must be computed from the right
state, QX.

When we multiply from theleft by the matrix S, we get an explicit representation
of the numerical flux

%(w+,L _ w—,R)
F*(QL, QR; ﬁ) — %(w+,L + w*,R) , (5.164)

ny —
Zwhl +w=k)
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Algorithm 88: RiemannSolver: The Numerical Flux for the Wave Equation

Procedur e RiemannSolver
. L"Ean R17EAn A
InpUt' {Qn }nzl J {Qn }n:l ol
Pt O ut < 0% vt < 0f
PR < 0fiuf < 0 vk < 0f
whl < pL +cx (ne *uk +ny xvk)
wo R« pR —cx (ny % uR + 1, x0F)
Ff <cx* whL —w—Ry/2
Fj < nex (bl 4w k) 2
Ff <ny* (wJEﬁL +w™Ry/2
nEqgn
return {F;}"~7
End Procedur e RiemannSolver

where we have used the fact that we want to take the vector «x + 8y to be the nor-
mal, n,% +n, ¥, a the boundary. For a consistency check, verify that F*(q, g; 1) =
F(q) - n. If the states on both sides of the boundary are identical, then the numerical
flux must equal the flux for that state.

We show a procedure to compute the numerical flux in Algorithm 88 (Riemann-
Solver). It takes two states, one on the left and one on the right, plusthe normal, and
computes the two wave components w* defined in (5.162) from their proper side.
It then reconstructs the flux from those components using (5.164).

To incorporate boundary conditions into the discontinuous Galerkin approxima-
tion, (5.152), we need only to provide the left and right state vectors and the nor-
mal to the Riemann solver. If we know an analytical representation of the external
state, ®(x, ), we use its value as the second argument in (5.164). For instance,
the semi-discrete approximation (5.152) requires the numerical flux F*(1, y;) - X
along the right boundary. We compute it with the Riemann solver as F*(1, y;) - X =
F*(Q(L y/), 9®(L, yj); ).

We represent wall (reflection) boundaries when we choose the external state to
be the mirror image of the interna state. Reflection means that the w~ wave is
created by reflecting the w* wave at the boundary, i.e. w— = w™. The reflection
condition implies that the normal velocity is zero (which makes physical sense asa
representation of asolid wall boundary), for

p+c(au+ Bv)y=p—c(au+ Bv), (5.165)
where ax + B9 =ny X +n,y implies
nyu+nyv =0 (reflection boundary) . (5.166)

We enforce the reflection condition if we set the external state to have a normal
velocity that isequal in magnitude and oppositein direction to the normal velocity in
theinterior. Wesimply reflect the quantities p and the tangential velocity component
across the boundary, so p®t = p'™ and Bu®t — av®! = u'™ — @v'™. We have two
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equations, then, that define the external values #®¢ and v®¢

au® + v = — (™ + go'™)
) ) (5.167)
ﬁu@(t — o™ = ﬂulnt _ avmt’
which we solve to find the external state for awall/reflection boundary
pint
0% =| (B2 —Pul™ — 200 | (5.168)

—Zaﬁuim + (az _ ﬂZ)vint

To approximate awall boundary, we supply this external state, along with the inter-
nal state, to the Riemann solver to compute the boundary flux.

5.4.2 How to I mplement the Nodal Discontinuous Galerkin
Approximation

We now develop the algorithms that we will use to compute the nodal discontinuous
Galerkin approximation to the wave equation in two space dimensions, or for that
matter, any other system of conservation laws for which we have aflux function and
have derived a Riemann solver. Asin Sect. 4.7, where we devel oped the approxima-
tion of ascalar equation in one space dimension, we need algorithms to evaluate the
spatial derivatives and the time derivative. The algorithm to integrate in time and a
driver to manage the integration will just be modifications of Algorithms 51 (Leg-
endreCollocation) and 62 (DGStepByRK 3) that we developed in Sects. 4.4 and 4.7
for one dimensional problems, so we will not discuss them further.

We define classesto store the arrays associated with the spatial approximation. To
start, we extend the Nodal 2D Storage structure (Algorithm 63) to include the vectors
that the procedure uses to interpolate the solutions to the boundaries, which creates
Algorithm 89 (Nodal DG2D Storage). We then define a class, Nodal DG2DClass, that
has the new nodal storage class and the solution array as members. We present the
new classin Algorithm 90 (NodalDG2DClass) and its constructor in Algorithm 91
(NodalDG2D:Construct).

Algorithm 89: Nodal DG2DStorage: Data Storage for aNodal Spectral Method

Structure Nodal DG2D Storage Extends Nodal 2D Storage
Uses Algorithms:

Algorithm 63 (Nodal 2D Storage)
Data:

{zgg)(_l)}io’ {KEE)(l)}io’ {Z;n)(_l)}y—o’ {e;n)(l)}fd—o
End SructurgNodd DGZDlS_torage ~ ~
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Algorithm 90: NodalDG2DClass: A Discontinuous Galerkin Class Definition

Class NodalDG2DClass
Uses Algorithms:
Algorithm 89 (Nodal DG2D Storage)
Data:
nEqn
spA;// O type Nodal D&DSt or age
N;M;nEqn
{Qﬁj’” }i:O;j:O;nzl
Procedures:
Construct(nEgn, N, M) ;// Al gorithm 91
DG2DTimeDerivative(r); / / Al gorithm 92
End Class Noda DG2DClass

Algorithm 91: NodalDG2D:Construct: Constructor for the Discontinuous
Galerkin Class

Procedure Construct

Input: nEqgn, N, M

Uses Algorithms:
Algorithm 23 (L egendreGaussNodesAnd\Weights)
Algorithm 37 (Polynomial DerivativeMatrix)
Algorithm 34 (L agrangel nterpol atingPolynomials)
Algorithm 30 (BarycentricWeights)

this.nEgn <— nEgn

this.spA.N < N
N
5

{thisspA. &1, this.spA. {w?)} :0} < LegendreGaussNodesAnd\Weights(V)

{wiB}fV:O < BarycentricWeights(N, this.spA. {&} )
N
this.SpA. {ef)(—l)} L
Lagrangel nterpolatingPolynomials(—1.0, N, this.spA. {&}Y o, {w? }fvzo)
N

this.SpA. {Zl@)(l)}._o <
Lagrangel nterpolatingPolynomials(1.0, N, this.spA. (£} o, {w? }?’zo)
{Di; };vj:o < Polynomial DerivativeMatrix(N, this.spA. {; };V:O)
for j=0to N do

for i=0to N do

| this.spA.Di(i.) <~ —Dj; *thisspA.wf)/thisspA.wf)

end
end
Repeat for » direction. ..
End Procedure Construct

We aready know how to use Algorithm 60 (NodalDiscontinuousGalerkin:
DGDerivative) compute the spatial derivative approximation given the interior point
and two boundary solutions. We modify that algorithm now to compute thetermsin
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Algorithm 92: SystemDGDerivative: Compute the First Derivative viathe Dis-
continuous Galerkin Approximation

Procedure SystemDGDerivative
. L "Ean R *Ean N;nEgn
InpUt' {Fn }n:l ’ {Fn }n:1 ’ {Fj’”}j:O;nzl

Input: {Di;} o, (6 (—DH g, {6 DI, (wilg
Uses Algorithms:
Algorithm 19 (MxV Derivative)

for n =1tonrEgndo

N o o N
{Ff,n }j=0 < MxVDerivative({ D;.; ;" _o. {Fjun} ;o)
end
for j=0to N do
for n=1tonEgndo
| Fjy < Fjy+ ER 4D + B x4 (=1)/w;
end

end

return {F’. }
S j=0;n=1
End Procedure SystemDGDerivative

N;nEqgn

braces in (5.152), which are now vector quantities and require the outward nor-
mals at the boundaries. We implement this modification in Algorithm 92 (Sys-
temDGDerivative).

We show how to implement the time derivatives, defined in (5.152), in Algo-
rithm 93 (DGSystemTimeDerivative). The computation of the time derivatives con-
sists of two parts, courtesy of the tensor product approximation of the solution. The
first part computes the derivatives for the flux, F, in the x direction for each value
of y. Each component of the solution is interpolated to the left and right bound-
aries by the procedure InterpolateToBoundary in Algorithm 61 (DGTimeDeriva-
tive). Next, Algorithm 93 computes the external state at those same points using an
external procedure that we will have to supply for that purpose. To be able to set a
known exterior state, we pass the position and the time to the external state proce-
dure. To alow reflection conditions of thetype (5.168), we also passthe interpol ated
value of the internal state. From the external and internal states, the Riemann solver
(Algorithm 88) is called to compute the boundary flux for both the left and right
boundaries. Since the spatial derivativesin (5.152) are taken on the flux, the proce-
dure computes the horizontal flux at the internal grid points from the approximate
solution at those points using the procedure xFlux in Algorithm 94 (WaveEquation-
Fluxes). The second stage follows the same steps to compute the derivatives of the
vertical flux, G.

Algorithms 92 (SystemDGDerivative) and 93 (DGSystemTimeDerivative) form
the core of the discontinuous Galerkin approximation of a system of conservation
laws. To change the system of equations, we only need to change the flux functions
and the Riemann solver. To change the boundary conditions, we only need to change
the external state procedure.
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Algorithm 93: NodalDG2D:DG2DTimeDerivative: Time Derivative in 2D for
the Discontinuous Galerkin Approximation

Procedure DG2DTimeDerivative

Input: ¢

Uses Algorithms:
Algorithm 92 (SystemDGDerivative), Algorithm 61 (InterpolateToBoundary)
Algorithm 88 (RiemannSolver), Algorithm 94 (WaveEquationFluxes)

N < thisspA.N; M < this.spA.M; nEqn <« this.nEqgn

for j=0to M do

y < this.spA.n;

for n =1tonEgn do

ok int < InterpolateToBoundary(this. { O;. ],,} , this.spA. {Z(E)( 1)} o)
ORIt _ | nterpolateToBoundary(this. {Qijm }l.=0 , th|sspA.{el@) ¥,

end
{ok }"Eqn < External State(

{QLAM"EM gy 1 LEFT)
{oR-eHEM _ ExternalSate({

{

{

QR intynEdNy v 1, RIGHT)
QL |nt}nEqn {QL ed}nEqn _;C)
On

{Frl }Ziqln < RiemannSolver
(

{Fr Ry — RiemannSolver
for i =0to N do

n=1"
R, |nt}nEqn {Qn }Zitin’f)

| {Fin }Ziqln < xFlux(this. { Q7. j.» }"Eqn)
end
[ )y < SystemDGDerivative({ £ |29 (£ KT (gt

§ E\N &), &) ENN
oot go MSPAD 6O D)o 1 D) e () o)
for n=1tonEgndo
| Qi j.n <« - F,/n
end
end
end
for i =0to N do
x < this.spAg;
for n =1tonEgndo
ﬁ’mteInterpolateToBoundary(thls{Q,],,} thlsspA{K(”)( 1)} 0

0
R,int (n)
0, < InterpolateToBoundary(this. { Q; ;. ,,} o this.spA. {Z (1)} 0
end
{oE#"EM _ Externalstate({ 0L ™ "ET, x, —1,1, BOTTOM)

{on

{oR-e)"EN _ ExternalState({ 0 R ANty 1,1, TOP)

{G* L}nEqn - RerrannSoIver({Q,% |nt}2E(:]Ln {QL M}:E(?an 79)
(fon

{Gz R}Ziqln < RiemannSolver R, |nt}nEqn {QR e(t}nEqn ﬁ)

for j:Otono

| {60 )TET < yFIuthis {01, =)
end
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| Qi jn < Qi jn— G/j,,,
end
end

end
2 N, M ,nEqn
return {Qi,j,n }i:O;j:O:n:l
End Procedure DGSystemTimeDerivative
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Algorithm 94: WaveEquationFluxes: Flux Vectors for the Two Dimensional
Wave Equation

Procedur e xFlux

Input: {Q,,}Ziql“

F1 <202, F> < 01; F3 <0
return {F,}"=%"

End Procedure xFlux

Procedure yFlux
E
Input: {Q,)'1"
G1<c?Q3; G2 <0, G3 < Q1
return {G,,}ZET
End Procedure yFlux

5.4.3 Benchmark Solution: Plane Wave Propagation

We present two simple examples to benchmark the ability of the nodal discontinu-
ous Galerkin method to propagate and reflect plane waves. The first example is the
propagation of a single plane Gaussian wave through the grid. The second adds a
reflecting wall boundary.

To propagate a plane wave across the domain we only need to create a procedure
that defines the wave in space and time. We use that procedure to generate theinitial
condition and the external state. For the first benchmark solution, we define the
plane wave by

1
p k_x _ (kx (r—xq)+ky (,V*)‘o)fct)2
wl=|7|e &2 (5.169)
v k

y

Cc

with the wavevector k normalized to satisfy k2 + k2 = 1. This is a wave with
Gaussian shape where we compute the parameter d from the full width at half max-
imum, w = 0.2, by d = w/2+/In2. The other parameters are ¢ = 1 and xo = yo =
-0.8.

We show contour plots of the pressure at three times in Fig. 5.9. For that cal-
culation, we chose the wavevector to be k = (v/2/2,v/2/2), N = M = 40 and
At = 2.6 x 1073, To get smooth contours, we interpolated the computed solution
with Algorithm 35 (2DCoarseToFinelnterpolation) to a fine grid before plotting.
Next, we compare the computed solutions to the exact along the straight line be-
tween (=1, —1) and (1,1) attimetr =2for N =20and N = 30in Fig. 5.10. Note
that the N = 20 solution shows significant dispersion errors. When we increase the
number of points by only 50% in each direction, those errors are no longer visible.

To illustrate the use of reflection boundary conditions, (5.168), we present
Fig. 5.11, which shows the reflection of the same plane wave off a reflecting wall
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Fig. 5.9 Propagation of a plane Gaussian wave using the nodal discontinuous Galerkin approx-
imation with N = 40 for k, =k, = \/2/2 shown at times 7 = 0.0 (left), ¢+ = 1.0 (center), and
t = 2.0 (right). Contour levelsare 0.2, 0.4, 0.6, 0.8
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Fig. 5.10 Computed and exact values of the pressure interpolated at 100 points aong the line
y = x for the planewave shown in Fig. 5.9 at timer = 2

boundary on the right. We used the external state to be the exact solution (derived
with the method of images) except along the right boundary. At the right boundary
we used the external state specified by (5.168).

5.4.4 Benchmark Solution: Propagation of a Circular Sound Wave

A more challenging problem in two space dimensions for many numerical approx-
imations to the wave equation is to propagate a circular sound wave. Anisotropy
in the numerical wave speeds usually distorts the wave badly as it propagates. The
circular wave problem isan excellent one with which to see the effects of anisotropy.
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Fig. 5.11 Reflection of a plane Gaussian wave off the right wall boundary using the nodal discon-
tinuous Galerkin approximation with N = 40 and k, =k, = V/2/2. Contours are shown at times
t =0.5 (left), r = 1.5 (center), and r = 2.0 (right). Contour levelsare 0.2, 0.4, 0.6, 0.8

The benchmark solution that we present now is to solve the wave equation with

theinitial condition
2,.2
p(x,y,O)zeXp|:—|n2<x ty )],

0.062
u(x,y,0=v(x,y,0=0.

(5.170)

The exact solution to the wave equation with thisinitial condition isfound in polar
coordinates by separation of variables. The pressure as a function of distance from

theorigin, r = /x2 + y2, and timeis

0 e—w2/4b
px,y, t)= —/ % wJo (rw) cos(wt)dw, (5.171)
0

where Jg isthe Bessel function of the first kind of order zero, and b = In2/w? with
w = 0.06.

We present solutions for the propagating circular wave at time ¢ = 0.7 in
Figs. 5.12 and 5.13. The solutions were computed with 70 points in each direc-
tion and a time step of Ar = 8.75 x 10~4. With this number of points, the initial
Gaussian for the pressure is resolved by about eight pointsin each direction. Wein-
terpolated the solutions to 100 pointsin each direction for the plots by Algorithm 35
(2DCoarseToFinel nterpolation). Figure 5.12 shows contours of the pressure, which
illustrates that the circular shape of the wave is retained. Figure 5.13 allows the
comparison of the exact and computed solutions along theline y = x.

Exercises
5.1 Derive acollocation approximation for

Qxx + Qxy + @yy = f.
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Fig. 5.12 Computed pressure contours at time ¢ = 0.7 for a propagating circular wave for
N =M =70and Ar = 8.75 x 10~* interpolated to 100 uniformly spaced points in each direc-
tion

Cross derivatives appear when considering problemsin curvilinear coordinates.
5.2 Repeat Problem 5.1 for the nodal Galerkin approximation.

5.3 The steady solution of the advection-diffusion equation can be computed by
letting time go to infinity for the time dependent equation or by solving the steady-
state equation

q-Vo—Vip=f
directly. Derive the collocation approximation to the steady-state advection-
diffusion equation for Dirichlet boundary conditions. What iterative method should

be used to solve the system of equations? (Unfortunately, preconditioning for the
advective term is problematic. See[7].)

5.4 Repeat Problem 5.3 for the nodal Galerkin approximation.
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Fig. 5.13 Comparison of the 0.1_-.-- e
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5.5 Modify Algorithms 63 (Nodal2DStorage) and 65 (Construct) to compute the
Chebyshev collocation approximation using Algorithm 40 (FastChebyshevDeriva-
tive) instead of matrix multiplication to compute the spatial derivatives.

5.6 Extend the Noda PotentialClass to solve variable diffusion coefficient prob-
lems, approximated by (5.27), for v =v(x, y, ).

5.7 Show that the coefficient matrix for the Laplace operator, (5.32), is not sym-
metric.

5.8 A thin, rectangular plate shown in Fig. 5.14 iskept at afixed temperature along
its edges and is allowed to radiate through its surface. When suitably scaled, the
steady temperature distribution satisfies the equation

V2o =y2(¢ —¢0),

where y2 isaconstant that isinversely proportional to the thermal resistance of the
material.

1. Derive the collocation approximation for the problem.
2. Compute the solution of the collocation approximation, plot its contours, and
compare to the exact solution

2_2

2 &, sn(ZE) sinh[(b — y)(y? + B55)1?2] pa . /nmx

Y=~ Z : 2 n2m2 2 i / f(x)Slh( )dx
an:l Smh[b(J/ + a2 )l/] 0 a

for f(x) = e~ (x—a/2?,
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Fig. 5.14 Geometry and
boundary conditions for
steady temperatures on athin
plate with radiation

3. Compare the contours for several values of 32 and to those of a fully insulated
plate.

5.9 Redo Problem 5.8 with the nodal Galerkin method.

5.10 For wave reflection at a straight boundary, the angle of incidence is equal to
the angle of reflection. This appearsto betruein Fig. 5.11. Compute the benchmark
problem of Sect. 5.4.3 for various angles of incidence and find the range of angles
over which the angle of reflection is accurate.

5.11 Typical rules of thumb for the number of points per wavelength needed to
propagate sinusoidal waves accurately with finite difference approximations are 32
points per wavelength for second order methods and eight points per wavel ength for
fourth order methods. Multiply the exponentia factor in (5.169) by a sinusoidal fac-
tor sin(w(k, (x — x0) + k,(y — yo) — ct)) and choose the frequency « so that there
is at least one wavelength fully represented across the Gaussian envelope. Exper-
iment with the discontinuous Galerkin method to find the number of points per
wavel ength needed to propagate the pulse accurately. In practice, polynomial spec-
tral methods need only an average of 4-5 average points per wavelength.

5.12 If awall boundary is placed along one of the boundaries in the benchmark
problem of Sect. 5.4.4, the method of images can be used to create the exact solution
from (5.171). Compute the solution with a single wall to study how well a circular
waveis reflected from a straight wall.



Chapter 6
Transformation Methods from Square
to Non-Square Geometries

Thefirst step to extend spectral methodsto complex geometriesisto derive methods
for quadrilateral domains with curved sides. The approach most commonly used is
to create a transformation from the domain on which we want the solution to the
sguare. In common terminology, the original domain is called the physical domain.
The sguare is the computational domain. After we map the domain and transform
the equations to incorporate that mapping, we apply techniques that we devel oped
in the previous chapter to the equations on the square.

6.1 Mappingsand Coordinate Transfor mations

To use the spectral methods that we devel oped in the previous chapter, we create an
algebraic map x = (x, y) = X (&, n) between the physical space coordinates (x, y)
and computational space coordinates (&, n). In practice, the mapping will take a
point in the reference square [—1, 1] x [—1, 1] and transform it to a point in the
physical domain, aswe sketch in Fig. 6.1.

Except in specia cases, wewill not have an explicit formulafor what seemsto be
the most natural transformation, namely, from the physical domain to the reference
sguare. An example where we do is the orthogonal mapping between the reference
square and the quarter of the annulus (r, 0) € [1, 3] x [0, /2]

x] _[@+§)cos(m (n+1)/4)
u =XEm= [<2+s)sin<n (n+1)/4)] 1)

Orthogonal analytic mappings are known for some other special geometries, e.g.
giving cylindrical or elliptical coordinate systems. In other situations, we could de-
rive conformal mappings. But in general, for simply connected domains like quadri-
lateral domains without holes, we derive an agebraic transformation that at least
guarantees that the boundaries of the reference square are mapped onto the bound-
aries of the physical domain.

Algebraic techniques are commonly used with spectral methods to transform
from a sguare to a general quadrilateral domain. The techniques assume that the
boundaries of the quadrilateral domain are smooth, except at the four corners. It is
possible to generate smooth mappings when the boundaries are not smooth through
the solution of an elliptic system of partial differentia equations, but we will not
cover those methods here. The topic of mapping domainsis an important onein grid
generation. For further study, the books[15] and [11] can provide starting points.

D.A. Kopriva, Implementing Spectral Methods for Partial Differential Equations, 223
Scientific Computation,
© Springer Science + Business Media B.V. 2009
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Fig. 6.1 Mapping of ageneral quadrilateral to the reference square

6.1.1 Mapping a Straight Sided Quadrilateral

To motivate the algebraic approach to mapping, we map a square to a straight-sided
quadrilateral whose four corners are {x; }4:1 numbered counter clockwise as shown
in Fig. 6.1. Although such a simple physical domain does not seem to be a particu-
larly big extension from a square domain, it will prove useful for spectral element
approximations that we derive in Chap. 8, since most mesh generation programs
will generate straight sided el ements.

The creation of the mapping from the unit square to a straight sided quadrilateral
is nothing but an interpolation problem. The problem is to find a function that is
linear in & and n and takes on the values of the corners of the physical domain at
the corners of the reference square. In fact, thisis exactly the bilinear interpolation
problem that we used in Sect. 5.2.2.3, to develop a bilinear finite element precondi-
tioner. Thistime, instead of interpolating the solution that takes on particular values
at the corners, we interpol ate the location bilinearly between the four corners of the
quadrilateral. Since the mapping we used previously started from the unit square,
we will start here with a mapping from the unit square with coordinate (£, 7), and
transform the result afterwards to the reference square with coordinates (¢, ).

Using the notation of Sect. 5.2.2.3, the bi-linear interpolation between the unit
square and the quadrilateral is

X(€,7) = X1¥0,0 + X2¥1,0 + Xa¥1,1 + Xavo1. (6.2

If we write the basis functions explicitly,
X(&,7) =x1(1 =&)L= 7) + X2 (L — i) + X37] + Xa(L — )7 (6.3)

Clearly, this mapping takes on the four corner values of the physical domain at the
four corners of the unit square, that is, X (0, 0) = X1, €tc., and islinear in each of the
coordinate directions.

We write the transform from the reference square to the quadrilateral through
another transformation. To map from the reference square to the unit square, we
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Algorithm 95: QuadMap: Mapping of the Reference Squareto a Straight Sided
Quadrilateral

Procedure QuadMap

Input: {(x;, y)}4_y. &1
1

X < Z{x1(1—$)(1—n)+X2($+1)(1—77)+X3(S+l)(1+n)+X4(1—$)(n+l)}
1

y < Z{yl(l—é)(l—n)-l—yz(é+1)(1—n)+y3(5+1)(1+n)+y4(1—§)(n+1)}

return (x, y)
End Procedure QuadMap

introduce the affine map

£E+1 . n+1

—, =—. 6.4
> =" (6.4)

When we substitute this transformation, we get the map from the reference square

to the quadrilateral

E=

1
X(S,n)=Z{Xl(l—é)(l—n)+Xz(§+1)(l—n)
+x3E+DA+n)+xa(1-8)(n+1D)}. (6.5)

Implementation of the mapping from the unit square to a straight sided quadrilateral
isstraightforward. Algorithm 95 (QuadM ap) takes the four corner pointsand returns
thelocation (x, y) in physical space for any point (&, n) in the reference sguare.

6.1.2 How to Approximate Curved Boundaries

The more general situation occurs when the physical domain is bounded by four
curves, T';, j =1,2,3,4 asshown in Fig. 6.1. These curves might be represented
by an analytical formulaor by an interpolation. Asageneral rule, we will represent
the curves as a polynomial interpolant of the same order as the spectral solution
approximations,

N
INT(s) =) T (1) tls) (6.6)
k=0

known as an isoparametric approximation. A polynomial representation is conve-
nient since we will need derivatives of the boundary curves after we transform the
equations later in Sect. 6.2. The polynomial approximation of the boundaries en-
ables a general representation of the transformation of the equations; The isopara-
metric representation means that the boundary is approximated to the same polyno-
mial order asthe solution is.
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Algorithm 96: Curvelnterpolant: A Curve Interpolant Class Definition

Class Curvel nterpolant
Data:

N N N
N {nodes; } o, {(xj. )} o {witio

Procedures:
Construct(N, {nodes;, }7:0, {(xj,yj)}j,\lzo) /1 A gorithm 97
EvaluateAt(s) ;// Al gorithm 97

DerivativeAt(s) ;// Al gorithm 97
End Class Curvelnterpolant

From the implementation point of view, it is useful to represent a curve as an
instance of a class that represents an interpolant, such as we show Algorithm 96
(Curvelnterpolant). The minimum data that we need for such a class are the nodes
and the values at those nodes. The methods in this class are the constructor and a
function that returns the location of the curve for a given value of the parameter.
Later we will want the derivative of the curve with respect to the parameter, so we
includeit now in the class definition. The array w storesthe barycentric weights that
we defined in Sect. 3.4.

We show the methods to be implemented by the classin Algorithm 97 (Curveln-
terpolantProcedures). For convenience, we have the constructor for the Curvel nter-
polant make a copy of the input data. It then computes the barycentric weights for
use later to evaluate the interpolant and its derivatives. The methods EvaluateAt and
DerivativeAt use the Lagrange interpol ation methods that we developed in Sects. 3.4
and 3.5.1.

Anissueis how to parametrize the boundary curves. As a general rule, it is best
to parametrize them according to arc length, or a reasonable approximation thereto,
along the curve. Weiillustrate the difference the choice of parametrization can make
inFig. 6.2, which shows how well equally spaced pointsin the parameter map along
acircular arc. Clearly the parametrization in x does not adequately represent the arc,
while the parametrization in angle (proportional to arc length in this case) does.

Parametrization according to arc length has been a subject of research in the
Computer Aided Design (CAD) field for many years, where it isimportant to draw
accurate representations of curves quickly. Here we will outline a procedure that is
not optimized for speed, and hence is best used as part of a pre-processing stage of
a computation.

To explain how to (re-)parametrize a curve, let's assume that it is originally de-
fined by some function of a parameter, x(¢). The goal is to find the relationship
between the parameter ¢+ and a new parameter s that varies linearly with the arc
length. Since we assume that the boundaries will be parametrized by an argument
that varies between negative one and one, we will take s to be the arc length divided
by thetotal arc length, L, mapped to [—1, 1]. Once we have the rel ationship between
s and ¢, we can compute the interpolant through values x(z (s)) for points along the
curve, typically the Chebyshev Gauss-L obatto points, (1.130).
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Algorithm 97: CurvelnterpolantProcedures:

Procedure Construct
Input: N, {nodes;, }?’:0, {(x;, yj)}j.vzo,
Uses Algorithms:

Algorithm 30 (BarycentricWeights)

thisN < N
for j=0to N do
this.nodes; < nodes;
this.x; < x;
thiS.yj <~ Vj
end
{thisw; }j.V:O <« BarycentricWeights( {nodes; } j.\;o)
End Procedur e Construct

Procedure EvaluateAt
Input: s
Uses Algorithms:
Algorithm 31 (L agrangel nterpol ation)
x < Lagrangelnterpolation(s, this. {nodes; }?’:0 , this. {x; }?':0 , this. {w; }?':0)
y < Lagrangelnterpolation(s, this. {nodesj}j,‘;o,this {y,-}?’zo, this. {wj}j.\;o)
return (x,y)
End Procedure EvaluateAt

Procedure DerivativeAt
Input: s
Uses Algorithms:
Algorithm 36 (L agrangel nterpolantDerivative)
N
j=0"
y' < Lagrangel nterpol antDerivative(s, this. { nodes; }j.\;o this. {y;}
return (x’,y’)
End Procedure DerivativeAt

x' < Lagrangel nter polantDerivative(s, this. {nodes; } ", this. {x,-}?’zo,this {w;}? o)

j=
oo this fw; ) o)

Given the parametric representation of a curve, the arc length from alocation zg
toalocationt is

t
s=s0= [ @+ 0@z, 67)
1o

If the analytical derivatives of the curve are not easily found, we could use afinite
difference approximation of them. The total arc length of the curveisjust

1y
L= [ Voe?+ ey 69)
fo

We could compute the total arc length with a standard Newton-Cotes composite
guadrature rule, such as the Trapezoidal or Simpson Rules.
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Fig. 6.2 Two parameterizations of a circle. On the l€ft is uniform parametrization in x. On the
right is uniform parametrization in arc length. Circles are interpolation nodes. The solid lineisthe
fifth order interpolation through the nodes and the dotted line is the exact circle

The problem of finding the relationship between the arc length then reduces to
one of finding ¢ such that

1 t
s=7 / \/ ('(2))? + (' (2))%dz. (6.9)
fo

Specifically, given a set of interpolation nodes s;, j =0,1,..., N, with so = -1
and sy =1, we seek ¢; such that

1[4
sj=7 / \/<x'<z>)2+<y’<z>)2dz—1. (6.10)
fo

Since we know 1 for sg as the starting point of the curve, we can re-write the prob-
lem as arootfinding problem

1[4
Sj=Sji-1= 7 / @2+ ()22 =0 (6.11)
j—1

fort;, j=1,2,..., N—1. Therefore, we can computethe arclength parametrization
by computing the integral by a quadrature rule, with the derivatives approximated
by finite differences if the exact values are not available, and Newton’s method to
solve the rootfinding problem.
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6.1.3 How to Map the Reference Square to a Curved-Sided
Quadrilateral

The commonly used method to create a transformation between the quadrilateral
bounded by the four curves and the reference square is called transfinite interpola-
tion. Specifically, transfinite interpolation with linear blending is most often used
with spectral methods. We create this transformation by the linear interpolation be-
tween the four curves that represent the physical boundary. We will again develop
the map from the unit square to the physical domain first, and then incorporate the
affine transformation (6.4) to the reference square.

To derive the mapping, we first create a linear interpolation between two oppos-
ing curves, say I> and I'; inFig. 6.1

Xap(E,7) = (L—&) (i) +EI2 (7). (6.12)

]’his interpolation matches the two entire boundaries T'4 and T'> for § =0 and
& = 1. If the other two sides of the domain are straight, we're done. If not, we
need to incorporate those. The linear interpolation between the other two sides
is,

X13(€,7) = (1 =) T1(§) +7T3(§).- (6.13)

The final result will be a combination of the two interpolations, starting with the
sum

2(5.7) = (1-8§)Ta( +ET2() + A -DT1(E) +7l3(5).  (6.14)
The combination no longer matches the boundaries, in general. For instance,

(0,7 =Ta@m + {1 —-nT10) + 730}, (6.15)
X1, ) =T2m) + {1 -nID) +7l3(D}. '

To match the boundaries, we need to subtract the linear interpolant of the additional
terms that appear in the braces of (6.15),

(1-&){@-DT10) + T30} +& (1 — HT1(L) +7T3(1)} . (6.16)

Subtraction of the correction term gives the transfinite map between the unit square
and the physical domain

X(€.7) = (1— &) Iu(@) + EN@) + (L —7) ' () + 7 T3(8)
— (1-&){@—7) () + 73(0)}
—E{(1— ) (D) + 73D} (6.17)
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Algorithm 98: TransfiniteQuadMap: Mapping of the Reference Square to a
Curve-Bounded Quadrilateral

Procedure TransfiniteQuadMap
Input: &,
Input: {Fj}jzl;// O type Curvel nterpol ant
Uses Algorithms:
Algorithm 96 (Curvel nterpolant)
Algorithm 97 (Curvel nterpolantProcedures)

(x1, y1) < I'1.EvaluateAt(—1)
(x2, y2) < I'1.EvaluateAt(1)
(x3, y3) < I'3.EvaluateAt(1)
(x4, ya) < I'3.EvaluateAt(—1)
(X1, Y1) < I'1.EvaluateAt(&)
(X2, Y2) < I'>.EvaluateAt(n)
(X3, Y3) < I'3.EvaluateAt(&)
(X4, Ya) < I';.EvaluateAt(n)

1
x= E[(1—§)X4+(1+$)X2+(1—;7)X1+(1+n)xg]

1
- Z[(175){(1*n)X1+(1+rI)X4}+(1+€){(1—n)XZ+(1+77)X3}]

[A-&Ya+ A+ E Yo+ Q- Y1+ (A+n) Y3]

NI =

y:

1
= Z[(1—5){(1—n)y1+(1+n)y4}+(1+€){(1—n)y2+(l+n)y3}]

return (x, y)
End Procedure TransfiniteQuadMap

We get the final mapping function when we apply the affine transformation from
the unit to reference square (6.4)

X(E,n) =

NI =

[(A=&) ) + A+ D2 + A=) 1) + L+ ) 13(5)]

1
-2 [A=&{A—n =D+ A+ n (=D}
+ QA+5{A—n @+ A+ D] (6.18)

We easily construct the transfinite mapping with the Curvel nterpolants that we
introduced in the previous section. Algorithm 98 (TransfiniteQuadMap) takes the
four curves as input and the location in computational space. It returns the corre-
sponding location in physical space. The algorithm takes into account the fact that
the transfinite map (6.18) needs the four curves to be evaluated at the four corners
and at four locations along the curves.

The transformations from the reference sguare to the physical domain can be
orthogonal or non-orthogonal. To illustrate, we show in Fig. 6.3 the results of two
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Fig. 6.3 Two mappings from
the reference square

transformations, M1 and M» given by

ri@=@2+4§4%,

I2(n)=3cos(r (n+1)/4)x+3sin(@ (n+1) /479,

M .
Y@ =2+63,
Fa(m)y=cos(x(n+1D/Hi+sin(@n+1)/4)y
and
i) =2+%)%,
Mo I2(n) =3(1—n)/2x +3(1+1n)/29,

I3¢)=2+%)7,
TFs(n)=cos(x(n+1)/Hx+sin(x(n+1)/4y.

231

(6.19)

(6.20)

We see that M, produces an orthogonal grid on the mapped domain, but that M2

does not.

6.2 Transformation of Equations under Mappings

We introduced a mapping from the square computational space to physical space
because we can already use spectral methods on the square. Under mappings the
equations themselves are transformed, essentially by result of the chain rule. In this
section, we describe ageneral approach to transform equations under mappings.
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Formally, we find the effect of a mapping by use of the chain rule. For instance,
given amap x = X(&, n), derivatives of afunction u(x, y) transform as

du  du d&  Ju dn
9x 9 ox | oy ox’
ou Judé& duan
ay 9Eay onay

(6.21)

Unfortunately, we typically know the transformation from the reference square to
physical space, X = X (&, n), likethose we derived in the previous section. The deriv-
atives &, £, etc. require the inverse of the transformation, which we don’t know in
general, nor isit often practical to find it by inverting the original mapping function.
We usually compute the values by recognizing that we can write the transformation
of the derivatives in matrix-vector form,

ou &  Jn ou
ox | | dx Ox d&
du |~ | 96 9n ou |’ (6.22)
ay ay dy an
Similarly, the chain rule says
ou ax dy ou
06 | | o0& 0¢& ox
ou | | ax 3y ou |- (6.23)
an on  dn] Lay
It follows that
& an ax oyt
ox odx | | 06 0%
9 odn | | 9x 9y ’ (6.24)
dy dy an  dn

So we can compute the matrix, which is nothing but the Jacobian of the transforma-
tion, indirectly from the mapping by way of the matrix inverse.

Although the tack of using the Jacobian matrices is familiar, we will take a dif-
ferential geometry approach to find how equations transform under mappings that
extends well to three dimensions. In fact, it is most easily derived in three dimen-
sions and then later simplified to two. The differential geometry approach will also
make concepts like normal s along curved boundaries straightforward to understand.

To begin the general study of the transformation of derivatives under a mapping,
we introduce the spatial coordinates in physical space X = (x, y, z) = (x1, x2, X3)
and in computational space & = (£, n, ¢) = (£1, £2, £3). Both define curvilinear co-
ordinate systems. Which is physical and which is computational is ssmply a matter
of convention. We will assume, however, that we have a mapping X = X(&, 7, ¢)
that transforms the computational space to the physical space.
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Fig. 6.4 Covariant and
contravariant coordinate
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We next introduce two (useful) types of basis vectors to represent directions in
physical space. Thefirst isthe covariant basis a;, for i = 1, 2, 3, which variesalong
acoordinateline. The second isthe contravariant basis, a , which points normally to
a coordinate line. We compare these two bases in two space dimensionsin Fig. 6.4.

The covariant basis is defined to be tangent to a coordinate line, so it isthe limit
(seeFig. 6.4)

a= lim 2X_% . _1,3 (6.25)
AE1—0 Aél d&!
The covariant basis vectors are the vectors that we can actually compute from the
mapping function.

The contravariant basis vectors are normal to the coordinate lines and are defined

by the gradients

a=ve, i=123. (6.26)

Formally, it appears that we need the inverse of the transformation, £ = X ~1(x) to
compute the contravariant basis vectors.

Thefirst step before we transform equations is to write how derivative operators

transform under a mapping. First, we see that we can write a differential element in
terms of the covariant basis vectors

dx = —Sdé + —dn + —d; Zalds’ (6.27)
i=1

The arc length differential element is the magnitude of this vector

3 3 3

3
ds)?>=1dx?=> "> a-ajde'ds! =) " " g;jdede’, (6.29)

i=1j=1 i=1j=1

where we have used the definition of the covariant metrictensor g;; =a; -a; = gj;
to simplify the sums.
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Fig. 6.5 Surface element
vector computed from
covariant basis vectors

Next, we define the surface area element, which we compute from the cross prod-
uct (Fig. 6.5)

dS =a;d&! x apdg* = (a; x a)d&! d&*. (6.29)

Here, i, j, k are considered to be cyclic, that is, the ordering for (i, j, k) is (1, 2, 3),
(2,3, 1), etc. For instance, a surface element in Cartesian space with size Ax inthe
% direction and Ay in the $ direction has the surface area element d 5@ = AxAyz
according to thisrelation.

Finally, the volume element extends the surface element in the normal direction

dV =a; - (aj x ay)d& del dgr, (6.30)

In terms of the covariant metric tensor, a bit of vector algebra shows that the coeffi-
cientis
8 - (aj x &) = det(g) = J, (6.31)
giving the well-known result from calculus
dV = Jdg'dgTder. (6.32)
We can now derive how different derivative operators transform under amapping.

First, recall that the divergence of aflux, F, is defined as

. 1
V-F= lim — F-dS. (6.33)
AV—=0 AV Jyay

If we take the volume to be a differential pillbox, Fig. 6.6, the surface integrals are
(G, j, k) areaways cyclic)

3
{F (aj x &) A8 A% T —F . (a; x ak)AEjA§k|_}. (6.34)
=1

With AV = J A& AET AEF,

L Ei{F~<aj x 8) AET AE — F - (a) x a0 A8 AFH|” }
AV Jyy J Agi

i=1
(6.35)
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Fig. 6.6 Differential volume gk‘\
element for divergence
1 as’| || asi|"
wl G TP
20
| f
e — ¢

=Y (@ ). (6.36)

Equation (6.36) is known as the conservative form of the divergence because of its
relation to the differential form of a conservation law.

We derive and alternative, called nonconservative, form by noting that the di-
vergence is invariant under the transformation. Suppose that the flux is an arbitrary
constant, F = c, then

1 0
== Z aél (c-(aj x &) = (6.37)

Sincethe vector cisarbitrary, each coordinate contribution must individually satisfy
therelations

3
d
Z N (8 x &) = (6.38)

known as metric identities. Notice that (6.38) says that the divergence in computa-
tional space of specific products of the covariant bases must vanish.

With the help of the metric identities, we rewrite the divergence in the noncon-
servative form

3
1 oF
i=1
We derive the representation of the gradient operator in computational spacefrom

the divergence operator. If we write out the termsin the nonconservative form of the
divergence,

0F1 0Fy 0F3 BFlA 0F>, 0F3,
—_— —_— _— = a . . b
=t o Z(,xak) (851 ag,y+aglz)

(6.40)



236 6 Transformation Methods from Square to Non-Square Geometries

we can match the terms on either side of the equation to get the nonconservative
form of the gradient of ascalar, f,

Z (aj x ak)@ (6.41)

We use the metric identities, (6.38) again to derive the conservative form

13,9
V== Zaé, [(@; > &) f]. (6.42)

Notethat al of the transformations of the differential operators are in terms of quan-
tities that we can compute directly from the mapping, namely the covariant basis
VECtors, ;.

We use the gradient relations to find the contravariant basis vectors. To relate the
contravariant and covariant basis vectors, we set f = £. Then the gradient of £/ is

Z (a) x ) = > sl’ (6.43)

with (Z, j, k) cyclic. Since 8&7 /&' = 8,

1
Ve =d =@ xa), (6.44)

or
Ja =a; x a. (6.45)

Because we construct the transformations from the computational to the physical
domains so that physical boundaries correspond to either a ¢ = const or n = const
line, we can compute boundary normals from the contravariant basis vectors. We
need boundary normals to set Neumann or normal flux boundary conditions. Since
the contravariant basis vectors are normal to a coordinate line, a normal in the pos-
itive direction of the ith coordinate variable is in the direction of a’. Therefore we
use (6.43) to derive the normal in the direction of increasing &' as

Ai_|J| a; X &

LA Rk 2 (6.46)
J o llaj < all

where || - || denotes the Euclidean norm of the vector.

The relationship between the covariant and contravariant basis vectors allows us
to rewrite the conservative forms of the differential operators that we have derived
so far. For instance, we can write the divergence in the more compact form

3
= _lyd (J a - F). (6.47)
J 85’

i=
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Similarly, the gradient becomes

Z 7al 9 agt . (6.48)

i=1

Finally, the metric identities are equivaent to

3
oJ a’
> 5 = (6.49)
i=1

We derive the curl, div-grad and L aplace operators using the same sorts of argu-
ments that we have used to derive the gradient operator, so we merely list them here.
They are

3

1 d . OF
Vszjga—gi[JaxF]zaxa—gi, (6.50)
1 3
V.Vf)= Z e ZJ al — asz , (6.51)
3
1
V2f = Z g Z jal L 85/ . (6.52)

Both the covariant and contravariant vectors form bases for three dimensional
space, SO we can express vectors as expansions in either basis. The covariant com-
ponents of avector, F, are the projections onto the covariant basis,

F—a F (6.53)

while the contravariant components of the vector are the projections onto the con-
travariant basis vectors
Fi=d .F. (6.54)

We can then express the vector as an expansion in either basis

3 3
F=Y Fa=Y Fa. (6.55)
i=1 i=1

We conclude this section with the definition of the contravariant metric tensor
g/ =a -a/ =g/'. Since (6.45) implies that & - a/ = §; ;, the contravariant and
covariant metric tensors are inverses of each other, i.e., g/ = (g,‘j)_l. We can write
operators like the Laplacian compactly in terms of the contravariant metric tensor,
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for

13, 9 3
v2p=tig
-3 | N

e
m‘Q)

~| -
||
N
|

_Zagl ZJa a/agj =

j=1 i

0

.9
,- ZJg”gfj . (6.56)
=1

6.2.1 Two-Dimensional Forms

Since we are only really considering two-dimensiona problems here, we should
specialize the common differential operatorsto two dimensions. In two dimensions,
the covariant basis vectors for amapping x = X(&,n) = Xx + Yy are

a 0X XeX + Yey
= — = X .
ax R . (6.57)

= % =X, x+1,y,

613=2.

We derive the contravariant bases from these by the relation (6.45) for i = 1, 2 and
the Jacobian

J=ay- (@2 xaz)=X¢¥, — Ye Xy (6.58)
When we evaluate the cross product directly we get

Jal=ap x ag =Y, % — X, 9,

(6.59)
Jazz% x a;=—YeX +X§)A1.
We then compute boundary normals from (6.46)
’;\ll: ﬂyﬂ')e — Xﬂj}
J vz y2
Yo+ X
n n
(6.60)

T [y2 2
Y§+X~S

We write the conservative and nonconservative forms of the divergence using the
contravariant basis vectors. The conservative formis

1[0 d
-2 {g(ﬂ) + %(FZ)} (6.61)
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where
Fl=Y,F1 - X, F>,
F2=—Y:F1+ X: F>.

The nonconservative formis

1
V-F= 7 {Yn (F1)g — Xy (F2)g + Xg (F2), —
The gradient reduces to

1

Ye (Fl)n}'

N NN
Vi=7 {(Ynx—Xny)éJr(—stJrXsy) %}

1 of af of
_7{<Yn8§ Yga >x+< 7785-1-

in two space dimensions.

af \
S8n>y}

We rewrite V - (vV f) using (6.61) and (6.64). From (6.64),

_1(yof _, o
F1_1<Y”8s )

_ af f
F2—7( Xnaé‘i‘ gan)

The contravariant fluxes are therefore

F1:ﬂ<y o Yaf)—v—X”(—X —f+ngJ;>,

7 9 o J

J

F2= % (Y I _y af)JF&(_X _f+X§8f>'
7 an

06 Fon
or, when we gather together the derivatives of f,

2 y2
Y+ X5 _UYEYU+X§X77

Flzv
7t 7

I

2
YV, + Xe X YE+ X
Usn+5nf+vs

F2=—
7 § 7

We get the Laplacian when v = 1.

ffn‘

239

(6.62)

(6.63)

(6.64)

(6.65)

(6.66)

(6.67)

As an example of mapping an equation in two space dimensions, let us write the
Laplace operator in cylindrical coordinates. We know the transformation between

(x,y) and (r,0) = (&, n) exactly as

x| _ _|&cos(n)
M‘X‘[sdn(n)]

(6.68)
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The metric (transformation) derivatives of this mapping are

Xe=cos(n),  X,=-&sin(n),

. (6.69)
Ye =d€in(n), Y, =& cos(n),
s0 the Jacobian of the transformation is
J=XeY) — X Ye =6, (6.70)

When we make the substitutions for the metric derivatives, we find that the cross
derivative termsin (6.67) exactly cancel

Ynyaf aniz

7 %9y T "oy

Y, J X 0
Yoy O Xey W g
J Tag g TTag

0,
(6.72)

as we should expect since both coordinate systems are orthogonal. When we com-
bine the remaining terms we get the recognizable formula

2,10 (05 10
V=i (%)t rt 672

6.3 How to Approximatethe Metric Terms
To approximate the metric terms, 9X,/0&7, i, j = 1, 2, let us assume that X (&, n)

is defined by the transfinite mapping shown in (6.18) and evaluated using the proce-
durein Algorithm 98 (TransfiniteQuadMap). The derivatives of the mapping are

X 1 , ,
%3 {T20) —Ta(m) + A=) + A+ n)T5)}
1
— 7 (A= IT1(D) = Ta(=D] + L+ [T3(D) — Ta(=DI},
(6.73)
X 1
=2 {A=8T3m) + A+ ET5Hm) +T3E) —T1(H)})

1
~2 {A=8)[T3(=D) —T1(=D] + A +§)[T3(D) — T1(D]}.

Since we know how to compute the derivative of the boundary curves exactly us-
ing the procedure DerivativeAt in Algorithm 97 (Curvel nterpolantProcedures), the
computation of the metric termsiis straightforward.

No matter how the metric terms are computed, it is important to verify that the
metric identities, (6.38), which are satisfied by the exact metric terms, are also sat-
isfied by their approximations. Satisfaction of the metric identities can be viewed as
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aconsistency condition. It is especially important for the integration of wave propa
gation problemsin curvilinear coordinates when using the conservative form of the
equations. If the metric identities are not satisfied, spurious waves can be generated
solely by the grid.

To help appreciate how important it is to satisfy the metric identities, let's ap-
proximate the one-way wave equation

Or+ox+oy =90 +V-F=0,
F=¢i+¢9 (6.74)

by a collocation approximation on a mapped domain. Under the transformation,
(6.61) givesthe conservative form of the equation

1o 0
-1 — (Y, —X — (- X =0. 6.75

Inthe original equation (6.74), it isclear that a constant solution remains constant
for al time. The same must be true analytically for the equation in the computational
coordinates. If ¢ isaconstant in space, then

¢

a a
o= =)+ - [ x| =0 (6.76)

3
provided that the transformation is smooth and the cross derivatives are equal, which
allowsthe spatial derivative termsto cancel. Thus, ¢, = 0 for all pointsin space.

If we approximate (6.76) by polynomial collocation, the solution will not nec-
essarily remain constant unless certain conditions are met. To get the collocation
method, we approximate the solution by a polynomial

N
e E M. yEMDE D= Bl (§)L; 0. (6.77)

i,j=0

We also approximate the fluxes by a polynomial

N
(Y = Xy) o~ In [(Yy — X;) @] = Z [(Yn)i,j - (Xn)i,j} @i, jti (§) £ (),
i,j=0

N
(~Ye+Xe) o~ In[(~Ye+Xe) @] = Y- {(¥e), ;+(Xe), ;@i @ ¢ (.
i,j=0
(6.78)
The collocation approximation enforces the equation at the collocation points, so

1(0 a
=7 {FN [(1) = X)) @]+ 5 I [(=Ye + Xe) @]}i -6
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We'll complete the approximation later when we will substitute for @ from (6.77)
and write the result in terms of the derivative matrix, D. At this point however,
it suffices to see that the right hand side of (6.79) vanishes when ¢ = const if
seINYy = 5o In(Ye) and gz Iy X, = 71y Xe. Unfortunately, in general they are
not, for recall that differentiation and interpolation do not always commute. Since
the right hand side of (6.79) does not necessarily vanish even when @ is constant,
the solution can change in time, causing unphysical waves to be generated and to
propagate through the grid.

To ensure the metric identities are satisfied for the collocation approximation, we
see that a sufficient condition is

aIY aIY

—InY, = —InYe,

3 3

; g (6.80)

ad
gINXn = EINX&
which meansthat differentiation and interpol ation need to commute. Sincethe inter-
polation and differentiation commute only if there are no errors, the metric identities
are satisfied if we represent the mapping X as a polynomial of degree N or less.

To require that the mapping X (&, n) be a polynomial of degree N or lessis per-
haps a surprising result. It means that we should not use an analytical mapping such
as(6.1) and differentiate it analytically to get the metric derivatives. Using the exact
derivatives can generate errors. Instead, it is better to approximate the mapping by
apolynomial (most likely by interpolation, although trucation is of course possible)
and then compute the metric terms.

Armed with the principle that the mapping should be represented by a polyno-
mial of degree N or less, we see that the isoparametric transfinite interpolation of
(6.18) and Algorithm 98 (TransfiniteQuadMap), i.e, where the boundaries are ap-
proximated by polynomials of degree N, nicely fits the bill. This also means that
the metric terms computed via (6.73) will satisfy the metric identities.

6.4 How to ComputetheMetric Terms

We implement the computation of (6.73) in Algorithm 99 (TransfiniteQuadMetrics),
which takes the four curves, each represented by a polynomial interpolant, plus the
desired location in the computational domain, and returns the metric coefficients at
that location. The boundary curves may not necessarily be represented at the same
points as are needed by the spatial approximation. For instance, it is possible to rep-
resent the boundaries by Chebyshev interpolants, while the spatial approximation
is Legendre. To be flexible, we compute the boundary derivatives using the general
form of the barycentric interpolant derivative, (3.45) and (3.46). If we evaluate and
store the metric coefficients at the beginning of a computation, how we compute
them is not the most significant cost factor. To be complete, we aso include a pro-
cedure to compute the metric terms when the sides of the domain are straight lines
in Algorithm 100 (QuadMapMetrics).
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Algorithm 99: TransfiniteQuadMetrics: Computation of the Metric Terms on
a Curve-Bounded Quadrilateral

Procedur e TransfiniteQuadMetrics
Input: &,
Input: {I‘j}j!:l;// O type Curvel nterpol ant
Uses Algorithms:
Algorithm 96 (Curvel nterpolant)
Algorithm 97 (Curvel nterpolantProcedures)

(x1, y1) < I''.EvaluateAt(—1)
(x2, y2) < I'1.EvaluateAt(1)
(x3, y3) < I'3.EvaluateAt(1)
(x4, ya) < I'3.EvaluateAt(—1)
(X1, Y1) < I'n.EvaluateAt(&)
(X2, Y2) < I.EvaluateAt(n)
(X3, Y3) < I'3.EvaluateAt(&)
(X4, Ya) < I'y.EvaluateAt(n)
(X}, ¥]) < I'.DerivativeAt(&)
(X}, Y}) < I>.DerivativeAt(n)
(X%, Y3) < I'3.DerivativeAt(&)
(X}, Yy) < I'y.DerivativeAt(n)

1 1
Xe < 5 {X2 = Xat L= )X] + A+ 1) X5} = Z (A=) (2= x0) + A+ 1) (3 — xa))
1 1
Y3 (Ya=Ya+@—nY]{+A+n) Y} - 2{@=m 2=y + A+ (33— ya)
1 1
Xy < > {A-9X,+ A+ EX,+ X3 — X1} — Z{(l—f)(m—xl)-i-(1+-‘§)(X3—x2)}

1 1
Yy <3 {A-OY,+ QA+ oY+ Y3 — 11} - 2(@=9H0a—y)+A+8 (3 - y2)}

return (Xe, Xy, Ye, Yy)
End Procedure TransfiniteQuadMetrics

Algorithm 100: QuadMapMetrics: Computation of the Metric Terms on a
Straight Sided Quadrilateral

Procedure QuadMapMetrics
Input: {(Xj,y]‘)}j:]_sgyn

1
Xe < 2 {(L—n)(x2 — x1) + (L +n)(x3 — x4)}

1
Ye < —{Q=m(2—y1)+Q+n)3—ya)}

4
1

Xy < 2 {(1—&)(xa —x1) + (1 + &) (x3 — x2)}
1

Y, < 2 {(1—=8)a—y1) + A +E)(y3 — y2)}

return (Xe, Xy, Ye, Yy)
End Procedure QuadMapMetrics
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Algorithm 101: MappedGeometryClass. Manage Geometry and Metric Terms
for Quadrilateral Domains

Uses Algorithms:
Algorithm 96 (Curvel nterpolant)
Algorithm 63 (Nodal 2D Storage)

Class MappedGeometry
Data:
N, M
i )M i )Mo 11 Node | ocati ons

{ocp )XV MDA sy MmN MDA 1/ Boundary Node | ocati ons

(0x/08 )Mo, (0X/m; )32y 11 Metric Terns

{0Y/08 )%, @Y /omi 32011 Metric Terms
i} 11 Jacobi an

{ﬁjﬁ}?‘:aggv:’f);“;// Boundary normal s for each side

{scal? )2 1/ Scaling factor for each side

Procedures:
Construct(spA, {rj}‘}:l) /1 Al gorithm 102
End Class MappedGeometry

Finaly, let us wrap the storage and the computation of the metric and geometry
terms into a class that we can use later in our approximations of PDES on gen-
eral quadrilateral domains. This class, which we definein Algorithm 101 (M apped-
GeometryClass), stores the physical space locations of the nodes both on the grid
and along the boundaries. For some approximations, like collocation, the boundary
points coincide with grid points. For others like the nodal discontinuous Galerkin
approximation, they don’t, so we will store them separately. We have the class store
the metric terms, which will be used by all nodal approximations. We store the
boundary normals to be able to approximate Neumann boundary conditions and to
use the discontinuous Galerkin approximation. Finally, we store the normalization
of the normal vectors, |Ja' |, along the boundaries as the variable scal, which will
be useful later when we implement the discontinuous Galerkin approximation. To
construct an instance of this class, we need the parameters of the spatial approxi-
mation, which are stored in an instance of the Nodal2DStorage class, and the four
bounding curves. With these we use Algorithm 102 (MappedGeometry:Construct)
to construct the geometry.

Exercises
6.1 Derive (6.39).

6.2 Derive egquations (6.47)—6.49).



6 Transformation Methods from Square to Non-Square Geometries 245

Algorithm 102: MappedGeometry: Construct: Constructor for Geometry and
Metric Terms for Quadrilateral Domains

Procedure Construct
Input {l‘j}j?:1 ;// Curvel nt er pol ant
Input spA;// Nodal 2DSt or age

Uses Algorithms:
Algorithm 99 (TransfiniteQuadM etrics)
Algorithm 98 (TransfiniteQuadM ap)
Algorithm 63 (Nodal2D Storage)

this.N < spA.N; thisM <« spA.M

for j =0tothis.M do

for i =0tothis.N do
{this.x; ;, this.y; ;} < TransﬁniteQuadMap({l“j}‘}:l, SPAE;, SPA.n ;)
{this. X, this.X,, this.Ye, this.Y; }; ; < '
TransfiniteQuadMetrics({l“j}j?:l, SPAE:, SPA ;)
thiS'Ji‘j = (thiS.Xg * '[hiS.Y77 = thiS.Xn * thi&Yg),‘,j

end

end
for j=0tothis.M do
{this.x]?, this. y]2.} <« TransfiniteQuadMap({T ,-};?:1, 1, spA.n;)
{Xe, X, Ye, Yy} < TransfiniteQuadMetrics({T j}ﬁzl, 1, pAn;)
J<—XexY, — Xy *xY:
this.scajf « Y2+ x2
thisﬁ§ <~ SGN(J) * (Y, — Xn)?)/thisscalf
{this.x;‘, thisy;‘} < TransfiniteQuadMap({T ,»}j:l, —1,this.n;)
(X, Xy, Ye, Yy} < TransfiniteQuadMetrics({I‘j}‘}:1, —1, spAn;)
J<«—XexY, — X, %Y,

& n n*1&
this.scal? < /Y2 + X2
thisi4 < —SIGN(J) * (Y, % — X, §)/this.scal} ; // outwar d nor mal
end
for i =0tothis.N do
{this.x?, this.y}} < TransfiniteQuadMap({I‘j}j.':l, spA&;, —1)
{Xe, Xy, Ye, Yy} < TransfiniteQuadMetrics({T j}_‘}:l, PAE;, —1)
J<—XexYy — Xy Y
this.scal} < /Y2 + X2
this.il < —SIGN(J) * (—Ye£ + X¢ §)/thisscall ;// outward nor mal
{this.x?, this.y?} < TransfiniteQuadMap({T Vi AL D
{Xe, X, Ye, Yy} < TransfiniteQuadMetrics({T j};!:l, PAE;, 1)
J<«—XexY, — X, %Y,

§ n n* &
this.scal? /Y2 + x2
this.i® <~ SIGN(J) * (—Ys £ + X¢9)/this.scal®

end
End Procedure Construct
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6.3 Generate the two meshes shown in Fig. 6.3 using an isoparametric mapping
with the uniform spacing on the reference square shown there, and with the Cheby-
shev Gauss-L obatto points that would be used by a spectral collocation method.

6.4 For thefirst mapping M1 defined in (6.19) and shown in Fig. 6.3, compute and
plot the maximum error of the boundary normals for each of the four sides as a
function of N using the Chebyshev Gauss-L obatto points. Discuss your results.

6.5 Map the equation for non-isotropic diffusion,
0 (Uma_‘P) L9 <U<y>a_¢) ,
dax ax dy dy
(Non-isotropic diffusion will be the subject of an example in Chap. 7.)

6.6 Develop and implement an algorithm to use Gauss quadrature to approximate

integrals of the type
1=// f(x,y)dxdy,
2

where §2 isaquadrilateral domain. Use your implementation to compute the area of
the isoparametric Chebyshev Gauss-L obatto mapping of the domain M of (6.19).
Plot the logarithm of the error as a function of N and comment on your results.
(Your procedures will also be used later in Chaps. 7 and 8.)

6.7 Suppose that a mapping is made from cylindrical coordinates to Cartesian and
that the metric terms are computed analytically. Show that the conservative form of
V f does not vanish when f isaconstant.



Chapter 7
Spectral Methodsin Non-Square Geometries

With the ability to map the reference square to non-square domains and to modify
the equations to reflect those mappings, we can use spectral methods to compute
solutions to PDEs in geometries more complex than the square. In this chapter, we
retrace our stepsin Chap. 5 to develop spectral methods for non-square geometries.

7.1 Steady Potentialsin a Quadrilateral Domain

The most generally applicable approximations for the solution of potentia prob-
lems on a quadrilateral domain are the collocation or nodal Galerkin methods. The
potential equation for a quadrilateral domain will generally have non-constant co-
efficients. The variable coefficients will limit the exact Galerkin approximation to
special cases, such as cylindrical coordinates, where the integrals can be evaluated
analytically. The two nodal approximations have the advantage of being generally
applicable, at the expense of some spectrally small aliasing and quadrature errors.

7.1.1 The Collocation Approximation

To derive a collocation approximation of the potential equation
V2p=3s (7.0

we follow the derivation of the approximation of the variable coefficient equa-
tion (5.25). Thisis necessary because we showed in Sect. 6.2.1 that under the map-
ping from the reference square to the physical, quadrilateral domain, the potential
equation is transformed to the variable coefficient problem

V2¢:V~F:%{%(Fl)+%(F2)} (7.2)

where the contravariant fluxes are

Y 9 d X 0 0
Fl_21 YU_QD_Y§_<,0 _2n _Xn_¢_|_xé_(p ,
J o9& an J & an

Y, 3 3 X 3 d (73
. yﬂ_(p_yg_(p + 28 —X,;—(p-i-Xg—(p )
J & an J & an
D.A. Kopriva, Implementing Spectral Methods for Partial Differential Equations, 247
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We approximate the solution of the potential equation (7.2) on the reference
sguare by the polynomial

N.M

POOXDE =Y P jli(E)L; (). (74)

i,j=0

We also approximate the contravariant fluxes (7.3) by their own polynomials. If
wecal f = Fl and g = F2, approximate them by polynomials F and G, and ap-
proximate their derivatives in the usual collocation manner, i.e., by the analytical
derivative of the interpolant, the nodal values of the fluxes are

1/2+X2 N Y,Y: + X, X

i,j k=0 6] k=0
(7.5)
v2+x2) M Y, Ye + X, X N
_ ¢ 5 (@) n'§ nag &)
o= szkaz,k—{f},,zDimk,,».
i,j k=0 i.j k=0

The final stage of the discretization is to compute the divergence of the fluxes us-
ing (7.2)

@) m o =12, N-L
(ZD Fk,+ZD le)_sl,,, PP

which defines the linear system that we must solve for the nodal values of the solu-
tion, ¢i,j-

Since the transformation that maps the physical domain onto the reference square
maps boundaries onto boundaries, boundary conditions are still easy to apply.
We apply Dirichlet conditions just as on the square. We apply Neumann condi-
tions, which specify the normal derivative of the solution, through the contravariant
fluxes.

To illustrate how to impose Dirichlet conditions along a boundary, let us sup-
posethat ¢ (x, y, t) = b1(X, t) dong boundary I'1(£). That boundary correspondsto
points mapped by (x, y) = x = X (&, 0). Therefore, the approximate solution is set
to the boundary values by

Di0=b1(X(,0),1), i=01...,N. (7.7)

Other Dirichlet boundary conditions are set similarly.

To generate collocation approximations to Neumann boundary conditions,
ad
—¢=V¢'ﬁ=b/(x,y,t), (7.8)

on

where 71 is the outward normal to the boundary, we first use results from Sect. 6.2.1
to show that the contravariant fluxes F and G are proportional to the normal fluxes.
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The gradient in the computational domain is (6.64)

1 . W0 R N
Vo== {(Ynx - X,9) % + (=YX + X:9) %} (7.9

When we take the dot product of the gradient with the unit vector 2 (6.60), which
corresponds to the outward normal along I,

. 1 0 9
Vo itl=— = 2+ x) _ (v, ve + X, X:) 21, (7.10)
i n 3;;_— 9
I/ Y2+ X2 U
We then match termswith F1 in (7.3) to see that
ve-at= Ul fy2 yopt 7.11
Q-n-= 7 7 + n . ( . )

We can make a similar correspondence between the normal derivative in the 72 di-
rection and theflux g = F2. Therefore, to set the Neumann boundary condition (7.8)
along boundary T'», we need only to set the approximate value of the contravariant
flux along the boundary to be

[J] :
FNJ:(T /Y,72+xg> b (X, n),7), i=01,... N (7.12)

N,j

and update the solution values @ ; by solving (7.6) fori =1,2,..., N. The other
boundaries are treated similarly. The coefficient of 4’ in (7.12) is computed and
stored as scal? by Algorithm 101 (MappedGeometryClass).

7.1.1.1 How to Implement the Collocation Approximation

The implementation of the collocation approximation of the potential problem on a
mapped domain is a straightforward extension of the implementation for the square.
To be explicit, we create a new class in Algorithm 103 (MappedNodal Potential -
Class) that ssimply extends Algorithm 64 (Nodal Potential Class). We see that we only
need to add the geometry information using the MappedGeometryClass of Algo-
rithm 101 and replace the computation of the Laplace operator approximation and
MatrixAction routines.

The changes the we need to make to the constructor, which we show in Al-
gorithm 104 (MappedNodal Potential Class:Construct), are minimal. We must now
supply the boundary curve information, of course, and use the constructor for the
MappedGeometry class to compute the physical space locations of the nodes and
the metric terms. Since the Laplacian in the mapped domain (7.6) uses a succession
of first derivative evaluations, we store first derivative instead of second derivative
matrices. Of course, to change to a L egendre approximation, we only need to change
the procedure used to compute the nodes and weights; we would use Algorithm 25
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Algorithm 103: MappedNodal Potential Class: A Class for the Potential Prob-
lem in a Mapped Domain

Class MappedNodal Potential Class Extends Nodal Potential Class
Uses Algorithms:

Algorithm 63 (Nodal 2D Storage)

Algorithm 64 (Nodal Potential Class)

Algorithm 101 (MappedGeometryClass)

Data:
geom;// O type MappedGeonetry

Procedures:
Construct(N, M, {I}¢_;) ;// Al gorithm 104
MappedLapIacian({U,-j}%:O, geom) ;// Al gorithm 105
MatrixAction({U;;}M. _o) ;// Al gorithm 68, Mbdified
End Class MappedNodal Potential Class

Algorithm 104: MappedNodal Potential Class: Construct: Constructor for Col-
location Potential Solution on a Mapped Domain

Procedure Construct
Input: N, M
Input: {l“j}‘;=1;// O type Curvel nter pol ant
Uses Algorithms:
Algorithm 27 (ChebyshevGaussl obattoNodesAndWeights)
Algorithm 102 (MappedGeometry:Construct)

thisspA.N < N; thisspA.M < M

{this.spA. (&} 0,thiskspA.{wi(‘S)}fV= o} < ChebyshevGaussl obattoNodesAndWeights(N)
{this.spA. {n ,}j”: 0 thisspA.{wﬁ.”)}y: o} < ChebyshevGauss obattoNodesAndWeights(M)
[For Legendre collocation or nodal Galerkin, use LegendreGaussL obattoNodesAndWeights,
Algorithm 25]

this.geom.Construct(N, M, {rj}?:l, this.spA)

this.spA.{D§f>}fj:0 <« Polynomial DerivativeMatrix(N, this.spA. (£ }Y )
thisspA.{Df}’)}?lj:O < Polynomial DerivativeMatrix(M, thisspA.{n_,}y:O)
End Procedure Construct

(LegendreGaussL obattoNodesAndWeights) instead of Algorithm 27 (Chebyshev-
Gaussl obattoNodesA ndWeights).

The approximation to the Laplace operator for the mapped domain, (7.6), dif-
fers from that on the square, so we must replace the procedure that computes the
Laplacian. We show the new procedure in Algorithm 105 (MappedNodal Potential -
Class:MappedL aplacian). The algorithm makes it clear that the approximation of
the Laplace operator for the mapped quadrilatera is at least twice as expensive to
evaluate as on the square.



7 Spectral Methods in Non-Square Geometries 251

Algorithm 105: MappedNodal Potential Class: MappedLaplacian: The Collo-
cation Approximation to the L aplace Operator on a Mapped Domain

Procedure MappedL aplacian

Input: {Uj’j}l{t/jill

Input: geom;// O type MappedGeonetry
Uses Algorithms:

Algorithm 19 (MxV Derivative)

N < this.spA.N; M < this.spA.M
for j=0to M do

oU
ks
end
for i=0to N do

M
{ 2—U } <~ MxVDerivaIive(thisspA.{D,(ﬁ,)n}M {U:; }7—0)
M li,j a

n,m=0’
j=0

N
} — MxVDerivative(this.spA.{D,(f,),, },Izvm—o’ {Ui; }ﬁo)
i,j)i=0 T -

end
for j=0to M do
for i=0to N do

[(geom.Y,,)2 4 (geom.X,,)z]
A <«
geom.J i
B geom.Y, * geom.Y: + geom. X, « geom. X¢
<«
geom.J 6.0
2 2
e [(geom.Yg) + (geom.X¢) ]
geom.J 8.7
U U
Fl 7= Ax — = —
d& 6. an 8.
iU iU
Gij=Cx—| —Bx—
an |; ; d& i
end
end
for j=0to M do
oF 4 L . GRL N
{ 9 } < MxVDerivative(this.spA.{ Dy}, _o- {1 Fii}iso)
i,j)i=0 ’
end
for i=0to N do
aG| M M M
{ — } <« MxVDerivative(thisspA.{D,(l'f,)n}n meo1Gii}iio)
;) j=o " =
end

for j=0toM do
for i=0to N do
oF

2
VyUij < <¥

N G
an

)/geom.J,-,j

iJ

ij

end

end

return {v2 Uii}i o

End Procedure MappedL aplacian

N.M
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7.1.2 The Nodal Galerkin Approximation

To derive the Galerkin approximation, we convert the strong form of the equation,
(7.1) on the physical domain to a weak form on the reference square. To start, we
multiply (7.1) by a smooth function ¢ that satisfies the Dirichlet boundary condi-
tions and integrate over the physical domain

/ ¢V2pdxdy = f psdxdy. (7.13)

We convert to integrals over the reference square by using the transformation of the
Laplacian

1 {aFl BFZ} (7.14)

Vip=C=
AT

and the volume element, dxdy = Jd&dn. Then on the reference square

aFl  aF2 vt
/ / {_+—}¢(§ n)dsdn—/lflsw(é,n)dédn. (7.15)

Next, we integrate the integral of the Laplace operator by parts

f[Fqb]) dn+/ [F2)[_jde- f/ {Fr9: + F2, Jdsd

/ / sTpdEdy. (7.16)

As before, ¢ vanishes along the boundary for Dirichlet boundary conditions, so the
boundary integrals vanish to leave

1 1 1 1
- / / |F e + F2¢,}dedn = / / sJpdEdn. (7.17)
—1J-1 -1J-1

Now that we have the weak form of the equation, we approximate the solution ¢ by
apolynomia @ and the contravariant fluxes F* and F? by the polynomias F and
G asshownin (7.5). The derivation of the approximation then follows the steps that
we took in Sect. 5.2.2 to generate the approximation on the square. We take ¢ to be
the polynomial (5.66) and replace the integrals by quadrature. The independence of
the nodal values ¢; ; leads to the equations

N.M
— > AFumt € € (i) + Gumti En) € () fwnwy,
n,m=0
N,M
= Z Sn,m-]n,mgi ED Ll ) wawy,, i=12,...,N; j=12,..., M.
n,m=0

(7.18)
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Again, most of the terms vanish leaving

N M
=Y Fu i EDwawj+ Y Giml () wiwm = sij i jwiw;. (7.19)
n=0 m=0

Next, we recognize that £ (£,) = Dfﬁ T to give usthe final approximation
(V2¢,Zi€j)N =s,-,jJ,-,jw,-u)j (720)

where

(V20, ¢;¢;) {ZD(S)TF jwawj + ZD(") G,mwlwm}. (7.21)

To impose Neumann boundary conditions, we retain the boundary integrals in
(7.16). When we substitute the approximating polynomials and replace the integrals
by quadrature,

[F(Lnj)¢(Ln)—F(=Ln;)e (-1 n;)]w
+[GE, VP (E,D -G &, - (&, —D]w (7.22)

approximates the boundary terms. For Dirichlet boundaries, the appropriate value
of ¢ is set to zero; if all are Dirichlet, al the terms vanish as above. Along Neu-
mann boundaries there is a flux contribution to add to (7.21). For instance, if
boundary T2 is a Neumann boundary and the others are Dirichlet, then (7.21) be-
comes

(V2®,¢:¢;) = F (1, ;) t: Dw;
:ZD@)T n,jWnWj +ZD1(§1)T imwiwy (. (7.23)
m=0

We specify the boundary value of the contravariant flux aswedid for the collocation
approximation in the previous section with (7.12). Note that ¢; (1) = §; vanishes
a al the interior grid points. Therefore we only need to add the flux term to the
equation aong the Neumann boundaries and solve for @; ; aong the boundary as
well astheinterior. Cf. (4.125).

7.1.2.1 How to Implement the Nodal Galerkin M ethod
Once again, we see that athough the derivation of the nodal Galerkin method dif-

fers significantly from the collocation method, we end with an approximation of a
similar form. We can therefore reuse most of what we have aready developed. In
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Algorithm 106: TransposeMatrixMultiply: Matrix Transpose-Vector Multipli-
cation Algorithm

Procedure TransposeMatrixMultiply
5 e e
Input: {Divj}i,j:s’ {fj}j:s
for i =stoedo
t=0
for j=stoedo
| t<t+ Dj',' E3 fj
end
(INf); <1t
end
return {(Iy )} };_,
End Procedure TransposeMatrixMultiply

particular, we do not have to change the data of the MappedNodal Potential Class,
Algorithm 103, and the constructor isidentical to the constructor for Legendre col-
location.

The only significant change that we must make is to the approximation of the
Laplacian operator. Unlike the collocation approximation, the Galerkin approxima:
tion (7.21) requiresthe matrix vector multiplication of the transpose of the derivative
matrix D times the slice of the flux vector multiplied by the appropriate quadrature
weights. To compute that, we create a modification of the matrix-vector multipli-
cation algorithm, Algorithm 19 (MxV Derivative), that swaps the subscriptsi and j
in the inner loop that computes the intermediate variable, ¢, rather than transpose
and store the derivative matrix. With the modified matrix-vector product, which we
show in Algorithm 106 (TransposeMatrixMultiply), we can replace the flux deriv-
ative evaluations in Algorithm 105 (MappedL aplacian) to get the nodal Galerkin
version, Algorithm 107 (MappedL aplacian).

7.1.3 Solution of the Linear Systems

Both the collocation and nodal Galerkin approximations require afull matrix linear
system to be solved, just as on the square. It is still possible to use a direct solver
as we discussed in Sect. 5.2.1.3, particularly for small N. For larger systems, it-
erative methods such as the BiCGStab for collocation and Conjugate Gradient for
Galerkin, are still more efficient. As before, preconditioning of the systems remains
critical.

The iterative solution of the linear system drives a norm of the iteration resid-
ual to within a specified tolerance of zero. The iteration residual for the colloca
tion approximation remains that given in (5.34). Theiteration residua for the nodal
Galerkin approximation (5.78) needs to be modified to account for the presence of
the Jacobian of the transformation. When the physical domain is mapped, we now
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Algorithm 107: MappedNodal Potential Class:MappedLaplacian:  Nodal
Galerkin Approximation to the Laplace Operator on a Mapped Domain

Procedure MappedL aplacian

Input: {U,,}l}vjf1
Input: geom;// O type MappedGeonetry
Uses Algorithms:

Algorithm 19 (MxV Derivative)

Algorithm 106 (TransposeMatrixMultiply)

N < this.spA.N; M < this.spA.M
for j=0to M do

ﬂ
%
end

for i=0to N do
au| M . o

{ = } — MxvDerivative(thisspA { D 1Yo, (Ui} L)
il j=0 o -

end

for j=0toM do
for i=0to N do

on [(geom.Y,,)2 s (geom.Xn)Z]
ij

N
} < MxVDerivative(this.spA. { D&), }N (U }:\;O)
ij

n,m=0’
i=0

geom.J
3 geom.Y;, s geom.Yz + geom. X, * geom. X
<
geom.J 5.0
2 2
C (geom.Y )< + (geom. X )
geom.J ;
. U U
Fij =th|s.spA.wl.® * [A * —| —B*x — ]
08 |; ; an |; ;
aU U
Gij :thiSSpA.w(.") * [C * —| —Bx — ]
! an |, 98 1

end

end
for j=0to M do

‘ {DOTF|; ¥ )« TransposeMatrixMuItipIy(this.spAA{D,(,‘?ﬂ,,}ivmzo, {F,-,j}j\;o)
end Y
for i=0to N do
\ {DWTGY; )M, < TransposeMatrixMultiply(thisspA{ D"} _o. {G:. j}j?i o)
end
for j=1toM —1do
for i=1toN —1do

| } (V2U, tit)) < —(thisspAw(” « DOTF|, . + thisspAw(® « DVTG], )
en
end
return {(V2U, e,-e,-)}fjtfo
End Procedure MappedL aplacian
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have

rii =St ]w(é) (77) ZD(S)TF w (VI) Z D(E)T lmw(é)w(n)

n=0
(7.24)

for the residual of the nodal Galerkin approximation.

With the introduction of variable coefficients via the mapping, it is worth con-
sidering the diagonal preconditioner. The diagonal preconditioner is very easy to
derive and to implement, so it takes relatively little effort to increase the efficiency
of the iterative methods when it does work. To derive adiagonal preconditioner, we
must identify the coefficient of the solution at a given location (i, j) in the grid.
We will derive the diagonal for the collocation approximation first, followed by the
Galerkin.

To find the matrix diagonal entry for the collocation approximation to the Laplace
operator we replace the fluxes in (7.6) by their explicit representation (7.5). For
convenience, we replace the metric derivatives by the notationally more compact
forms provided by the contravariant metric tensor. The full approximationis

M
+ ZD(”)[ (782, > Dy i+ (Jg* ZD%k,mH.
k=0

(7.25)
If welook at the first term,
N N g
é) 11 &) &) () 11
30 [ (1), S p00n, | =SS0 n 00, 0n, - 129
n=0 k=0

we see that the coefficient of @; ; hask =i. Therefore, the contribution to the diag-
onal from thefirst term is

in

If we continue in the same manner with the other termsin (7.26), we find that the
diagonal of the system for the collocation approximation of the Laplace operator is

® (S) 1 &) 12
{ZD D,;'(Jg™), 2Dy Dj; (Vg )i,j
n=0

+ Z Dj']gz)(") 1%, } . (7.28)
m=0
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A similar set of steps leads to the diagonal coefficient of the nodal Galerkin
approximation

N
1 (m) &T ) (&) 11 &) (m &) 12
dij=———1w; ZD w D, (Jg )n’j +2w; w,;"D;;’ D} (Jg™), .
Jl’] n=0

in i i,j

N

+w® Y DT WD D (1%), } . (7.29)
m=0

For either the collocation or the nodal Galerkin methods, the implementation of the

diagonal preconditioner z = H 1 simply dividesthe residual by the diagonal entry,

i=12,...,N-1,

i—12 w1 (7.30)

zi,j =ri,j/dij, {

With the variable coefficients that arise from the mapping, the finite differ-
ence and finite element preconditioners become more complicated. However, we
can easily extend the approximate finite element preconditioner that we derived in
Sect. 5.2.2.3 to non-orthogonal grids, with virtually no extra effort in the derivation
or implementation. It also allows us to reuse agorithms that we have already de-
veloped. We can use it to precondition both the collocation and the nodal Galerkin
approximations. One difference to recognize between the approximate finite ele-
ment preconditioner on the square, where the coefficients are constant, and its ex-
tension to general geometriesisthat the stencil will increase from five points on the
sguare to nine in general. Therefore, the ILU solver of Algorithm 74 (FDPrecondi-
tioner:Solve) would have to be extended. Rather than do that, we will just use the
SSOR iterative solver, Algorithm 79 (SSORSweep), which is equally applicable to
afive or nine point stencil. Our experience with the potential equation on the square
shows that the SSOR solver isamost as effective asthe ILU solver aslong we make
areasonable selection for the overrelaxation parameter.

The starting point to derive the approximate finite element preconditioner for
non-orthogonal grids is to recognize that the problem to approximate has changed
from theinner product (V®, V¢,,) to theinner product (% F,V¢,) whereF = Fé+
G17. Thus, al we need to do in the computational space is to change the function
gy defined in equation (5.91) to account for the new integrand and the fact that
in the computational space (x, y) has been replaced by (&, n). If we now define the
affine mapping between an element in the computational space and the unit square
in terms of anew pair of variables, (v, w), we get the new integrand

AQk1 0@
g,’:;"(v,w)z{A(si+vAsi,n./+wAnj)— w

Jv  dv

0 0 0 0
+B(Si+UA'§ivrlj+WA77j)|: Pkl OPnm Pkl §0nm1|

Jw dv Jv Jdw

Ay 0
+C (& +vA&.n; +wAn;) X %m}’

7.31
Jw Jw ( )
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where

2, y2 2, y2
_ XY __NYet XeXy _Xetr

, = , C= ) 7.32
JAE? JAE; Anj Jmﬁ (7.32)

Implementation of the approximate finite element preconditioner to the mapped
problem requires only simple modifications to the procedure Local StiffnessMatrix
in Algorithm 78 (ApproximateFEM Stencil) to account for the variable coefficients
that come from the mapping. The input Ax and Ay will now correspond to the
computational space variables A& and An. The metric terms and the Jacobian for
the four corners of the element and the position (i, j) in the grid must be added
as input variables. Finally, we replace the line that defines the intermediate vari-
abler,

t <t +PhiXi(k,[,s) * PhiXi(n, m, s)/Ax2
+ PhiEta(k, I, r) * PhiEta(n, m, r)/ Ay?, (7.33)

which is marked by the comment R1 in the procedure Local SiffnessMatrix, with
the quantities defined in (7.31) to become

B 2
N (geom.X;)7,, v + (geOM.Y;)2, -\

gE0M. Jitr, j+5 Agiz
_ (9e0M.Yy )i-tr, j+5s (GEOM.Ye )iy, jts + (QEOM.X¢)itr, jts (Xip)itr, jts
gEOM. Ji 4, j45 A&i Anj
2 2
- (QEOM.X¢)iy j4s + (QEOMYE)Ty, s
geom. J; 4., j+sAn12‘

B <«

t < t+AxPs_Xik,l,s)*xPs_Xi(n,m,s)
+ B % [Psi_Eta(k,l,r) x Psi_Xi(n, m, s) + Ps_Eta(n, m,r) * Psi_Xi(k, l, s)]
+C xPsi_Eta(k, [, r) x Psi_Eta(n, m, r)

To solve potential problems on mapped domains, we need to extend the driver in
Algorithm 76 (ChebyshevCollocationDriver) to create the four boundary curvesand
the mapping to the interior before it constructs and solvesthe spatial approximation.
As an example, we'll show how to construct a driver for the Chebyshev collocation
approximation. The equivalent driver for the nodal Galerkin approximation is simi-
lar.

Algorithm 108 (MappedCollocationDriver) shows how to compute the solutions
to the potential equation on a mapped domain. The procedure constructs the four
curve interpolants for the prescribed boundary, here provided by a curve func-
tion to be supplied. These curves are then used to construct an instance of the
MappedNodal Potential Class. After the approximate finite element preconditioner
has been constructed (using procedures modified for curved boundaries, as dis-
cussed in this section), the solver is used to compute the solution.
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Algorithm 108: MappedCollocationDriver: Driver for the Collocation Ap-
proximation to Steady Potential in a Non-Sguare Geometry

Procedure Main

Input: N, M, N;;, TOL

Uses Algorithms:
Algorithm 27 (ChebyshevGaussl obattoNodesAndWeights)
Algorithm 96 (Curvel nterpolant)
Algorithm 97 (Curvel nterpolantProcedures)
Algorithm 103 (MappedNodal Potential Class)
Algorithm 104 (MappedNodal Potential Class: Construct)
Algorithm 72 (Class: FDPreconditioner—M odified)
Algorithm 73 (FDPreconditioner: Construct—M odified)
Algorithm 75 (BiCGStabSolve)

Derived Types: Curvelnterpolant: {T'; }
AFEM Preconditioner: H

{{s 5 }?’:0, {w; }?’20} < ChebyshevGausslobattoNodesAnd\Weights(V)
{(xj,yj)};vzo « EvaluateCurvel(N, {s;, }?’:O);// To be supplied
T1.Construct(N, s, }_q. {C, v} o)

4

=1 MappedNodal Potential Class: mnpc ,

mnpc.Construct(N, M, {T; }?:1)
for j=0to M do
for i=0to N do
| mnpc.s;,; < SourceValue(mnpc.spA.&;, mnpc.spA.7 ;)
end
end
mnpc. { mask;; }::1 <~ {true, true, true, true}
mnpc. {®;; },N,fo <« SetBoundaryValues(mnpc. {®;; }
H .Construct(mnpc)
mnpc < BiCGSabSolve(N;;, TOL, mnpc, H)
End Procedure Main

N.M
i,j:O)

7.1.4 Benchmark Solution: Potential in Non-Square Domains

To understand how to choose between the two approximations and the various solver
options, let’s compare the performance of the collocation and nodal Galerkin meth-
ods on the Dirichlet problem for

16In(r)

V3 =—
% 2

sin(49), (7.34)

where r = /x2 + y2 and § = tan~1(y/x). This problem has the exact solution
¢ =In(r)sin(40). (7.35)

We will solve the problem on the two domains drawn in Fig. 7.1. The domains
are shown with their grids generated by the transfinite mapping for N = M = 10.
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Fig. 7.1 Two examples of mapped quadrilateral domains. (a) Orthogona grid. (b) Non-
Orthogonal grid

The domain on the left is a quarter of an annulus, whose boundaries are defined
by polynomial interpolants of the boundary curves of mapping (6.19). The transfi-
nite mapping for the geometry in Fig. 7.1ais orthogonal, i.e. g1 = g2 = 0. The
boundary curves for the domain in Fig. 7.1b are given by the mapping (6.20). The
transfinite mapping for this domain generates a non-orthogonal grid, g% = g2 £ 0.

We have already seen from Algorithms 105 (MappedCollocationL aplacian)
and 107 (MappedNodal GalerkinL aplacian) that the two spatial approximations are
virtually the same to implement. We also know from Algorithms 75 (BiCGSSTAB-
Solve) and 80 (PreconditionedConjugateGradientSolve) that the effort needed to
implement the iterative schemes appropriate for the two spatial approximations (but
not the computational work per iteration) is virtually the same. Of course, we have
already compared the performance of the methods on the squarein Sect. 5.2.1.

On each domain, we find that the Chebyshev collocation and nodal Galerkin
methods have similar accuracy. Table 7.1 shows that both are spectrally accurate,
but that the Galerkin approximation is more accurate than collocation, the amount
depending on the grid.

Since the difference in accuracy is not significant, and the implementations are
similar, the speed which we can compute the sol utions becomesimportant. Table 7.2
presents the number of iterations and CPU seconds to converge the residual to 10~14
for N = M = 72 for the Chebyshev collocation approximation. Table 7.3 presents
the same results for the nodal Galerkin approximation.

We make three conclusions from Tables 7.2 and 7.3. First, there is a significant
difference in the performance of the iterative schemes when the grid is orthogonal
or not. Second, the diagonal preconditioner performs better with the BiCGStab al-
gorithm than with the preconditioned Conjugate Gradient solver. Finally, we get the
best overall performance with the Galerkin approximation plus the approximate fi-
nite element preconditioner plus the SSOR solver. This combination was up to ten
times faster than the collocation runs.
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Table 7.1 Maximum errors
for steady potentials on two
domains

Table 7.2 Efficiency of
solvers for the Chebyshev
collocation approximation
solution for N = 72 on two
grids

Table 7.3 Efficiency of
solvers for the nodal Galerkin
approximation solution for

N =72 ontwo grids

261
N Orthogonal Non-orthogonal
Collocation ~ Galerkin ~ Collocation Galerkin
8 10E-4 9.0E-6 2.1E-3 15E-3
12 3.0E-8 1.2E-9 4.75E-5 35E-5
16 1.0E-11 12E-12 89E-7 7.3E-7
20 34E-14 36E-14 1.8E-8 1.2E-8
24 5.0E—-10 1.7E-11
28 25E-11 1.7E-11
32 12E-12 7.9E-13
36 5.0E-14 6.9E—-14
Preconditioner ~ Orthogonal Non-orthogonal
Iterations CPU (s) Iterations CPU ()
None 443 1.77 473 1.88
AFEM ILU 271 1.03 - —
AFEM SSOR 435 1.76 523 212
Diagonal 267 0.96 348 125
Preconditioner ~ Orthogonal Non-orthogonal
Iterations CPU (s) Iterations  CPU ()
None 938 171 1148 21
AFEM ILU 87 0.17 - -
AFEM SSOR 81 0.17 135 0.28
Diagonal 755 1.42 669 1.26

7.1.5 Benchmark Solution: Incompressible Flow over a Circular

Obstacle

A more interesting example is to compute the inviscid, incompressible fluid flow
over a cylindrical obstacle on the ground, such as we sketch in Fig. 7.2. The flow
has an exact solution with which we will test the spectral convergence of the ap-

proximation.

The steady incompressible, irrotational flow over an obstacle is governed by the
potential equation. If the flow speed of a gas is low enough and the density is ap-
proximately constant, the fluid can be considered to be incompressible. If the flow
upstream of the obstacle is uniform, then its curl is zero, i.e., it isirrotational. That
flow will stay irrotational throughout the domain if there is no viscosity.
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Fig. 7.2 Flow over an obstacle

We derive the equation to solve starting from the law of conservation of mass,
which isthe conservation law (see Sect. 5.4)

p:+V-(pq)=0. (7.36)

Here, p is the density, q is the fluid velocity and pq is the mass flux. For steady
flow,

V. (pq) =0. (7.37)

If we assume that the density is constant, i.e., the flow is incompressible, then the
velocity field is divergence free

V.q=0. (7.38)

Furthermore, if theflow isirrotational i.e. V x g = 0, then we can write the vel ocity
asthe gradient of apotential, g = V. Therefore, the potential satisfies the equation

V.Vp=V2%=0. (7.39)

We must set boundary conditions along the obstacle, the ground, and far away
in the free stream. Along the obstacle and along the ground, the normal velocity
must vanish. Far from the obstacle in the free stream, the effect of the obstacle must
vanish and it isnatural to specify auniform, horizontal velocity. Sincethe velocity is
the gradient of the potential, these conditionsimply that the gradient of the potential
is a constant in the free stream. Therefore the potential islinear in x and y. At the
body and along the ground, V¢ - 72 = 0. Therefore, the boundary conditions we need
to specify are mixed Dirichlet/Neumann

¢ = Voox, x2+y2—>oo,

bo (7.40)

F Vo -n=0, ground + obstacle,
n

where Voo = |Qool -
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Fig. 7.3 Mapping the exterior of acylindrical obstacle onto the reference square

Finally, conservation of energy leadsto Bernoulli’slaw, from which we can com-
pute the pressure of the gasin the flow. Bernoulli’slaw is

1 1
p+splaP=p+5pIVelP=K, (7.41)

where p is the pressure and K is a constant. Clearly as the fluid speed increases,
the pressure decreases. Stagnation points, where the fluid speed goesto zero, arethe
points with highest pressure. Once we compute the potential, we can compute the
velocity and pressure fields from its gradient.

The problem of irrotational, inviscid, irrotational flow around an obstacle has an
exact solution that can be derived using conformal mapping. If the obstacle is a
cylinder, for example, the exact potential is

¢ = Vo (r + r—o) cos(9). (7.42)
r

Here, r is the radia distance from the center of the cylinder, rg is the cylinder’s
radius, and 6 isthe usual polar angle measured from the aft (downstream) side.

To compute the flow over a cylindrical obstacle, we map the cylindrical region
shown in Fig. 7.3 to the reference sguare by the transfinite mapping

I'1(§)=rocos(w (§+1)/2)x +rosin(z (§+1)/2)7,
T2(n) =ro+ (reo —ro)(n +1)/2% 4 07,
I3()=recCos(m (6 +1) /X +reesin(@(E+1)/2)73,
T4(n) =—ro— (rc —ro)(n+1)/2% + 03,

(7.43)

where ro = 0.5 and ro, = 10 corresponds to a distance far from the obstacle. The
mapping produces the grid shown in Fig. 7.4 when N = M = 30.

There are three Neumann boundaries on the reference square, which we show
shaded on Fig. 7.3, and one Dirichlet boundary, which is not shaded. We can easily
set the Neumann conditions for the Galerkin approximation. We only need to set
the mask variable to be false for the Neumann boundaries. To impose the Neumann
conditions for the collocation approximation, we need to set the normal fluxes to
be zero. One way to implement this is to create two more mask arrays, one each
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Fig. 7.4 Chebyshev collocation grid around a cylindrical obstacle

for the fluxes F and G. For Neumann boundaries the new mask will be true. Then
we add two calls to the MaskSdes function of Algorithm 67, with the appropriate
mask arrays, to Algorithm 105 (M appedL aplacian) immediately after the fluxes are
computed, one for F and onefor G.

To illustrate the flow solution, we show the pressure and streamlines computed
using the Chebyshev collocation approximation and N = M = 30 in Fig. 7.5 for
Voo = 0.5, poo = 1 and p, = 1. To make the plots, we computed the velocity from
the Chebyshev approximation of the gradient of the potential, g = V¢ using (7.9),
and interpolated the solutions to 100 points in each direction using Algorithm 35
(2DCoarseToFinel nterpolation) to draw the contours smoothly. We see that the flow
stagnates at the leading (upstream) corner of the cylinder and the ground. It is here
and at the trailing (aft) corner that the largest pressures appear. The flow accelerates
as it goes over the obstacle and so the pressure decreases to a minimum at the top
of the cylinder.

Convergence of the Chebyshev collocation approximation is exponential. Fig-
ure 7.6 shows the logarithm of the maximum error in the potential as a function of
N = M. Note that doubling the polynomial order in each direction decreases the
error by more than a factor of one hundred.

7.2 Steady Potentialsin an Annulus

Potential problems with at least one periodic direction, such as annular regions,
are perfect for mixed basis approximations that use Fourier basis functions in the
periodic direction(s). We will see that the use of the Fourier basis easily enablesthe
efficient solution of the linear systems by way of the FFT.

In this section, we will derive algorithms to solve for the potential in an annulus
shown in Fig. 7.7. We can view this geometry, for instance, as a section of a long,
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Fig. 7.5 Computed pressure (top) and streamlines (bottom) for the Chebyshev collocation approx-
imation of steady, inviscid incompressible near acylindrical obstacle

cylindrical capacitor or thermal insulation. A simple mathematical model for the
potential in thisannular regionis

19 [ d¢ 1 9%
Vip="—(r—= |+ =—== 7.44
¢ r8r<r8r>+r2892 g (7.44)
with boundary conditions that represent an applied voltage or temperature
@ (rr,0) =91 (),
(7.45)
@ (ro,0) =90 (9).

To keep things general, we will leave the source term, s, in the equation.
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Fig. 7.6 Convergence of the -1 T T T T T
maximum error in the
velocity potential for the
Chebyshev collocation 2 F 8
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Fig. 7.7 Geometry and
boundary conditions for
steady potential in an annulus

o (9)

The first stage to approximate the potential is to map the annular region to the
reference domain [—1, 1] x [0, 27r]. Since the coordinate system is orthogonal, the
mapping is straightforward, namely

r=r;+ (ro—rp),

2 (7.46)
0 =n.
Under this transformation, the PDE becomes
4 9 B 1 9%
—(r @ _) + — =5. 1.47
r(€)(ro —rp)? 9 ( &) rE)?on? (740

In what follows, we will describe the collocation approximation to (7.47). The
nodal Galerkin approximation will lead to asimilar system of equations to solve.
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We approximate the potential in the annulus by a mixed basis polynomial

N M-1 N M/2 =
® (&)= HACGYHOED DS —le &€, (748)
=0 j=0 1=0 k=—M/2

where the collocation grid corresponds to the Gauss-L obatto points (either Cheby-
shev or Legendre) inthe £ direction and the uniformly spaced pointsn; =2z /M in
the azimuthal direction.

We now derive the collocation approximation. After we substitute the polynomial
approximation into the differential equation, require the residual to vanish at the
collocation points, and simplify using thefactsthat £,,(§;) = 8,,.; and i, (1) = 8.,
we get the system of equationsthat must be solved for the potential at the collocation
points

N
4 d
Dy — re/ @ b
ri(ro —71)2,12:(:) n”"aé |E’ Z Ll (1)
l = 17 2’ L) N — 1’
=9 7.49
l,j> ::0,1, 7A[__1’ ( )

where r; = r(§;). To complete the approximation, we need to approximate the prod-
uct term by a polynomial of degree N, which in Lagrange formis

N
rE) €, E) Y 1 (Eu) £, (8u) u ©). (7.50)
n=0
So we approximate
9 N N
55 FEL®)]~ > () 6 (En) € G =) r(Ex) Dun Dy (750)
n=0 n=0

Therefore, in terms of the collocation derivative matrices,

1 1=1,2....N-1,
Zancbn,Jr mzoqb,mh”(n,)_s,,, i—01.. m-1 (@52
where
B,n_%z (8) Dyn Dy (7.53)
ri(ro—rr)

We have |eft the derivative of the Fourier Lagrange interpolating polynomial, 4,
aone for the moment because the solution procedure that we will introduce next
eliminates the need for it.
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We now turn to the solution of the linear system (7.52). We could solveit directly
or by one of the iterative solvers that we have used in previous sections. However,
the Fourier basis gives us the opportunity to develop afast solver that uses the FFT.
What we will describe next is an example of a matrix diagonalization technique,
in this case made simple by the FFT, which will diagonalize the matrix &, (n;) to
simplify the solution of the system.

To (partialy) diagonalize the system (7.52) we take the discrete Fourier trans-
form of both sides in the 5 direction. The first term on the left, which has only &
dependence in its coefficients, becomes

)2 Z B, @ nk (754)

rp(ro —rg

The Fourier transform of the second term diagonalizes the matrix 4;, (n;). First,

1 M-1
7 [Z ®ih (1 )} ek

j: m=0
1 M-1 M-1 N
= D Diw | Y W' peTIM | k=—M/2,...,M/2. (7.55)
m=0 j=0

We then use the exactness of the quadrature that allows us to replace summation by
integration

M- P O "
N, 2 _ = " —i

M Z; "(nj)e Y —271/(; ' (n) e "*dn. (7.56)
We next integrate the right side by partstwice. Thefact that the integrand is periodic
leadsto

1 M - N

M Z h//(nj)e—ZJnjk/M — _kZE—ijk/M. (757)

j=0

The idea to convert a summation to an integral and back when the quadrature is
exact is powerful and commonly used in spectral methods.
We now replace the factor in square brackets on the right hand side of (7.55)

1 M-irm-1 2 M1
M Z |:Z ¢l’mh//(77j):| 6—27Tl]k/N _ _ﬁ Z (pl,me_hl]k/N — _kchlm-
m=0

j=0 Lm=0
(7.58)
This leads to the system of equations
N 2
k - ~ 1=12,...,.N -1,
By, — =4 Dy =S 7.59
g( "2 l'”) TR k= —My2,.. Mj2-1, (759
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Since @, /2 = Pu,—m/2, We don't have to compute the last mode. We know the
boundary values from the Fourier transform of the boundary conditions. If we put
those on the right hand side, we have

N-1 k2
Z <Bln - _281,n> ¢nk
n=1 T

1=12,...,N—1,

=3 _<B Sox + Bin® )
Ik 1090k + Bin Pk k=—-M/2,...M/2—1.

(7.60)

Equation (7.60) represents M independent N x N systems of equations for the
Fourier coefficients. Let A% be the matrix whose elements are

*) K2
Ay = | B — r—251,n , (7.61)
]

RHS" = §y; — (Bzoi’Ok + BlNéNk) . (7.62)
Then there are M systemsto be solved of the form
ABVE = RHSH) (7.63)

We are now able to develop an algorithm to compute the collocation approxima-
tion to the problem of steady potentials in an annulus. To compute the right hand
side vectors, we need the discrete Fourier coefficients of the boundary functions and
the source term, if oneis present. We can compute these transforms efficiently using
the FFT. Next, for each wavenumber, k, weform thematrices A®) and theright hand
side vectors. We solve the systems as we form them. There is no need to store all of
them at once. The matrices are relatively small—the Fourier transform changes the
origina (N —1)M x (N — 1) M systemto M systemsof size (N —1) x (N —1)—so
direct solution of the systemsisfast and does not require alarge amount of storage.
Inaparallel computing environment, we could solve the completely independent M
systems simultaneously. Finally, the matrices are real, and the solutions are com-
plex. This means we can solve for thereal and imaginary parts independently. More
importantly, we can solve for them with the same LU decomposition.

We use Algorithm 109 (Potential OnAnnulus) to solve for the potential on an an-
nulus. The procedure first computes the collocation points and the derivative matrix
for the radia direction. It then sets up the matrix B, which is independent of the
wavenumber. Then the boundary and source terms are computed from externally
supplied functions. These boundary and source arrays are transformed by the FFT.
Since the input arrays are real, we use the FFT that implements the even-odd de-
composition. Once the boundary and source arrays are transformed, the M systems
are solved in the k' loop. Recall that the FFT orders the wavenumbers differently
from the way we need to use them, so the transformation from &’ to k is made to
account for that. After the matrix A is computed for the current £ and factorized,
the right hand side of the system is constructed. To take advantage of the LUSolve
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Algorithm 109: PotentialOnAnnulus: Use of the FFT to Compute Potentials
with One Periodic Direction

Procedure Potential OnAnnulus
Input: N, M, ry, ro, Source, @;(0), Po(0)
Uses Algorithms:
Algorithm 37 (Polynomial DerivativeM atrix)
Algorithm 27 (ChebyshevGaussL obattoNodesA ndWeights)
Algorithm 7 (InitializeFFT)
Algorithm 11 (FFTEO), Algorithm 12 (BFFTEO), Algorithm 142 (L UFactorization)

{&}N - {wi 1o} < ChebyshevGaussLobattoNodesAndWeights(N )
{Dlj}zh,/j:o < Polynomial DerivativeMatrix(N, {&}1 ;)
for /=0to N do
rp<ri+@E+Dx*@o—rr)
for n=0to N do
s=0
for m=0to N do
| s <5471y * Dyy* Dy
end
Biy < 4x5/(ri(ro —r1)?)

end
end

A9 <21 /M
for j=0toM —1do
0« jas;, ol <20 @f <o)
for /=0to N do
| Sij < Source(r;, theta)
end
end

{w} )" = InitializeFFT (M, FORWARD)
(D)Lt < FFTEOWM, (@1} 5 (wlViEgh; (90 hiy" < FFTEO(M, {99 }1
forl=1toN — 1do
| (Suiiot < FRTEOM, {81t tw 1 h

end
for K =0toM —1do
if k' <M/2thenk < k' elsek < k' — M
forl=1toN —1do

forn=1toN —1do

| Aip < B
end
A < An — (k/n)?

-1 +M-1
A Hh

end
({AL )Y 21 (P} )y} < Factorize({Ai ;)Y _p)
fori=1toN —1do
| RHS1 < Re(Si — (BioRe(®]) + Biy Re(®2)); RHS2 < Im(Si — (BioIm(}) + By Im($2))
end
{RHS 1y 52 ) < LUSOIVe({An iy AP (RHS by 52 y)
for/l=1to N —1do
| @i < RHS1+i*RHS2
end

end
for j=0toM —1do
| @0 <@li oy —0f
end
{w} )¥5" = InitializeFFT (M, BACKWARD)
for /I=1to N —1do

- = AM-1 —M-1
| {051/}?4:01 <~ BFFTEO(M, {‘pik}k:o ) {“’k }k:O )

end

return {<I>1.jl,N’:Ag;io

End Procedure Potential OnAnnulus
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routine, which allows multiple right hand sides to be solved together, we create an
(N —1) x 2 array for the right hand sides from the real and imaginary parts. We use
Algorithm 142 (LUFactorization) to solve the system, which returns the result in
the original right hand side. We then construct the complex potential from the two
parts. Once the discrete Fourier coefficients of the solution are computed for each &,
they are used to synthesize the collocation point values of the solution through calls
to the backward FFT.

The use of the FFT for the diagonalization procedure represents a very power-
ful and efficient solver for problems with constant coefficients. It is also possible
to apply such diagonalization procedures for polynomial approximations, with the
added complexity of computing the eigenfunctions for the matrix operators. See[7]
for examples.

7.2.1 Benchmark Solution: Potential in an Annuluswith a Source

As abenchmark problem, we solve the potential equation (7.44) with a source term

s(r,0) = [(1 - %) + ;iz(sin2 (20) — cos(29))} e~ e C0s29)

and boundary conditions so that the exact solution is

9= e—recos(ze)_
Figure 7.8 shows the computed and exact contours for r; =1, ro =4, and N =
M = 16. To draw the plots, we interpolated the solution to a uniform 40 x 80 mesh.
With these parameters, the maximum error on the mesh is 2.6 x 10~* so the approx-
imate solution is indistinguishable from the exact.

Fig. 7.8 Computed (solid)
and exact (dashed) contours
for the mixed
Chebysehev-Fourier
collocation approximation of
the potential in an annulus.
The contours are uniformly
spaced with spacing 0.1
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7.3 Advection and Diffusion in Quadrilateral Domains

In Sect. 5.3 we developed both collocation and nodal Galerkin approximations to
the advection-diffusion egquation on the square

dp 2
— +0-Vo=nV%, (x,y)e(-11) x(-1,1)),
o TA-Ve=nViyp (x,y) €( ) X ( ) (7.6)

o (x,y,00=¢po(x,y), (x,y)€[-1,1] x[-1,1].

We integrated the systems of ODEs that we generated from the spatial approxima
tions with a semi-implicit method. We integrated the advection terms explicitly and
the diffusion termsimplicitly. The implicit approximation of the diffusion termsled
to a system of equations that we solved at each time step by an iterative method that
we developed in Sects. 5.2.1.4 or 5.2.2.3.

The derivations of approximations to the advection-diffusion equation for non-
sguare geometries mirror those on the sgquare, as do the algorithms. As before, we
will present both collocation and nodal Galerkin approximations. We will integrate
the discrete systems with the same semi-implicit BDF/extrapolation method that we
used on the sguare. At each time step we solve the algebraic system of equations
with the techniques of Sect. 7.1 that we devel oped for the potential equation in non-
square geometries.

7.3.1 Transformation of the Advection-Diffusion Equation

Under the mapping from the physical to the computational domain, the advection-
diffusion equation, (7.64), will no longer be constant coefficient. For that reason,
and to be able to use the transformation relations that we derived in Sect. 6.2.1, we
re-write the advection-diffusion equation as

¢ +0q-Vo=V-ZF, (7.65)
where
F =vVo. (7.66)

We can then apply the transformations for the gradient, (6.64), and the divergence,
(6.61), to map the advection and diffusion terms.
From (6.64), the gradient on the reference squareis

1 . ~ 09 . A 09
Vo==1(Y,x —X,y) — + (-7, X:y) —¢. 7.67
Also, using results from Sect. 6.2.1, we transform the diffusion term to

g_L|of 08
V~J—J{8$+an}, (7.68)
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where

2. y2
Zv{Yn+Xna_¢_YnY$+XnX$a_¢’}

J  0E J an
5 5 (7.69)
YyYe + Xy Xe 99 YE+X%‘ dp
=v,— — — -
§ 7 ok 7 on
Therefore, the advection-diffusion equation is
1 R17) ap 1(af
— Y, —vX,) — —uY; Xe)—t=—{—+—=> 7.70
(Pt+J{(M;7 v ")8$+( uYe +v S)afl} J{85+ } ( )

on the reference square.

7.3.2 The Collocation Approximation

The collocation approximation to (7.70) is derived as usual. We approximate the
solution and fluxes by polynomialsin Lagrange form, and evaluate the derivatives
of those polynomials at the collocation points. When we follow the usual procedure,
we get the semi-discrete collocation approximation

dd; i

#:v-ﬁ,j—q-v(p,,j, i,j=12,...,N—1 (7.71)

The approximation of the advection termis

N
1 ®)
q-Voi; = T {(“Yn —vXy); ;2 Diy' Pn.j
’ n
+ (—uYs +vXe), ZD%@,m}. (7.72)
We showed how to derive the approximation of the diffusiontermin Sect. 7.1.1. Itis
1 N M
VFij= o (ZD},?F,{J + ZD;']C)G,-,;(> , (7.73)
bJ N\ k=0 k=0
where
[v2+x2] & Y, Y. +XX
Foy=v]| ; N ZDz‘(i)@kJ—[ nYe s} ZDYI?@’" ,
L Jdi,j k=0 i.J k=0
Y2+ XE] o) Yo¥e + Xy X ®
Gij=vi|—F— ZD”@ [—} ZD @y
L di,j k=0 i,J k=0

(7.74)
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7.3.3 The Nodal Galerkin Approximation

We follow the procedure of Sect. 5.3 to derive the nodal Galerkin approximation.
Again, we approximate the solution by a polynomial written in Lagrange form and
substitute that approximation into (7.70). After we use Gauss-Lobatto quadratures
to approximate the integrals of the weak form of the equations, the time derivative
term for amapped domain becomes

dd; ;
/ / — i Jdgdn ~ Fw TJ (7.75)

To approximate the advection terms, we replace theintegrand d @ /dt in (7.75) with
g- V. It follows that the nodal Galerkin approximation of the advection term
is (7.72) multiplied by w®'w'”J; ;. Finally, we have already derived the nodal
Galerkin approximation of the diffusion terms written as (7.68) in Sect. 7.1.2 . The
only difference now isthat the fluxes, (7.69), include the metric terms asin (7.72).

When we collect the approximations for the nodal Galerkin approximation, we
have the system of ordinary differential equations

dP;
w(E)w(n)J d[ — (V -F, ¢ij)N — (q Vo, d)if)N (7.76)

to integrate in time where

N
@ Ve.ij)y = w (n) {(“Yn - vX'?)i,j ZDS)‘DM

n

+(—uY: +vXe l]ZD(”)q?',m} (7.77)

We take the diffusion term from (7.21)

N
(V-F.¢i))y = {ZD(WF wnw,+ZDf}Q G mw,wm}, (7.79)
n=0 m=0

where the fluxes are computed by (7.74).

Since the transformation that maps to the physical domain from the reference
square maps boundaries onto boundaries, boundary conditions are still easy to ap-
ply. We apply Dirichlet conditions for either the collocation or nodal Galerkin ap-
proximations just as on the square. We set Neumann conditions, which specify the
normal derivative of the solution, through the contravariant fluxes as we described
in Sect. 5.2.2.

We have the same issues with the time integration of the collocation system
(7.70)—(7.74) and the nodal Galerkin system (7.76)—(7.78) as we did on the square
in Sect. 5.3. The approximations to the diffusion terms are stiff compared to the ap-
proximations of the advection terms. For that reason, it is still convenient to use the
implicit/explicit integration that we presented there.
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7.3.4 How to I mplement the Approximations

Few modifications need to be made to the implementations that we presented in
Sect. 5.3 to implement either the collocation or nodal Galerkin approximations in
non-square geometries. We can quickly convert the implementation presented there
to handle more general geometries. The additions and changes that we need to make
are:

e Add mapping and metric terms. We must add mapping and metric term in-
formation in the form of a MappedGeometry instance to the Nodal AdvDiff-
Class, Algorithm 81. We saw how to add the mapping in Sect. 7.1.1 for
the MappedNodal Potential Class, Algorithm 103 and its constructor, Algo-
rithm 104 (MappedNodal Potential Class:Construct). The constructor no longer
needs to compute the second derivative matrix, so we can remove the calls to
mthOrder Polynomial DerivativeMatrix.

e Modify the transport computation, Algorithm 83 (Transport). To evaluate the
transport term for a quadrilateral domain, we need to modify Algorithm 83 by
replacing theline

this.transport; ; « this.u x @x;; + this.v = ®y;; (7.79)
with

1

thisgeom.J;; {(this.u = (this.geom.Y;));,;

thistransport} ; <

— this.v * (this.geom.X )i, ;) Px;, j
+ (—thisu(this.geom.Yz); ;
+ this.v(this.geom.Xg),',j)qby,',.,v} . (7.80)

To make the procedure compute the nodal Galerkin approximation, (7.77), we
follow thiswith the line

thistransport} ; < this.geom.J; ; this.spA.w®
¢ this.spA.w;”) « this.transport; ;. (7.81)

o Use the mapped version of the Laplacian approximation in Algorithm 85 (Adv-
DiffimplicitResidual). We now need to use the mapped approximation of the
action of the Laplace operator, Algorithm 105 (MappedLaplacian), for colloca-
tion approximations, or the equivalent Algorithm 107 for the nodal Galerkin ap-
proximation in place of the procedure LaplacianOnTheSquare of Algorithms 66
and 77.

Otherwise, the Algorithms 84 (ExplicitRHS)-87 (Multisteplntegration) will re-
main the same. Just be sure to use the appropriate solvers and preconditioners for
the implicit systems. We described the changes needed in Sect. 7.1.
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7.3.5 Benchmark Solution: Advection and Diffusion
in a Non-Square Geometry

The first benchmark problem is to compute the constant coefficient advection-
diffusion problem with boundary and initial conditions to match the exact solution
(5.123) in a non square domain. The domain we choose is bounded by the four
curves

T1(5)=35%—(0.3+0.35(tanh (2¢) + 1)) 5,
L2 (n) = 3% + (3 +0.35(tanh(3) + 1))n3,
T3(6) = 3%+ (0.3+0.35(tanh (2£) + 1)) £,
T4(n) =—3%+ (0.3+0.35(tanh (3) + 1)) n3.

(7.82)

When we apply the transfinite interpolation, we generate a grid like that shown in
Fig. 7.9.

4 wofF

I
Fig. 7.9 Solutions and grid for the constant coefficient advection-diffusion equation. Exact solu-

tions are contoured by dashed lines, computed by solid lines. Solutions are interpolated from the
origina 24 x 24 grid to a50 x 50 grid to plot
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Fig. 7.10 Exact (line) and computed (symbol) solutions along y = 0 for the constant coefficient
advection-diffusion equation

We show contour plots of the exact and computed solutions for three times in
Fig. 7.9. The parameters for the solutionswere u = 0.8, v =0, xg = —1.25, yo =0,
and v = 0.2. We used a 24 x 24 node grid and Ar =5 x 103 to compute the solu-
tions. In Fig. 7.10 we show the exact and computed solutions along the centerline,
y = 0 at three times.

7.3.6 Benchmark Solution: Advection and Diffusion of a Pollutant
in a Curved Channel

A more complex problem isto compute the transport and non-isotropic diffusion of
apollutant in acurved channel. That problem is modeled by the equation

d d d 0
o+ a0, 1) - Vo= — (v 22} L 2 (L,m2?) (7.83)
0x ax dy dy
If we choose the model parameters to be the variable coefficients

U =upx, V= —uogy,
2.2 2.2 (7.84)
¥ = vougx”, ) = vougy”,

there is an analytical solution

1
plx,y, 1) =
Y 27Tv0u(2)(t + 8)/Xyx0Yy0
_1
xoy 4vo(t + 8)

e ﬁex 20+ oo
oy P duo(t + 9) C
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Fig. 7.11 Grid for nonisotropic advection-diffusion in a curved channel

The point (xo, yo) corresponds to the initial location of pollutant, a2 is a parameter
that defines the streamline along which the concentration vanishes,

1
p1=—[In? <£>+In2 <l>
uo x0 Y0

(7.86)
1
po=— [In? (i> +1n? (l>
uo x1 y1
and
2 2
a a
xp=—, yi=—. (7.87)
Yo X0

The streamlines for the flow are the lines xy = const so if we choose two of the
boundaries to correspond to these streamlines, we can simulate the flow in a curved
channel. For this benchmark, we choose the four boundaries to be

I1 (&)= (8+7.75¢c08(m +£7m/2)) X + (8+ 7.75¢c0s (1w + £7/2)) 13,
I2(n) =8x + (0.125+ 1.125p) y,
I3(&) = (8+5.5¢08(7r 4 £7/2)) & + 10(8+ 7.75¢08 (7w + £7/2)) 1 9,
I4(n) = (0.25+ 2.25n) X + 4y.
(7.88)
The lower boundary T'; is the streamline for which a? = 1. The linear transfi-
nite map of the four curves produces the geometry and grid for N = 20 shown
inFig. 7.11.
We only need to make two changes to the algorithms we developed earlier to
solve the channel problem. First, we must modify the diffusive fluxes (7.74) to in-
corporate the variable and non-isotropic diffusion. How to do that is the subject
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Fig. 7.12 Exact and computed solutions of nonisotropic advection-diffusion in a curved channel.
Exact contours are shown as dashed lines, computed as solid lines. At time ¢ = 0 the streamlines
are plotted
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computed (symbol) solutions 06 |
of nonisotropic ’
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02 -
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of Problem 7.8. Second, the transport terms, (7.72) and (5.110) must evaluate the
velocitiesu and v at the nodes.

We show benchmark solutions for N = M = 20 at three times in Figs. 7.12
and 7.13.

7.4 Conservation Lawsin Quadrilateral Domains

In Sect. 5.4 we showed how to approximate a system of conservation laws

Q +fc+g,=0 (7.89)
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on the square by a nodal discontinuous Galerkin method. In this section, we go

beyond the square and we show how to use the transformations that we devel oped
in Chap. 6 to use the method to solve conservation laws in quadrilateral domains.

7.4.1 The Nodal Discontinuous Galerkin Approximation

Under a mapping from the physical domain to the reference square, we use (6.61)
to transform the conservation law (7.89) to

! =—+@} 0, (7.90)

(7.91)

To approximate the solution of (7.90), we need only to extend the derivation of
Sect. 5.4. As usual, we approximate the solution and the contravariant fluxes by

polynomials, Q ~ ¢, F ~ f and G ~ § where now
r:tl/' = (Yﬂ)i,.j f (Qi~j) - (X’])i,j g(Qi,./’) ’
éllj =" (YS),',.,' f (Qiﬁj) + (Xé)i,j g (Qllj) :

The nodal values of the solution are found by way of the Galerkin projection on the

reference square
aF 3G
(Qt,d)ij)“l‘( {35 } ¢1]> (793)

Theinner products are the integrals over the reference square. Therefore

(7.92)

1 1
(Qu. ¢i)) = /_ 1 /_ QuyJdedn. (7.99)

When we choose the Lagrange basis that interpolates the Legendre Gauss points,
replace the integrals by Legendre Gauss quadrature, the inner product of the time
derivative with the basis functions leads to the approximation

(Qt,dnj)%(Qt,eﬁf)z§”>)N=Q i jwwi?. (7.95)
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Before we approximate the second inner product in (7.93) we integrate by parts,

which moves the derivative onto the basis functions and generates boundary inte-
grals. That is, we convert

(B )= Lo 2
f/{a_F 8~}¢ud€dn (7.96)

1foF oGl
Jlog " oan i
Y P L 200y
_/_1:@]':‘5——1_/_1': 0§ di;‘}dn
1
+/ {¢”G‘n—_1 /Ga¢"d ]dg. (7.97)

When we gather terms, we have

1|9F oG 1 . 1
( {35 } %) /1¢ijF‘s:—1dn+/ ¢”G‘n——1
1 ,1 ~ i ~ 0
- F—L G—”}dd, 7.98
/1/1{ ag TGy Jdsan (19)

which should be carefully compared to (5.142).

Now that we have integrated by parts, we approximate the integrals by Legen-
dre Gauss quadrature and use the Lagrange basis that interpolates the associated
guadrature points. When we follow the arguments that lead to (5.147), (5.151) and
(5.152) we get the nodal approximation for the conservation law on a quadrilateral
domain

N
dQi; 1 « 4O =, 4i(=1) NS
Tar Ji,j HF L)~ @) —F L) =g (s) +ZF’W’Dik

to

&~

1]« ZTE I (-1 N
T HG*(&,D 15 -6 6. —n L n))} +ZG,-,kD§-’Z?} ~o.

(
oJ ] j
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When we compare (7.99) to its equivalent on the square, (5.152), we see that
they differ only in the fact that the approximation on a general quadrilateral do-
main uses the contravariant rather than the covariant fluxes. Along the bound-
aries, we must use the Riemann solver to compute the contravariant fluxes rather
than the norma fluxes. Fortunately, there is a simple relationship between the
two.

To understand how to use the Riemann solver to find the boundary contravari-
ant fluxes, we go back to the argument that led to the relation (7.12) between the
boundary and normal fluxes for the Neumann problem for the advection-diffusion
equation. The polynomial approximation of the contravariant flux in the £ direction
is

F=Y,F—X,G=(Fi+Gj)-Ja (7.100)

But boundary normals are proportional to the vectors Jal and Ja? (cf. (6.60)),
precisely, il = Jal/|Jal| and 7% = Ja?/|Ja?|. Therefore,

F=|Jal| (F& +Gj) - at. (7.101)

To compute the boundary fluxes with the Riemann solver, then, we need only to
compute the normal Riemann flux and then scale by |J al|. For example along the
boundary I'z, we compute the boundary flux F*(1, ;) by

F (L ;) = [Ja'|F* (Q(L n;), Q%% A)

2 2
171,/ Y2+ X2 -

J

(Q(L.n)), Q%% A) (7.102)

using (6.60).

7.4.2 How to Implement the Nodal Discontinuous Galerkin
Approximation

From the discussion above, we see that we can implement the nodal discontinuous
Galerkin approximation by additions to and modifications of the algorithms for the
square developed in Sect. 5.4.

7.4.2.1 Data Storage

For general quadrilateral domains, we need to add metric and boundary information,
aswe did to extend the Nodal Potential Class to get the MappedNodal Potential Class,
Algorithm 103. To implement the time derivative for the mapped equations, we
could simply modify the algorithm (and code) for the time derivative on the square.
Physical space locationsthat are needed by the external boundary functions are now
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Algorithm 110: DGSolutionStorage: Storage of Interior and Boundary Solu-
tions

Structure DGSolutionStorage

Data:

nEgn
N;M;nE : : . .
{Qi»j,"}iéo»}logzzl;// interior point solution values

{Q',»,j,,,}f\’:;g,l}i%‘?::l;// interior point solution tinme derivative

{ @by }MXN-MIMENA 1| boundary sol ution val ues

Max(N,M);nEqgn; 4,
(Foz, S ine % /] boundary flux fluxes

End Structure DGSolutionStorage

located in the x and y arrays of the MappedGeometry structure. The normals at
the boundaries are no longer the +x and +y directions, but are computed from
the mapping function and are also stored in the MappedGeometry structure. The
physical flux routines xFlux and yFlux remain the same. However, we now have to
compute the divergence of the contravariant flux rather than the covariant flux.

We will not make the straightforward extension of the discontinuous Galerkin
agorithms on the square to the mapped domain. Instead, we will refactor the data
storage and the procedures in anticipation of reusing them in a spectral element
framework later in Chap. 8. The new organization will create a new class in which
to store the data, and new procedures that will break the operation of computing the
time derivative into its component parts.

To refactor the data, we will create the new solution storage structure shown
in Algorithm 110 (DGSolutionStorage). The nodal discontinuous Galerkin method
requires the solution in the interior of the domain plus boundary values that are
interpolated from the interior. We will now store the boundary values along the four
sidesin an array so that they can be used outside of the procedure in which they
are computed. Since the size of the arrays can differ in the two directions, asimple
array is not the best storage model (an array of arrays would be better), but it will
suit our purpose here. We will store the numerical boundary fluxesin the same kind
of array. The flux arrays are not absolutely necessary, since it turns out that we can
reuse the storage used by the boundary solutions. However, having the flux arrays
make the algorithms more clear. For convenience and clarity, we also store the time
derivative of the solution.

7.4.2.2 The MappedNodalDGClass

Now that we have the datamodel for the solution, we compose the datamodel for the
nodal discontinuous Galerkin method from the usual nodal storage model, the geom-
etry model and the solution model. We show this storage model in Algorithm 111
(MappedNodal DG2DClass). In that class we also show two new procedures. The
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Algorithm 111: MappedNodalDG2DClass. A Discontinuous Galerkin Class
Definition
Class MappedNodal DG2DClass
Uses Algorithms:
Algorithm 89 (Nodal DG2D Storage)
Algorithm 110 (DGSolutionStorage)
Algorithm 101 (MappedGeometryClass)
Data:
spA;// O type Nodal D&DSt or age
dGS;// O type DGSol utionStorage
geom;// O type MappedGeonetry

Procedures:
Construct(nEgn, N, M, {Fk}le);// Al gorithm 91, extended
GlobalTimeDerivative(z); / / Al gorithm 115

End Class MappedNodal DG2DClass

constructor has changed from the one we used on the square. We have changed the
constructor from

Construct(nEgn, N, M)
to
Construct(nEqn, N, M, {Tk}{_1),

where the I, are curve interpolants defined in Algorithm 96 (Curvel nterpolant). To
the constructor we then add

this.geom.Construct(N, M, {T ; };!:1, this.spA)

to create the metric terms, normals, etc. that are needed by the approximation.

7.4.2.3 TheTime Derivative

The second new procedure that we need to write computes the time derivative. If
we look back at Algorithm 93 (DG2DTimeDerivative), we see that it performsthree
fundamental operations. It interpolates the sol utions to the boundaries and computes
the numerical fluxes from the interpolated values and the external state using the
Riemann solver. Finally it computes the time derivative from the spatial derivatives
of the fluxes. When we refactor the algorithm into these three parts, we get Algo-
rithms 112 (DG2DProlongToFaces), 113 (MappedDG2DBoundaryFluxes), and 114
(MappedDG2DTimeDerivative). Put them together as we do in Algorithm 115
(DG2DTimeDerivative), and we have extended and replaced the equivalent time
derivative routine for the square.
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Algorithm 112: DG2DProlongToFaces: Interpolate the Solution from Gauss
Points to the Boundaries

Procedure DG2DProlongToFaces
Input: spA;// O type Nodal D&DSt or age
Input: geom;// O type MappedGeonetryd ass
Input: dGS;// O type DGSol uti onStorage
Uses Algorithms:

Algorithm 89 (Nodal DG2D Storage)

Algorithm 110 (DGSol utionStorage)

Algorithm 101 (MappedGeometryClass)

nEgn <— dGS.nEQN; N < SpA.N; M < spA M

for j=0to M do

for n =1to nEgn do

dGSQb; ,, 4 < InterpolateToBoundary(dGS. { Q;. j.» }Loa spA.{ZE‘S)(—l)}iN:O)
dGSQb; ,, , < InterpolateToBoundary(dGS. { Q;, ;. }fvzo, SPA. {655)(1)}?':0)

end

end

for i=0to N do

for n =1to nEgn do

dGSQb; , ; < InterpolateToBoundary(dGS. { Q;, ;. }?4:0, SpA.{ 65.'7)(—1)}?4:0)
dGS.0b; 3 < InterpolateToBoundary(dGS. { Q;, j,» }7:0 , SPA. {ZE.") (@) }?4:0)

end

end

return dGS

End Procedure DG2DProlongToFaces

7.4.3 Benchmark Solution: Acoustic Scattering off a Cylinder

The noise inside an aircraft due to a propeller or other engine noise source comes
from the acoustic pressure loading on the surface of the fuselage. To model such
loading, we can represent the aircraft by a circular cylinder and the engine by a
source placed nearby, as sketched in Fig. 7.14. We have seen in Fig. 5.4.3 how well
the spectral discontinuous Galerkin approximation approximates reflection from a
straight boundary. With this model we can test how well it approximates scattering
off a curved boundary.

The model problem and the mapping to the reference square is shown in
Fig. 7.14. The initial velocities are u = v = 0. The sound source will be an initial
pressure perturbation

2.2
—In(2)(A=1 )

px,y,0)=e¢ , (7.103)

where x; isthe location of theinitial disturbance along the x axis. Since the cylin-
der and the source are symmetric about the line y = 0, we only need to solve in
the upper half plane. Since the solution reflects across the symmetry boundary, we
implement it as a wall, i.e. reflection boundary. Therefore, we set wall reflection
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Algorithm 113: MappedDG2DBoundaryFluxes: Boundary Fluxes in 2D for
the Discontinuous Galerkin Approximation

Procedure MappedDG2DBoundaryFluxes
Input: ¢
Input: spA;// O type DGNodal 2DSt or age
Input: geom;// O type MappedGeonetryd ass
Input: dGS;// O type DGSol uti onStorage
Uses Algorithms:

Algorithm 88 (RiemannSolver)

nEgn <— dGS.nEQN; N < SpA.N; M < spA.M
for j=0toM do

L, E
{or ey

External State(dGS. {Qb; . 4}nqun ,geom.i4, geom.x#, geom.y4, ¢, LEFT)

dGS{ j.n 4}”qu" (_

geom.scalf + RiemannSolver (dGS. {ij,n’4}:iq1" Ao }"Eq", geom.i%)
{QR aq}nEqn

ExternalSate(dGS. { 00,2} "', geom./i2, geom.x2, geom.y?, , RIGHT)

dGS{ J.n, Z}ZE(?I.n <_

geom.scal?  RiemannSolver (dGS. {Qb , o}"', { O *}7ET", geom )
end

for i =0to N do
E
{or® oy

ExternalSate(dG . {Qb;, 1)1, geom AL, geom.x?, geom.yL, 7, BOTTOM)
dGS{Fy, 1T
geom. scal1 * RiemannSolver (dGS. {Qb; . 1}"Eqn {0 }"Eqn, geom.i})
{ QT ea}nEqn
External Sate(dGS. {Qb, 5", geom.a3, geom.x3, geom.y3, 7, TOP)
E
dGS{F7, a)hot <
geom. scal3 + RiemannSolver (dGS. {Qb , 3}"= ', {01-®)"=T", geom 3)

end
return dGS
End Procedur e MappedDG2DBoundaryFluxes

conditions along boundaries I'; and I'3. The surface of the cylinder, which is Iy,
is dso awall boundary. The outer boundary, I> should be a transparent or radia-
tion boundary. We will approximate the radiation boundary by setting the external
state to be zero everywhere. Since the physical model implied by this approximation
is that there are no incoming plane waves, and since the expanding waves will be
circular, there will be an artificial reflection when waves hit the outer boundary. In
our benchmark solution we choose the outer boundary far enough away so that the
sound waves have not yet reached it at the final time. A better approach would be to
use Perfectly Matched Layer (PML) approximations at the radiation boundary, an



7 Spectral Methods in Non-Square Geometries 287

Algorithm 114: MappedDG2DTimeDerivative: Time derivative in 2D for the
Discontinuous Galerkin Approximation

Procedure MappedDG2DTimeDerivative
Input: spA;// O type DGNodal 2DSt or age
Input: geom;// O type MappedGeonetryd ass
Input: dGS;// O type DGSol uti onStorage
Uses Algorithms:

Algorithm 92 (SystemDGDerivative)

Algorithm 94 (WaveEquationFluxes)

nEgn <— dGS.nEQN; N < SpA.N; M < spA.M
for j=0toM do
for i =0to N do

{Fz n}nEqn

(geom.Y,); j * xFlux(this. { ;. ]n}”Eq”) — (geom.X ,);.; * yFlux(this. { Q; .}
end
N;nEqn
{ i,nJi=0;n=1

Q/stemDGDerlvatlve(dGS{ e 4}2qun,dGS{FJ*n T [N nEq"l,spA (D5}

A6 D)} L. oA (€ D) Lo, A fuw” | L)

nEgn
n=1 )

i,j=0"

fori =0to N do
for n=1tonEgn do
| dGSQij.«-F,
end

end

end

for i=0to N do

for j =0to M do

{Gj"}quln <« —(geom.Yy);, ; * xFlux(this. { Q;, ;. n}nEqn) + (geom.X); j *

yFlux(this. { 0 ;. n}”Eq”)

end
{G, }M H =6

S =gn=t . nEgn . nEgn N;nEgn n
&/stemDGDerlvatlve(dGS{F, n, l}n i ’dGS'{Ft n, 3} {GJ ”}j:O;n l’SpA {D }l j=0’

spA.{EE") =D }i:O’ spA,{e?'”(l) }i:O’ SpA.{wi(") }i:O)
for j =0to M do
for n=1tonEgndo
| dGS.Q,',j,n < (dGS.Qiyjyn = G/jyn)/geom.J,-,j
end
end

end
return dGS
End Procedure MappedDG2D TimeDerivative

advanced method applicable to many types of approximationsthat we will not cover
here.

We present benchmark solutions for the scattering problem when the half width
isw = 0.125, the cylinder radiusis ro = 0.5 and x;, = 1.5 for timeup to r = 3. We
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Algorithm 115: Global TimeDerivative: Full Time Derivativein 2D for the Dis-
continuous Galerkin Approximation

Procedure Globa TimeDerivative

Input: ¢

Uses Algorithms:

Algorithm 112 (DG2DProlongToFaces); Algorithm 113 (MappedDG2DBoundaryFluxes);
Algorithm 114 (MappedDGSystemTimeDerivative);

this.dGS < DG2DProlongToFaces(this.spA, this.geom, this.dGS)

this.dGS < MappedDG2DBoundaryFluxes(z, this.spA, this.geom, this.dGS)
this.dGS < MappedDG2D TimeDerivative(this.spA, this.geom, this.dGS)
End Procedure DG2DTimeDerivative

I's

T

Iy

Fig. 7.14 Model for scattering of a sound wave off acircular cylinder

choose the benchmark domain to be the half circle with inner radius rg and outer
radiusr, = 5, whichismapped onto the reference square by the transfinite mapping
of the boundary curves

I'1 () =ro+ (rec —r0)(§ +1)/2% + 09,

To(n) =reoCoS(mr(n+1)/2)X +reeSiN(@ (n+1)/2)y,
I'3()=—ro— (reo —r0)(§ +1)/2% + 0y,
T4(m)=rocos(xr n+1)/2)x+rosin(x (n+1)/2) 3.

(7.104)

Under this mapping, the grid looks similar to that shown in Fig. 7.4, which we
used to compute the incompressible flow over a circular obstacle. We compute the
solutionswith N = M =74 and Ar =5 x 1072,

We show the computed pressure contoursfor r = 3in Fig. 7.15. Thefront farthest
from the cylinder has its center at x = 1.5 and was created by the initial pressure
disturbance. The next closest front to the cylinder hasits center at x = 0 and isthe
wave reflected by the cylinder. Also visible is aweak sound wave created when the
incident wave front merges to the left of the cylinder. To produce the contour plat,
we used Algorithm 35 (2DCoarseToFinel nterpolation) to interpolate the solution
and grid onto 100 uniformly spaced points in each direction.
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Fig. 7.15 Pressure contoursat ¢ = 3 for the model acoustic scattering of an initial pressure distur-
bance off acircular cylinder
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Fig. 7.16 Incident and scattered pressure values at t = 3 at two angles from the origin

We present profiles of the pressure at two angles about the cylinder, interpolated
tothefinegrid, in Fig. 7.16. Atangle 6 = 0°, along y = O to theright of the cylinder,
the incident and reflected waves are well separated. The waves are still interacting
along the line x = 0, which correspondsto 6 = 90°.

Exercises

7.1 Derive equations (7.5) and (7.6).
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7.2 Newton'slaw of cooling says that the normal heat flux at a boundary is propor-
tional to the difference between the surface and ambient temperatures,

Vo -n=—y(p—g¢o).

Write this boundary condition for a curved boundary of a quadrilateral domain.

7.3 Derive the nodal Galerkin approximation to approximate the potential in the
annulus of Fig. 7.7 with potentials specified along the boundaries.

7.4 Derive the nodal Galerkin and collocation approximations to approximate the
steady temperaturein the annulus of Fig. 7.7 for a specified temperature distribution
along the inner cylinder and an insulated outer cylinder, i.e. Vg - 1 = 0.

7.5 Derive the collocation approximation (7.71)—7.74) to the advection-diffusion
equation.

7.6 Explain why the nodal Galerkin approximation of the diffusion terms of the
advection-diffusion eguation and (7.95) are only approximate on a mapped domain
after quadrature, in contrast to the approximation on the square.

7.7 Derive equations (7.76)—7.78) for the nodal Galerkin approximation to the
advection-diffusion equation.

7.8 Derive the collocation and nodal Galerkin approximations to the non-isotropic
advection-diffusion equation (7.83) and show how to modify the algorithms to im-
plement the methods.

7.9 The conservation form of the advection termis V - (qg). Show how to approx-
imate thisin a mapped coordinate system.

7.10 Implement the spectral collocation method to compute the inviscid, incom-
pressible flow over a cylinder. Use the computed potential to compute and plot
spectrally accurate approximations to the velocity.

7.11 Implement the nodal Galerkin method to compute theinviscid, incompressible
over acylinder. Compare the accuracy to that of the Chebyshev collocation method.

7.12 Fluid flow in a concentric pipe. An important class of viscous fluid flows for
which exact solutions exist are those in pipes of arbitrary yet constant shape. To
force fluid down the pipe, an inlet pressure higher than the outlet pressureis applied.
In the steady state, far away from theinlet and outlet, we can assume that thereis no
variation of the velocity inthe axial, z, direction and that the pressure varieslinearly
from the inlet to the outlet. The fact that the pipe has a constant cross section means
that we can assume that the radial and azimuthal velocity components are zero. The
viscosity in the flow forces the axial velocity to vanish at the pipe walls. Therefore,
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the only unknownistheaxial velocity, u(x, y). Under these conditions, conservation
of momentum requires that the axial velocity satisfies
9%u 32u> _lop

—+-—|=—-—=y=const<0.
9x2  9x2 v 0z v =

Vau(x,y) = (

Since the pipe has constant cross section, the axial velocity isreally only afunction
of theradia distance.

The flow in the concentric cylinder shown in Fig. 7.7 has an exact solution, with
the axial velocity given by

In(ro/r) }

ulr) = _% {r% —r _rlz)ln(rl/ro)

1. Use amixed basis spectral collocation method to compute the flow in the con-
centric cylinder and compare the computed solutions to the exact for velocities
scaled so that y = —1.

2. Compute to spectral accuracy the volume flow rate QO defined by

0= udA
disk
and compare to the exact analytical value

__YT)2_ 2 (g —rp)?
©=77% {ro T W1 /ro)

7.13 Fluid flow in an eccentric pipe. Referring to the flow in a concentric pipe de-
scribed in Problem 7.12, derive and implement a spectral collocation approximation
to solve for the flow rate in the eccentric annular pipe shown in Fig. 7.17. Explain

Fig. 7.17 A pipe described
by an eccentric annulus




292 7 Spectral Methods in Non-Square Geometries
your choice of solver. Compute the flow rate to spectral accuracy and calculate how
it varies with relative eccentricity

c
a—b

E =

Finally, compare your results with the analytical solution

_ 2p e @+p)
124 4 4 4eM 2)r2
= —b" — —8 _—
Q 8 “ B—a ZSlnh(n,B—noc)
where
2 2,2
M=VF—@, potE
2c
_1|nF+M ,8—1I F—c+M
T2 F-M’ 2 F—c—M

7.14 In Sect. 6.3, we noted that if we are not careful when computing the metric
terms for a mapped domain that spurious waves can be generated. With the geom-
etry of the benchmark problem of Sect. 7.4.3, and the initial condition p = const,
u = v = 0, compute the nodal discontinuous Galerkin approximation to the wave
equation when the boundaries are represented by polynomials of degree N + 5 for
severa low values of N, where N isthe polynomial order of the approximation of
the solution. Plot the pressure at various times and observe. Compare the results to
what you get when the boundaries are approximated by polynomials of order N.



Chapter 8
Spectral Element Methods

The main feature of nodal polynomial spectral methods that give them their power,
namely the global polynomial approximation with grid points at the nodes of a
Gauss quadrature rule, also limits them to a fairly small class of problems. The
global nature of the approximation makes it difficult for us to apply the methods to
complex geometries or to problems with discontinuities. The fixed node placement
makes it difficult to refine the grid locally as may be needed. The cost to compute
the derivatives gets large in large problems that need high order polynomials to re-
solve all the featuresin aproblem. An example of that is the benchmark problem of
Sect. 7.4.3. Coupled with the small time steps to which explicit methods are limited
or the large condition numbers that adversely affect the solution of the linear sys-
tems that arise from implicit methods, the spectral methods that we have presented
so far can become expensive, although very accurate.

To compute problems in geometries that are more complex than those we have
presented so far, we introduce multidomain methods. In multidomain spectral meth-
ods, we divide the domain of interest into smaller subdomains that we can map in-
dividually onto the square. We can then apply a spectra method like one of those
discussed in Chap. 7 to each of the subdomains. Multidomain spectral methods have
become so useful and so common that the methods that we have derived so far in
this book are now often called “single domain” or “mono-domain” methods.

We can extend any of the nodal spectral methods that we have presented so far to
amultidomain version. We only need to develop methods to couple the subdomains
together. However, in this book we will only discuss a subclass of multidomain
methods that starts from the weak form of the equations, that is, the nodal Galerkin
methods. The Galerkin based nodal methods have natural coupling that followsfrom
the weak form. We call this subclass “ Spectral Element Methods® because of its
similarity to finite element methods. We note, however, that some authors refer to
spectral multidomain methods in general as spectral element methods. For a taxon-
omy of multidomain methods and presentations of other methods that use the strong
form of the equations, see the book by Canuto et al. [8].

Multidomain methods, and spectral element methods in particular, have many
advantages over their single domain counterparts. Let us quickly review situations
where we should or must use a multidomain method. They include:

e Problems in complex geometries. We can use multiple domain decompositions
to solve problems in domains that are difficult to map or cannot be mapped onto
a single square. Figure 8.1 shows a decomposition of such a domain into four
elements. A more convincing geometry might be what we'd need to compute
flow over athree element airfoil like that shown in Fig. 8.2.

D.A. Kopriva, Implementing Spectral Methods for Partial Differential Equations, 293
Scientific Computation,
© Springer Science + Business Media B.V. 2009
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Fig. 8.1 A decomposition of
an interior domain by four
subdomains

Fig. 8.2 A portion of a
decomposition of the exterior
of athree element airfoil into
multiple subdomains

Fig. 8.3 Single (a) and multidomain (b) decompositions of a disk

o Problemswith coordinate singularities. Even if the domain is simple, the coordi-
nate mapping onto the square may have singularities. We can use asingle domain
to approximate an equation on the disk using a cylindrical coordinate system, as
seen in Fig. 8.3a. We can eliminate the singularity at the origin by subdividing
the disk asin Fig. 8.3b. We can use subdivision to eliminate pole singularities on
the sphere aswell, asin Fig. 8.4.

o Problems with discontinuous coefficients or solutions. Since the convergence rate
of spectral methods depends on the smoothness of the solutions, we would not
expect accurate solutions when the coefficients in an equation or the solutions are
discontinuous. A simple problem on which we should not use a single domain
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Fig. 8.4 A multidomain
decomposition of the surface
of asphere

Fig. 8.5 A double glazed Glass
window model as an example
of aproblem with

) . ) Outside Air G cide
discontinuous media “ Air Gap Inside

spectral method is to compute the heat flux through a double glazed window as
we sketch in Fig. 8.5. The temperature satisfies the equation

d aT

The steady temperature, also shown in the figure, is continuous even though the
diffusion coefficient, «, is discontinuous at the material boundaries. If we use a
single domain spectral method to solve the problem, the convergence rate of tem-
perature will be slow. On the other hand, if we break the domain into subintervals
whose boundaries are at the materia interfaces, we could represent the solution
exactly by piecewise linear polynomials.

Other problems where the presence of material boundaries would lead us to
spectral element methods include electromagnetic wave propagation through dif-
ferent media, electromagnetic scattering off optically coated surfaces, or ultra-
sound detection of tumors where waves must propagate through muscle, fat and
bone.

e Solution and efficiency driven considerations. Finally, even if neither the geome-
try nor the solution dictate that we should use multiple domains, efficiency con-
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siderations may instead. To find a technical discussion of the issues we suggest
the book by Canuto et al. [8]. We will only give arough idea here how work and
accuracy are related.

Thework required to compute spectral solutions depends strongly on the poly-
nomial order. If fast transforms are not available, the cost to compute the deriv-
atives increases as N2. If we use an explicit time integration method, the time
step is limited by the size of the eigenvalues of the problem. The fact that the
eigenvalues grow as N2 for first order and N4 for second order derivatives means
that the number of time steps, which is inversely proportional to A¢, grows at
these rates. Overall, the work to compute a time dependent solution with explicit
time integration goes as

(8.2)

W N*  Advection dominated,
N® Diffusion dominated.

On the other hand, if we subdivide into K subdomains, with only N/K order
polynomials in each, then the work grows more slowly as

K(£)*  Advection dominated,
W~ (83)

K (£)® Diffusion dominated.

For instance for a diffusion dominated problem, splitting a domain into only two
subdomains reduces the work by a significant factor of 2/26 = 1/32.

We need to balance the savings in work with the fact that the error will likely
grow if the total number of points is fixed and the number of subdomains is
increased. Roughly speaking, the error will vary with N and K as

e—ozN

E~ KN+1®

(8.4)
So for smooth solutions where the error decays exponentially with polynomial
order, the convergence rate is faster if we increase the polynomial order instead
of the number of subdomains. We therefore need to balance accuracy and work
to decide on the optimal strategy.

The solution itself may also direct us to use multidomain methods. When the
solutions have sharp fonts, boundary layers, or other regions where local refine-
ment is needed, along with other regions where the solution has little variation,
we can localize the effort needed to compute the solution. We can use large re-
gionswith low order polynomias where the solution varies little, and place small
subdomains with high order where the solution varies significantly.

8.1 Spectral Element Methodsin One Space Dimension

To introduce the additional complexity of a multidomain method, we begin with a
presentation of the spectral element method in one space dimension. In one dimen-
sion, we subdivide theinterval into multiple non-overlapping subintervals (Fig. 8.6).
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Fig. 8.6 Subdivision of the interval [0, L] = [xo, xx] into K elements. The nodal Galerkin ap-
proximation is continuous and solutions are defined on Gauss-L obatto points

Each interval will become an element. We couple an element to its neighbors at a
single point, which we will call the element interface, or end point, in one space di-
mension. We will derive and implement two spectral element approximations. The
first usesthe continuous Gal erkin approximation. The second uses the discontinuous
version.

8.1.1 The Continuous Galerkin Spectral Element Method

Asour first illustration of a spectral element method, we re-visit the approximation
of the diffusion problem

(pt=¢xx+f(x)v O<x<L,
90,1)=¢(L,1)=0, >0, (8.5)
p(x,0)=¢o(x), O0<x<L,

that we solved with a single domain method on [—1, 1] in Sect. 4.6.

As we did with the single domain approximation, we derive the continuous
Galerkin spectral element method from a weak form of the equation. To get the
weak form, we multiply the equation by a sufficiently smooth test function, ¢,
that satisfies the boundary conditions ¢(0,¢) = ¢(L,t) = 0, is continuous, and
has square integrable first and second derivatives. We then integrate over [0, L] to
get

L L L
/ Yrpdx :f Qxxpdx +/ fodx. (8.6)
0 0 0

When we integrate the first integral on the right of (8.6) by parts and apply the
boundary conditions,

L L L
/ prpdx = — / oebedx + f Fédx. (87)
0 0 0
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At this point, we would approximate the solution by a polynomial and replace the
integrals by quadrature to derive a single domain spectra method, as we did in
Sect. 4.6.

To derive the spectral element approximation, we subdivide the interval [0, L]
into K subintervals 2% = [x;_1, xx] (Fig. 8.6). These subintervals will be our spec-
tral elements, ¢*. We do not need to place any restrictions on the relative sizes of the
elements.

Once we have subdivided the interval, we can break the integrals into sums of
integrals over the elements

K X K x K x
Yo webdx==) | opdx+> | fodx, (88)
k=1 Xk—1 k=1 Xk—1 k=1 Xk—1
S0 that on each element the solution satisfies
Xk Xk Xk
| wpax==[" o+ / fodx. (8.9)
Xk—1 Xk—1 Xk—1

To use a Legendre polynomial approximation on each element, we map each
element onto the reference interval & € [—1, 1], which will serve as our reference
element, by the affine mapping

1
¥ = XkE) =1+ %Axk, (8.10)

where Ax; = x; — x;x—1. Then

Axe 5 2 9
dx = dE, — == 8.11
r=—pds ax  Axg OE (8.11)

so that on the reference element the weak form of the PDE becomes

A 1 2 A 1
ST ppde = ——=— / L / fods. (812
1 Axg J_1 2 J1

2 J_

To derive the continuous Galerkin spectral element method we approximate the
solution by a piecewise continuous polynomial (Fig. 8.6). On each element, e, we
write the polynomial in Lagrange form with nodes at the L egendre Gauss-L obatto
points,

N
PHE =) Dh)L; (&) (813

j=0
To keep the notation as simple as possible, we will keep the polynomial order N
to be the same across al elements, but this is not necessary in practice. With N
constant, the Lagrange interpolating polynomials are the same in each element. For
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the approximation to be continuous and the first derivatives to be square integrable,
we require that

ok = okt (8.14)
Similarly, we require that

N
A GEDI I B v (8.15)

j=0

Other than the continuity constraint, the values of ¢>j? are arbitrary since the weak
form holds for any sufficiently smooth function ¢.

We now replace each integral in (8.12) by Legendre Gauss-Lobatto quadrature.
On the left,

N

% g~ SE Y w;dha (816)
j=0

Since we are assuming that the same polynomial order is used in each element, the

guadrature weights do not change with k. We approximate the last integral on the

right of (8.12) in a similar manner. Finally, we follow the derivation of (4.117) to

write the diffusion term in the compact form

2 1 2 N N
— dE~ —— G im 8.17
2 [moae~ 2 v atanlg em
j=0 Um=
where
N
G =G, = wil, &) ;&) (8.18)
=0

is a symmetric matrix. When we gather the terms, we see that the solution satisfies
the single domain approximation (4.118) element by element

N

Axy . k kg Axp ol ok
Z{w, AXkZ<b Gjm —wj—Fj 1 ¢ = (8.19)

j=0

By (8.8), we get the complete spectral element approximation when we sum over
all of the elements

ZZ W Ax" ok + i w2 pkbgk—0. (820)
k=1;j=0 "2 m=0 2 .

We use (8.20) to derive the equations that the approximate values of the solution
satisfy. Since the values of ¢f areindependent except at the element boundaries, the
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equations for interior node solution values depend only on others within their own
element. If we take the test function ¢ to equal one at the single interior node & ;in
element k and zero at al the others, we find that the interior node solutions satisfy

N
Axg - 2 X Axp g
Wi Of =g 2 EnGim w5 .
j=12...,N—-1 k=12 ... K. (8.21)

Elements couple because the solution and the test functions are continuous at the
points shared by two elements. When we choose zpk to equal one at the point shared
by the kth and k — 1st elements and zero elsaNhere then

s Axy . 2
lekv 1+ OTéo——

Axg—1

k—1
2 Fy

Z By G+ wy

Axg-1 2
N
2 X Axp g
— A_xk Zo(pmGOm + LUOTFO. (822)
m=

When we impose the continuity constraint (8.14), &% = <Dk 1= = @k, we get the
element boundary equations

AXp_1 n Axp _
WN 2 wo—/— 2

AXxj—
Z OE Gy + wy k 1F/’f,_l

Axk 1/ 2

N

> @k Gow + onFO (8.23)
m=0

2
Axk

fork=2,3,..., K — 1. Finadly, we add the two boundary conditions qﬁé = q>]{§ =0
to complete the system of equations that we integrate in time.

When we compare (8.21) to the single domain approximation (4.122), we see that
we have the same equations to compute the interior and boundary points, except that
now we have not yet divided by the quadrature weights and the element length can
vary. The spectral element approximation differs only because we add the interior
element boundary equations (8.23) that couple the elements. Notice that (8.22) is
simply the sum of two equations (8.21), one from each element that sharesthe point.
We will use this observation when we implement the approximations.

To integrate (8.21) and (8.23) in time, let us now use the second order implicit
trapezoidal rule. Let’'s define

N
=Y 0y,Gjm. (8.24)

(8.25)
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and let %" denote the solution at point j in element k at time ¢,. Then at interior
points the solutions satisfy

Ax At Ax At AX
ijk(p.];’n_Fl — ?Dlj’n-i_l = wj—Zk 45;('” + 7D§’" + Ale—zk F]I-C
=RHS]. (8.26)

To get the equations for the element interface points, we sum the contributions from
neighboring elements, as we are instructed to do by (8.22) and (8.23).

We need to compute the residual to use Algorithm 80 (PreconditionedConjugate-
GradientSolve) to solve the system of equations at each time step. Let us define the
local element residual at each node, including the endpoints, by

A At
Kok 4 Sipk, j=01,... N:ik=12...K. (82

k _ Ak
rj_RHs’;.—w,2 it

Since the global residuals at the interior element boundaries are just the sum of the
local residual s at those points, we can compute the global residual s after we compute
all thelocal residuals by

Ao i=L2. N k=12 K,
ri={F +7t j=0N k=12... K, (8.28)
0, k=0,j=0; k=K,j=N.

The boundary values on the last line are, of course, for Dirichlet boundary condi-
tions. Algorithm 80 needs to be modified slightly because the limits on k start from
one rather than zero, however we could accommodate this by a change of index in
the data

8.1.2 How to I mplement the Continuous Galerkin Spectral
Element Method

The first decision that we must make to evolve the nodal Galerkin approximation
from a single domain to the spectral element approximation is to choose the data
structures. We can choose between two extremes. One is to store all data locally.
In this scheme, the solution, element size, Ax, etc. are stored by element within a
structure or class. The other structure is “flat”, where data is stored globally. The
advantage of the local scheme is that the operations on the data look like the sin-
gle domain approximations that we have developed in earlier chapters. The global
scheme is useful if we want to use BLAS routines effectively. With the global im-
plementation, we can use the Conjugate Gradient solver, Algorithm 80 (Precondi-
tionedConjugateGradientSolve), at each time step to solve the symmetric system of
equations that (8.26) and the boundary eguations generate.
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8.1.2.1 The Spectral Element Class

Wewill take aglobal view of the datawith some organization to simplify local com-
putations. In Sect. 8.1.4, wherewewill use explicit integration in time, we will show
how to use local data structures. Much of the effort here about organization of the
data in one space dimension is overkill, but it will prepare us for multidimensional
problems where the effort is justified.

To use the iterative solver efficiently, we will store the solution of the diffusion
problem in an array. Since we have assumed the same polynomial degree in each
element and since Algorithm 80 has already been designed for two dimensional ar-
rays, we will store the solution for each point on each element in atwo dimensional
array, (@ x}Y:¢, . Thisarray will be amember of aspectral lement class, along
with the data that defines the mesh, as we show in Algorithm 116 (SEM1DClass).

The array storage duplicates the solution at the interior element boundaries. It
does, however, enable us to perform operations such as (8.24) locally on an element

Algorithm 116: SEM1DClass: Data Storage for the One-Dimensional Spectral
Element Method
Class SEM1D
Data:
N, K
{€j}Y_q:// Node I ocations
{wj}?lzo;// Legendre Gauss-Lobatto quadrature weights

{xx}X,;// Element boundary | ocations

{Ax}K /1 Elenent sizes

{Gij};_g:// Derivative Matrix

{px}X_, ;11 Shared node pointers

{¢j,k}§y=;§;k=l;// Sol uti on

{RHSj,k}y:;Iékzl;// For inplicit integration
Procedures:

Construct(N, K, {xi}K ;)

Maﬁr(({aj,k}j-v:‘gk:l) /1 Algorithm 117

UnMask({a; }}-0,—y) ;/ /Al gorithm 117

Globalsum({a; c}Y-6.,_1) ;// Al gorithm 117

LaplaceOperator; // Al gorithm 118

MatrixAction(s, At) ;// Al gorithm 118
End Class SEM1D

Structure sharedNodePtrs
eLeft;// index or pointer of elenment to the |eft
eRight;// index or pointer of elenment to the right
nodeLeft;// index of node to the left
nodeRight ; // i ndex of node to the right

End Structure sharedNodePtrs
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as if we were till doing a single domain computation. The fact that the element
boundary equations are sums of the local element contributions from each side a-
lows us to go back and “clean up” globally afterwards. We will store RHS’; and the

residual r* in the same kind of array as the solution.

We need a data structure to connect the elements. We assumed the simplest re-
lationship between elements in Fig. 8.6, where elements are ordered from left to
right. With that ordering we could assume that the continuity of the shared point
is given by (8.14). In two dimensional problems we cannot assume such a simple
ordering of elements. (See Fig. E.2 in Appendix E for alook ahead.) To allow for
more general relationships, we create a structure that stores the values of £ and j for
the elements on the | eft and on the right that contribute to the solution at an interface
(Algorithm 116, sharedNodePtrs).

We will store the sharedNodePtrs structures in an array, {p*}X !, to mark the
element interface points. When we need to do operations at interface points, we can
access these points indirectly through the elements of this array. For the mesh that
we show in Fig. 8.6, where elements are ordered l€eft to right,

pr.eeft =k,
k .
pr.eRight=k + 1,
pF.nodeLeft = N, (8.29)

p¥.nodeRight = 0.

With flat storage, we store al the data for the spectral element approximation,
including the solutions, element relationships, element sizes, etc., in asingle class
or structure as we show in Algorithm 116 (SEM 1DClass). We will not present a de-
tailed algorithm for the constructor of this class sinceit looks much like constructors
that we have presented earlier.

8.1.2.2 Global Operations

Before we can solve the system with the Conjugate Gradient solver, we must ac-
count for the fact that we have duplicated the solution and residuals at the element
boundaries to perform the local computations as if on a single domain. One way to
delete the duplicatesisto copy the arraysto anew array that does not include them.
We will use amask instead. After we compute the residuals, we will simply set one
of the duplicate solutions and the corresponding residuals to zero so that they have
no contribution to the inner products or direction vectorsin the Conjugate Gradient
solver. Then to perform the local computations, we remove the mask by setting the
solution value that has been zeroed to its duplicate. The number of masked points,
K — 1, isvery small compared to the total number of degrees of freedom, K x N,
so the extra work to mask, unmask and evaluate masked quantities in the Conju-
gate Gradient algorithm is negligible. What we gain in return isan algorithm that is
straightforward to implement.

We perform the global operations with the utility procedures Mask, UnMask and
Global Sum. It doesn’t matter which duplicate we mask, so wewill arbitrarily choose
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Algorithm 117: SEMGlobalProcedureslD: Globa Operations for the One-
Dimensional Spectral Element Method

Uses Algorithms:

Algorithm 116 (SEM 1DClass)
Procedure Mask
Input: {“jvk}j‘v:'o;kzl

for k=1to K —1do
jR < this.p* .nodeRight; eR < this.p*.eRight
ajr.er <0

end

return {aj,k};v:;lék:l

End Procedure Mask

Procedure UnMask

. N;K
Input: {ajvk}j=0;k=l
for k=1to K —1do
jR < this.p* .nodeRight; eR < this.p*.eRight
jL < this.p*.nodeLeft; eL <« this.p*.eleft
AjR.eR < QL eL

end
N;K

return {aj,k}j:O;kzl
End Procedure UnMask

Procedure Globa Sum
. N;K
Input: {af~k}j:0;k:l

fork=1to K —1do
JjR < this. p* .nodeRight; eR < this. p* .eRight
jL <« this.p*.nodeL eft; eL < this. p*.eleft
tMp <—ajR.er +a;L.eL
ajR.er < tMp
ajr.er < tmp

end

return {“J'«k};v:;[c;kzl

End Procedure Global Sum

the value on the right. We show the global operation procedures in Algorithm 117
(SEMGlobal Procedures1D). Each procedure uses the shared node array to perform
its operation globally on an array of mesh values, which may be the solution or
residual, for example.

8.1.2.3 The Diffusion Approximation

Both the right and left sides of the system (8.26) require us to compute a matrix-
vector multiply to evaluate the contribution from the diffusion term of the equation.
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We use Algorithm 57 (CGDerivativeMatrix) to compute the matrix G. We show the
implementation of the diffusion term in the procedure LaplaceOperator in Algo-
rithm 118 (SEM1DProcedures).

8.1.2.4 Side Operatorsand Residual Procedures

When we use the trapezoidal rule to integrate in time, the only difference between
the matrices whose actions are given in (8.26) is the sign in front of the diffusion
operator. For that reason, we will implement only one procedure for the matrix ac-
tionin Algorithm 118 (SEM 1DProcedures) and pass a sign variable with values +1
aswe did with Fourier transforms. We set the residual to zero at the physical bound-
ariesto implement Dirichlet conditionsin the procedure Residual of Algorithm 118.

8.1.2.5 lterative Solver

We need only make minor modifications to Algorithm 80 (PreconditionedConju-
gateGradientSolve). The first we have already mentioned, namely that the arrays
now have different extents. The second is that the residual computation section will
be replaced by the procedure Residual in Algorithm 118. We could still use afinite
element preconditioner or not precondition at all.

8.1.2.6 TheTimeIntegration Procedure

The trapezoidal rule integrator that we show in Algorithm 119 (TrapezoidalRule-
Integration) is straightforward to implement. At each time step we compute the RHS
array and use Algorithm 80 to compute the new values. Since the solution values are
no longer needed after RHSis evaluated, we need only onetime level of storage for
the solution, unlike if we were to use Algorithm 87 (Multisteplntegration). Note
that as in Algorithm 87, we have hidden the boundary condition implementation in
a procedure SetBoundaryConditions that needs to be provided. It will do nothing
more than set the solution values at the boundaries.

8.1.3 Benchmark Solution: Cooling of a Temperature Spot

We present one benchmark example of the solution of (8.5) with the spectral ele-
ment method. We have chosen the initial and boundary conditions so that the exact
solution as a function of time describes a cooling Gaussian spot,

efxz/(4t+l)
px, 1) = 7«/4t—+1 . (8.30)
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Algorithm 118: SEM1DProcedures. Spatia Approximations for the One-
Dimensional Spectral Element Method
Uses Algorithms:
Algorithm 116 (SEM 1DClass)

Algorithm 19 (MxV Derivative)
Algorithm 117 (SEM Gl obal Procedures1D)

Procedure L aplaceOperator
Input: {Uj,k}j.v:;gk:l
N <« this.N; K < this. K
for k=1to K do
{DE}y < MxVDerivative(this (G 20 o, (U 1}2o)
for j=0to N do
| D’j‘. — —2x% D’j‘./Axk
end
end
K1 N; K
return {Dj}j=0;k=l
End Procedure L aplaceOperator

Procedure MatrixAction
5 N;K
Input: s, At, {Uj,k}j=o;k=1
N <« this.N; K < this.K
(U] Y6y < thisUnMask({U; }Y25, )

{AUj,k}y;g;k:l — this.LapIaceOperator({Uj,k}]/Y;g;k:l)
fork=1to K —1do
for j=0to N do
| AUji < thisw;/2xthisAxy «Uj i + 5% At/2% AUk
end
end

[AU;j }Y2§ g < thisGlobalum({AU; (}Y:5 )

(U} g < thisMask((U e} V28 )
return {AUj’k}?/:;IO(;k:]_
End Procedure MatrixAction

Procedure Residual
Input: sem;// O type SEMLD

{rj k)i oy < thisMatrixAction(+1, Ar, sem (@ i} 6, )
for k=1to K do

for j=0to N do

| rjk < sem.RHSj,k —Tjk

end
end
{rj,k}j.v;’oi R this.May({rj,k};Y:?g o)
ro1 <0
rNYK < 0

N;K

return {’j,k}j:o;k:1
End Procedure Residual
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Algorithm 119: TrapezoidalRulelntegration: Integration of the One-
Dimensional Spectral Element Method in Time

Procedur e Trapezoidal Rul el ntegration
Input: Nz, N;;, TOL
Input: sem;// O type SEMLD cl ass
Uses Algorithms:
Algorithm 116 (SEM 1DClass)
Algorithm 117 (SEM Gl obal Procedures1D)
Algorithm 118 (SEM 1DProcedures)
Algorithm 80 (PreconditionedConjugateGradientSolve) //Modified

forn=0to Ny —1do
t < nx*xAt

sem {RHS; 4} )6,y < semMatrixAction(—1, Ar, sem{®; ;}}°5, )

sem.{® jyk}];':;g; w1 < SetBoundaryConditions(sem, ¢ + At)
sem < PreconditionedConjugateGradientSolve(;;, TOL, sem)
end
sem (@ )15y < semUnMask(sem{®, x}}%5 )
t<t+ At
return sem
End Procedure Trapezoida Rulel ntegration

Fig. 8.7 Three element 0.8 ‘ ‘
spectral element solution of
the diffusion equation at two
times. Element boundaries
are marked with vertical
dotted lines

o =1

We solve the equation on the interval [—8, 8] with three elements 21 =[-8, —3],
22 =1[-3,3], and £2% =[3,-8], N = 10, and Ar = 0.05. Figure 8.7 compares
the computed and exact solutions at times ¢+ = 1 and r = 4. We could also make
comparisons of multiple element approximations to the results of Sect. 4.6.
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8.1.4 The Discontinuous Galerkin Spectral Element Method

We will motivate the development and implementation of the discontinuous
Galerkin spectral element method with the approximation of the one-dimensional
conservation law

q +f, =0 xe(0L). (8.31)

Aswe discussed in Sect. 5.4, we can write the wave equation and others in conser-
vation form.

Like the continuous spectral element approximation, we get the discontinuous
approximation by dividing the interval into segments or elements (Fig. 8.8). Now,
however, we will choose the nodes to be the Legendre Gauss points inside each
element. More importantly, we will not assume that the solution is continuous at the
element boundaries.

The spectral element approximation starts from the weak form of (8.31). After
we multiply by a suitable test function, integrate, and subdivide into elements as we
did in the previous section, the weak formis

K X
> [ / (@ +fy) ¢dx:| =0. (8.32)

k=1 Xk—1

On each element then,

/ k (@; +fx) pdx =0. (8.33)

k—1

When we map (8.33) onto the reference element by the affine map (8.10),

AXxp

1 1
5 / 0:9dé& +/ fepds =0. (8.34)
-1 -1

| 1
Fig. 8.8 Subdivision of the P QP . .
interval [0, L] = [xo, xx ] into ey QF \Q‘/:
K elements. The nodal | |
discontinuous Galerkin |
approximation is not
continuous at element |
boundaries and is defined on

Gauss points Lp—2 Tr—1 Tk T4
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Asusual for anodal method, we approximate the solution and fluxes by polyno-
miasin Lagrange form

N
q(x @) ~Q @ =) Q¢ ®),
= (8.35)

N
f(x*@) ~Fh &) =Y 1(Q4)e; ).

j=0

Since the discontinuous Galerkin approximation does not enforce continuity at the
element boundaries, we can take advantage of the higher precision of the Gaussrules
and place the nodes at the L egendre Gauss points on the reference element. When
we substitute the polynomial approximations into (8.12), the approximate solution
satisfies

A%k / Qipdé + f Fepdé =0. (8.36)
We write the test function ¢ also as a polynomial,
N
p=> L, &). (8.37)
j=0

The discontinuous Galerkin approximation does not require the test functions to be
continuous at element boundaries either. Therefore to say that (8.33) holds for any
piecewise continuous function ¢ is equivalent to saying that the ¢;’s are indepen-
dent of each other, without any constraints.

The approximation and test functions are continuous within any element. There-
fore, we can integrate the second integral in (8.36) by partsto get

1
A%k f Qipds + Fol', f Fésds =0 (8.38)

We've done the next two steps in the derivation of a nodal spectral approximation
several times before. We replace the integrals by Gauss quadrature and use the fact
that the ¢;'s are independent. These steps lead usto

N /
Axy - % ! wngl' én)
O+ F— — E F,—Ll—=0 (8.39)
2 / wj|_q =0 wj
or, using the definition (4.139),
A febf +§jFD - (8.40)
2 J wj|_ ~ ntjn ( — 0. .
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Inthefinal step, we couplethe elements. Thisstep ispeculiar to the discontinuous
Galerkin approximation. We replace the fluxes at the element boundaries by the
numerical flux F* - 7 aswe did in Sect. 5.4.1.1 at physical boundaries. Recall that
the numerical flux is a function of two states, one to the left and one to the right,
where we define the direction according to the normal at the boundary. At element
boundaries, the left and right states are what we get when we evaluate the solution
polynomial from the neighboring elements, as we show in Fig. 8.8. For the element
ordering in Fig. 8.8, the numerical fluxes at the two element boundaries are

F(-1) < F (2", 0" (-1, —#),
(8.41)
F(+D) < F* (05D, 01 (=D, +#).

At aphysical boundary, we use the external state, just asin a single domain approx-
imation.

When we replace thefluxes at the element boundaries by the numerical fluxes, we
get the final version of the discontinuous Galerkin spectral element approximation
for the kth element

£ (D)
Wij

: 2
Qi+ A—xk{F* (0@, 01 -D. +#)

£i(-1
Wi

N
+F* (Qkfl(l)s 0 (1), —2) +Y Fa [),-n} —0. (842
n=0

We make two observations about (8.42). First, except for the element size fac-
tor, 2/Axy, the approximation is identical to the single domain approximation.
Therefore we still compute the derivative approximation with Algorithm 92 (Sys-
temDGDerivative). Second, the only coupling between elements occurs when we
compute the boundary flux values. Therefore, we need only to supply the boundary
values from the immediate neighbor to compute the time derivative of the solution.

8.1.5 How to Implement the Discontinuous Galerkin Spectral
Element Method

The fact that the discontinuous Galerkin spectral element approximation (8.42) is
virtually the same as the single domain approximation except for information to be
set from the nearest neighbor elements suggests that we use a two level view for
the implementation. The lowest level view will be that of an element on which the
local operations such as the spatial derivative approximation are performed. The
higher level view will be that of the mesh, which will keep track of the elements
and perform global operations such as the computation of the numerical fluxes. To
implement the two level view, we create the two classes Element and Mesh shown in
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Algorithm 120: DGSEM1DClasses. Element and Mesh Definitions for the
One-Dimensional Discontinuous Galerkin Spectral Element Method

Class Element

Uses Algorithms:

Algorithm 58 (Nodal DiscontinuousGal erkin);

Data:
Ax,xp,xg; /1 Size and | eft and ri ght boundaries of this el enent
dG;Il O type Nodal Di sconti nuousGal erkin
nEgn;// # of equations in the physical system

N;nE 2 N;nE ) . . . .
{ij,,}j:g;fil {Qj,,,}j:g;fil,// Sol ution and time derivative

(G} /] For |ow storage Runge-Kutta

Jj=0;n=1"
[QLJE {QR)™EM /) Solution on left/right elenent boundary
{FEE)E L ESR)" /7 Flux on left/right el ement boundary
Procedures:

Construct(dG, nEgn, xz, xr); /| See text.
InterpolateToBoundaries(); / /Al gorithm 121
Local TimeDerivative(); // Al gorithm 121
AffineMap(¢); // Equation (8.10)

End Class Element

Class Mesh1D
Data:
K ;Il # Elenments
{ex}X ;11 Elenents
{p"}K ;11 sharedNodePointers from Al gorithm 116
Procedures:
Construct(K, N, {x;}X_);// Al gorithm 122
Global TimeDerivative(); / / Al gorithm 122
End Class Mesh1D

Algorithm 120 (DGSEM1DClasses). Again, the organization that we present here
is overkill for one-dimensional problems, but it is helpful to see it on a simpler
problem before moving to multidimensional problems.

8.1.5.1 TheElements

The element class (Algorithm 120) stores the element’s geometry data and solution.
The geometry datafor the one dimensional elements are the left and right boundary
locations and the length. To compute the spatial derivative in (8.42), the element
needs access to the data stored in the Nodal DiscontinuousGalerkin class (Algo-
rithm 58). For simplicity, we show the Element class storing an instance of that
class, though to do so clearly wastes storage if N isthe samein each element. Even
if N varies, there would likely only be afew unique values. In alarge implementa-
tion, we would store the Nodal DiscontinuousGalerkin instances in a collection (e.g.
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alinked list discussed in Appendix E.1) and have the element only store a pointer
to amember of that collection.

Other data includes the numerical fluxes, F*L/R, on the left and the right of
the element and the interpolated values of the solution, Q~/®, from which to com-
pute the numerical flux. In practice, once we compute the numerical fluxes, we
no longer need the interpolated values of the solution. The boundary solutions and
fluxes could use the same storage. For clarity, however, we will store them sepa-
rately. We also have the element store the number of equations rather than write a
separate “physics’ class. Finaly, we store the time derivative with each element. If
we were to modify the time integrator appropriately, we could reuse the storage of
only one array.

The basic methods that the element needs to implement are also shown in Al-
gorithm 120 (SEM1DClasses). We won't show the constructor explicitly since it
only needs to set the local data. The interpolation and time derivative methods are
implemented in Algorithm 121 (Local DSEM Procedures). We have seen the use of
theinterpolation routines beforein Algorithms 61 (InterpolateToBoundary) and 114

Algorithm 121: Local DSEMProcedures: Local Procedures for the Discontinu-
ous Galerkin Spectral Element Method

Procedure InterpolateToBoundaries
Uses Algorithms:
Algorithm 61 (InterpolateToBoundary);

N <« this.dG.N; nEgn < this.nEgn
for n =1to nEgn do
this.Q; < InterpolateToBoundary(this.{Q ;»}Y_o, this.d G.{¢; (=D1)}_o)

this.Q® < InterpolateToBoundary(this.{Q j,,,}j.":o, this.dG.{¢; (+1)}§.V:0)
end
End Procedure InterpolateToBoundaries

Procedure Local TimeDerivative
Uses Algorithms:
Algorithm 92 (SystemDGDerivative);

N <« this.N; nEgn < this.nEqn
for j=0toN do
| (F )T < Fluxthis {Q;,)0=)

n=

end
/ N;nEgn
{Fj,n }j:O;nzl
. . . E . E N;nE .
SystemDGDerivative(this.{ £;“ ] -1 |, this.{ £} =T, {Fj,,,}j:ngil, this.dG.{D; ;}Y;_o,

this.dG.{€; (—D)}Y o, this.dG.{¢; (DI, thisd G.{w;}Y ;)
for j=0to N do
for n=1tonEgndo
| thisQj, « —2F],/this.Ax
end
end
End Procedure Local TimeDerivative
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(MappedDGSystemTimeDerivative). The local time derivative procedure is of the
form we have already seen in those two algorithms. We do not show an imple-
mentation of the Flux function, but it is similar to what we used in Algorithm 94
(WaveEquationFluxes). Finaly, the AffineMap procedure merely implements (8.10)
so we don't provide an implementation for it, either.

8.1.5.2 TheMesh

We manage global dataat the mesh level. The mesh, also described in Algorithm 120
(DGSEM1DClasses), stores the number of elements, the elements themselves, and
the connections between the elements. Asin Sect. 8.1.1, the sharedNodePointers
store pointers to the elements on the left and the right of an interface. To simplify
the presentation, wewill assume herethat xz > x; sothatthe O and QX arraysare
on the left and right of the elements. That way we do not have to store information
in the sharedNodePointers to distinguish between which corresponds to the left and
which to the right. When we go to two dimensional problems later, we will have to
be more general.

We use the constructor for the mesh classto create the el ements and connections.
The constructor will take the number of elements and the location of the element
boundaries as input. It constructs an instance of the Nodal DiscontinuousGalerkin
class and uses that and the element boundary information to construct the elements.
The element connections are constructed next. Since there is essentially no differ-
ence between a physical boundary and an element boundary, the limits on the p*
array include the endpoints. At the physical boundaries we set the neighboring el-
ement to a defined constant NONE. Later, we can test for being on a boundary by
checking to seeif one of the elements equals NONE.

The global time derivative procedure in Algorithm 122 (Global M eshProcedures)
performs four basic operations. Firgt, it interpolates the solutions to the boundaries
on each of the elements. It then computes the physical boundary values by way of
a procedure External Sate whose implementation is problem dependent. We pass
a parameter with defined values of LEFT or RIGHT to the procedure so that dif-
ferent boundary conditions can be applied at the left and right boundaries. We also
pass the boundary value of the solution to allow reflection boundary conditions like
(5.168) to be implemented. Then the numerical fluxes are computed for each ele-
ment boundary point and sent to the appropriate element. Again, we have assumed
that the elements are laid out left to right. Finally, each element computes its local
time derivative values.

8.1.5.3 Timelntegration
We can easily modify the third order explicit Runge-Kutta algorithm Algorithm 62

(DGStepByRK3) to accommodate the spectral element approximation. We first
change the inputs to the procedure to be an instance of the Mesh class, the time
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Algorithm 122: GlobalMeshProcedures: Mesh Globa Procedures for the Dis-
continuous Galerkin Spectral Element Approximation

Procedure Construct
Input: K, N, {x;}X
Uses Algorithms:
Algorithm 120 (SEM 1DClasses)
Algorithm 58 (Nodal DiscontinuousGal erkin)

this K < K
dG.Congtruct(N); // O type Nodal Di sconti nuousGal er ki n
for k=1tothis.K do
| this.ek.Construct(dG, nEgn, xx_1, x¢)
end
fork=1to K —1do
this. p* .eLeft < k
this. p* .eRight < k + 1
end
this. p°.eleft < NONE
this. p®.eRight < 1
this.pX .eLeft < K
this. pX .eRight < NONE
End Procedur e Construct

Procedure Globa TimeDerivative
Input: ¢
Uses Algorithms:

Algorithm 88 (RiemannSolver)

for k=1tothis.K do

| this.ek.InterpolateToBoundaries()
end
k < this. p®.eRight
{24t };‘Eq” External Qatethis.e*.{ 0L)"=0", this.ek AffineMap(—1), LEFT)
k < thls pX el eft
[0SR  External Staterthis.ck.{ O}, this ek AffineMap(+1), RIGHT)
for k=0tothis.K do

idL < this.p* eLeft; idR < this p* .eRight
if idL = NONE then
| this.el®R {FL)"S"  RiemannSolver ({ 024", this.eidR { oL "5 _1)
elseif idR= NONE then
| thisel® {FX)"™="  RiemannSolver (this.c/%.{ @& |"5T", { 024 FMEM 1)
else
[FE)ED RlEemannSolver(tr;s i {QRYMED thig oicR { oL \"EN g
nEgn nEgn
this.e!®R [ FE)ET  —(FE}TT
this.eldl . {FR }nEqn {FL}nEQn
end

end
for k=1tothis.K do
| this.e*.Local TimeDerivative()
end
End Procedure Globa TimeDerivative
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and the time step. Next, the time derivative computation is performed by the global
mesh procedure Global TimeDerivative in Algorithm 122 (Global M eshProcedures).
Finally, we update the solution element by element by replacing

for j=0toNdo
G; <—amGj+(P;7

45;4—1 - qj;l-l-l + gmAth (843)
end
with
for k=1toK do
for j =0to N do
for n = 1tonEgndo .
m&sh.ek.Gj,n <~ apy * m&h.ek.Gj,n + m@h.ek.Q,gn (844)

m%h.ek.QM <« m%i’l.e"‘.Qj,,1 + gm * At % mesh.e".Gm
end
end
end

where mesh is the mesh class instance.

8.1.6 Benchmark Solution: Wave Propagation and Reflection

We now solve the one-dimensional wave equation in system form

m, " [2 (ﬂ mx = m; + mx =0, x€[0 L] (8.45)

with a reflection boundary at x = 0 and a nonreflecting boundary at x = L asthe
benchmark problem to illustrate the use of the discontinuous Galerkin spectral ele-
ment approximation on a conservation law. We can use the transformation matrix

S= % B _11] (8.46)

and its inverse to convert the system to the decoupled equation

[fl * [é —01} [f]x =0 (8.47)

to see that the system has a leftgoing and a rightgoing wave, each of which moves
with unit speed. The wave components are

wr=u + v,
(8.48)

w =u-—v.
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In terms of the wave variables, the reflection boundary condition at the left is
wT = w™ and the non-reflection boundary condition at the right isw~ = 0.

To implement the discontinuous Galerkin spectral element method, we need to
provide the numerical flux, which for this problemis

uL—uR+vL+vR:|A

1
ul R Lol _ R | (8.49)

F*(QL, QR’ﬁ) — E {
We implement the boundary condition on the left by specifying an external state
with uX = u® and vl = —vR. We use the exact solution as the external state on the
right.
Theinitial condition to the benchmark problemis

u = 2~ (=D?/p?
o ' (8.50)
V=

with b = 0.15. We derive the exact solution using the methods of characteristics and
images.

Figure 8.9 shows the computed and exact solutions for five elements of equal
size on the interval [0, 5]. For benchmark purposes, the other parameters for the
computation were N = 14 and Ar = 4 x 102,

1

1=05 ® Computed 1=10 1=30

Exact

0.8+

0.6+
=
04

02

0 L L L
o 1 2 3 4 50 1 2 3 4 5 0 1 2 3 4 5
X X X

1

1=05 ® Computed

Exact
0.5 | | | A | | ﬂ\ |
= 0 /L

-0.5¢

1012345012345012345
X x x

Fig. 8.9 Discontinuous Galerkin spectral element solution of the wave equation showing propa-

gation and reflection of a wave with a five element approximation. A Gaussian spot with initial

maximum at x = 1 splitsinto aleftgoing and rightgoing wave. The leftgoing wave reflects at the

left boundary and then propagates to the right
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8.2 The Two-Dimensional Mesh and Its Specification

In two space dimensions, we divide the physical domain into non-overlapping
quadrilaterals like we have sketched in Fig. 8.10. These quadrilateralswill be our el-
ements and the collection of elementsisthe mesh. The elements can have straight or
curved sides, just like asingle domain. Within each element we will placean N x N
set of nodes—Gauss-L obatto or Gauss, depending on the spatial approximation—at
which we will approximate the solution. To avoid confusion, we explicitly refer to
the set of nodes within an element as agrid and to the set of elements as the mesh.

The elements do not have to be tiled in any regular pattern or numbered in any
particular order. In other words, the mesh can be unstructured. The only absolute
restriction that we must place on the elements is that they each must have a shape
that we can map onto the reference square like we did in Chap. 6. There are, how-
ever, other issues of mesh quality that affect the accuracy of solutions. Mesh quality
measures are not as developed yet for spectral methods as they are for low order
finite element methods. For a discussion of mesh quality, we defer to more technical
books like [20]. As arule of thumb, we try to keep the angles in the mesh to be as
close to 90 degrees as possible.

To make the methods easier to implement, we will make one restriction on how
the elements tile a domain. We will require that neighboring elements share either
an entire side or a corner point. Such a mesh is called geometrically conforming.
Figures 8.2, 8.3b, and 8.4 show examples of geometrically conforming meshes. We
contrast a conforming mesh to nonconforming meshes in Fig. 8.11. The geometri-
cally nonconforming mesh of Fig. 8.11b has elements that share a partial side. The
mesh of Fig. 8.11c is geometrically conforming, but has different order polynomials
on each side so that the nodes do not match across the element boundaries. Such
meshes are functionally nonconforming. Of course, a mesh could be both geometri-
cally and functionally nonconforming. Nonconforming meshes are sometimes eas-
ier to generate, particularly if we want to refine the mesh locally, but they will lead

wbyd

A 1,1)

Yy,
>

(_1’ 1)

Fig. 8.10 Subdivision of a domain into quadrilateral elements, which are mapped individually
from the reference square
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Fig. 8.11 A comparison of a conforming mesh (a) to a geometrically nonconforming mesh (b)
and a functionally nonconforming mesh (c). Within each element of the meshes, we show grids of
Gauss-L obatto nodes at which a spectral element approximation might be approximated

Fig. 8.12 Location of boundary curves and corner nodes that define an element shown in physical
space and on the reference square

to more complex spatial approximations. Spectral approximations can be derived
for both geometrically and functionally nonconforming meshes. For a discussion of
how, see[8].

Let us start our specification of the mesh with the local definition of an element.
An element in two dimensionsis nothing but a quadrilateral domain that we used in
Chap. 7. Therefore, we need four bounding curvesto specify the geometry of an ele-
ment. If asideisstraight, then it is sufficient to specify only the two endpoints of the
curve, which will be two corner nodes of the element. In finite element applications,
the boundary curves are called edges and the corner nodes are called nodes. Since
we will also have nodes associated with the Gauss or Gauss-Lobatto grids within
each element, we make a distinction here between the two types. To fully define an
element, we will now specify the four boundary curves and the four corner nodes,
numbered counter clockwise, as shown in Fig. 8.12. We will use the corner nodes
to determine how the elements are coupled.
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Fig. 8.13 A three element mesh that shows the local element structure constructed from seven
globally numbered corner nodes (circles). Element sides and grid orientation are located as in
Fig.8.12

We need to know how elements are coupled if the mesh has more than one.
Since we have restricted ourselves to conforming meshes, an element is coupled to
a neighbor either along a boundary curve or at a corner node. What we need, then,
isalist of which elements share a common side and a list of which elements share
a common corner node. We can generate both of these lists (see the examples in
Appendix E) if we are given a globally numbered list of corner nodes and alist of
which corner nodes are used to construct each element. Thelist of nodes and thelist
of element connectivity, as the latter is known, are standard output of finite element
mesh generators.

To see how to build a mesh, let us practice with the three elements shown in
Fig. 8.13. The mesh has seven globally numbered corner nodes from which we con-
struct the three elements. (If the sides were not straight, we would also have to in-
clude boundary curve information.) The elements are defined by four corners num-
bered counterclockwise. The choice of thefirst node isarbitrary, but once we choose
it, we have specified the element topology (Fig. 8.12). For themesh in Fig. 8.13, we
have chosen the element connectivity as shown in Table 8.1.

The elements couple through their corner nodes and their sides. At the corners,
we will need to know the elements that contribute and the location in the local nodal
grid within these elements. This information is the equivalent to what was stored
in the SharedNodePointer that we introduced in the previous section. We will use
theinformation similarly to mask, unmask and do global sums on the solution. The
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Table8.1 Element

definitions for Fig. 8.13 Element Node 1 Node 2 Node 3 Node 4
1 6 1 5 4
1 3 5
3 3 7 4

Table 8.2 Corner node

connectivity and local grid Node Element L J
index
1 2 0 0
1 N 0
2 2 N 0
3 2 N N
3 N 0
4 1 0 N
3 0 N
5 1 N N
2 0 N
3 0 0
6 1 0 0
7 3 N N

corner connectivity is expressed by Table 8.2. Note each corner node can have a
different number of adjacent elements.

The elements are aso connected along their sides. We index the sides by an
ordered pair of two corner nodes, which we will cal an edge, even if the sides
are not straight. When we look at Fig. 8.13, we see what information we should
extract to be able to perform mask, unmask and global sum operations. First, we
should find which elements border a side. If only one does, then we conclude that
edge is along a boundary. Next, we need to know which sides of the neighboring
elements are adjacent so that we know which part of the local element grids are
connected. The last piece of information concerns the direction in which the local
grid index varies along the side. For instance, along the edge indexed by Nodes 4
and 5, Side 3 of Element 1 and Side 4 of Element 3 are the neighbors. The order
in which we list the two neighbors is arbitrary, but we have to choose something.
Let us say that Element 1/Side 3 is the first (primary) and Element 3/Side 4 is the
second (secondary). Then the nodes of Element 1 that lay along the edge are those
withindex (i, N) fori =1,2,..., N — 1 in order. We don't includethei =0, N
nodes because they are corner nodes of the element. The nodes of Element 3 are
those with index (N, j) with j running in reverseorder, j =N —1, N —2..., 1.
We need to flag this situation. The approach that we will take here is to set the
sign of the secondary element side to be negative if the index runs in the direction
opposite of the primary side. If we remember the starting index (N — 1 or 1) and
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Table 8.3 Edgeinformation for the meshin Fig. 8.13
Edge Nodel Node2 Elementl Sidel Element2 Side2 Start Inc.

© 00 N O 0o b~ WN P
N W w N A~ OE O
AN O WODNO MO
W W NDNDNDNPFP P PR
W N W NE B~ WDNPR

theincrement (+1), we can simplify the logic when we perform computations along
element edges. The edge data of the mesh in Fig. 8.13 is shown in Table 8.3. Note
that the ordering of the edgesis arbitrary.

8.2.1 How to Construct a Two-Dimensional Mesh

Although we can construct the node, edge, and element information by hand for
a simple three element mesh just as we've done for the mesh in Fig. 8.13, it gets
tedious and error prone very fast as the number of elements grows. It is better to
automate the process as much as possible. How much we have to automate depends
on what mesh generators we have available. For the purposes of this book, we have
decided to choose the lowest common denominator so that simple mesh files can be
created by hand. The minimum information needed isalist of corner node locations
and alist of elements, with each element defined by its four corner nodes. To allow
sidesto be curves, we will include boundary curvesthat are constructed using Algo-
rithm 96 (Curvel nterpolant). We would normally read node, element, and boundary
curve information from afile.

8.2.1.1 Nodes

The first data structure that we need to define is a corner node. At a minimum,
a corner node stores its (x, y) values. To define the element connectivity so that
we can perform mask, unmask and sum operations at nodes, we also need a list
of what elements share the node. Since different numbers of elements can share a
common node in an unstructured mesh, it is better to store this information in a
linked list than in an array of fixed size. (See Appendix E.) Most mesh generators
will try to keep this number, called the valence, low, typically less than or equal to
six. So we could reasonably choose to store the adjacent element information in a
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Algorithm 123: CornerNodeClass: Corner Node for Two-Dimensional Spec-
tral Element Methods

Class CornerNode
Uses Algorithms:
Algorithm 144 (LinkedList)
Data:
type;// Kind of node—I NTERI OR or BOUNDARY
x,y;// location
nodeConnectivity ; // Li nked |ist of type CornerConnectivity

Procedures:
Construct(x, y)
End Class CornerNode

Procedure Construct
Input: x,y

this.x < x; thisy <y
this.type < INTERIOR
nodeConnectivity.Construct()
End Procedure Construct

Structure CornerConnectivity
id, i, j
End Structure CornerConnectivity

fixed array of length six instead of a linked list. However, since we will not have
to search for a particular element in this list, we will use the linked list. Finaly,
for convenience, we will aso store the type of node, either boundary or interior,
to help when we set boundary conditions. We show a corner node definition in
Algorithm 123 (CornerNode).

A mesh file will typically contain a sequence of (x, y) locations that correspond
to corner nodes. As each isread, we construct the node with the procedure Construct
in Algorithm 123, which simply storesthelocation of the node and adefault val ue of
the type of node. We number the nodes with a node number/identifier, id, according
to their order in thefile, and will access them by their location in an array of nodes
stored by the mesh. We will construct thelist of adjacent elements, which isthe data
we collected for Table 8.2, after we construct the elements and edges.

8.2.1.2 Elements

An element is usualy defined in a mesh file by an array of the id’s of its four
corner nodes, ordered counter-clockwise. This is the data that we gathered in Ta-
ble 8.1 for our three element example. For straight sided elements, the location of
the four corner nodes is enough information to compute the element’s geometry
using Algorithm 95 (QuadMap) and metric terms using Algorithm 100 (QuadM ap-
Metrics). For curved sides, we need additiona information to define the curves.
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Algorithm 124: QuadElementClass: Quadrilateral Element Definition for
Two-Dimensional Spectral Element Methods

Class QuadElement
Uses Algorithms:
Algorithm 101 (MappedGeometry)
Algorithm 63 (Nodal 2D Storage)
Data:
{nodeldsj};l;// Corner node id’s in node array.

geom;// MappedCeonetry to store metrics, etc.

Procedures:
Construct(spA, {nodeldsj}‘}:l, r j}jzl)
End Class QuadElement

Procedure Construct

Input: {nodeldsj}j:1

Input: {r/‘}?:l?// Cur vel nt er pol ant
Input: spA;// Nodal 2DSt or age

this. {nodeldsj}j:1 « {nodeldsj}?:1

this.geom.Construct(spA, {T';}7_;)
End Procedure Construct

This is information not typically provided by finite element mesh generators. We
usually specify Chebyshev polynomial interpolants only for those sides that are
curved. From the four curves, we will store the grid and metric arrays in our stan-
dard MappedGeometry structure of Algorithm 101 (MappedGeometryClass). We
show the storage that we need to define an element in Algorithm 124 (QuadEle-
mentClass). The constructor takes the array that lists the four corner nodes and,
as we did to define a quadrilateral single domain, an array of the four boundary
CUrves.

8.2.1.3 Edges

We will use an edge class to store the information along a row in Table 8.3. Our
implementation of an edgeis Algorithm 125 (EdgeClass). The constructor issimple.
It takestheid’s of two nodes, an element of which the edgeisaside, and the number
of the side. We will find the identity of any additional elements that may share that
side later as we construct the mesh.

8.2.1.4 TheMesh
Lastly, we need to define our Mesh data structure. The mesh will store the nodes,

the elements and the edges. Since we are going to assume that the mesh is con-
forming, we will also assume that the polynomial order in al elements will be
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Algorithm 125: EdgeClass: Edge Definition for Two-Dimensional Spectral El-
ement Methods
Class Edge

Data:
type;// Kind of edge—interior or boundary

{nodes¢}2_, ;// start and end node id’'s
{elementIDs¢}2_, ;// Elements that share this edge

{eIementSdesk}le;// Sides of Elenents that share this edge
start,inc;// Loop start and increnent for the secondary side

Procedures:
Construct({nodes}?_, , elementlD, side)
End Class Edge

Procedure Construct

Input: {nodes¢}?_, , elementlD, side
this. {nodeldsj}iz1 « {nodeldsj}iz1
this.type < INTERIOR
this.elementlDs; < elementID
this.element|Ds, < NONE
this.elementSides; < side

this.elementSdes, < NONE
End Procedur e Construct

the same. Therefore, we need to store only one instance of a Nodal2DSorage
object to hold the quadrature nodes, weights, and the derivative matrices in the
mesh structure. Since the number of elements and the number of corner nodes
are usually listed in, or can be determined from, the mesh file, we store an ar-
ray of CornerNodes and an array of Elements in the mesh structure. Finally we
will store three convenience arrays that we will describe below to help navigate
local data structures. We show the structure for the Mesh class in Algorithm 126
(QuadMesh).

We do not know the number of edges beforehand. We must construct the edges
from the elements and the nodes, so we will not know how many there are to start.
To be completely general, we should store the edges in some dynamic data structure
like aLinked List, which can have an arbitrary length. We could use Algorithm 144
(LinkedList) in Appendix E to store and manipulate the edge list. However, we can
simplify our presentation here significantly if we store the edges in an array, with
the edge id denoted by the location in the array.

To use a fixed size array to store the edges, we need to find a reasonable up-
per bound on the number of edges that the mesh can have. A result from algebraic
topology tells us that the number of edges, Nedge, the number of elements, K, and
the number of nodes, Nnode, are related to the Euler characteristic, x, by the rela
tion

X = Nnode + K — Neqge. (8.51)
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Algorithm 126: QuadMesh: Mesh Definition for Two-Dimensional Spectral
Element Methods
Class QuadMesh
Uses Algorithms:
Algorithm 63 (Nodal 2D Storage)
Data:
K, Nnodes Nedge ; /| # El ements, corner nodes, and edges
{dlements}X | ;// Array of Elenents
{nodes;};,™* ;// Array of Corner Nodes

{edg&sk}?ffmm;// Array of Edges
24

{cornerMap; ;} :// Conveni ence array

i=1,j=1"
{sideMap,v}?:1 ;// Conveni ence array
2.4

{edgeMapi,j }[,’j:l

;// Conveni ence array
Procedures:
Construct(spA, meshFile); // Al gorithm 127

End Class QuadMesh

In turn, the Euler characteristic is related to the number of holes, Ny, in the mesh
by
x=1—Np. (8.52)

(Try it on the decompositions shown in Figs. 8.1 and 8.3b.) Of course, we don't
know the number of holesin the mesh simply by looking at the nodes and element
definitions, so we will only try to find areasonable upper bound. For a“reasonable”
mesh without pinched holes, we can take N, < Nnpoge/3. In that case, we expect
that

4 .

The number of holes that we've assumed islarge compared to the number of nodes.
Typically there will be only afew holesin amesh. The penalty, though, is only 30%
of the number of nodesin the mesh. Note, however, that we can come up with patho-
logical and unlikely meshes that will have more edges. If we expect alarge number
of such cases, we should switch to a linked list or other dynamic data structure to
store the edges.

We will also store three convenience arrays with the mesh. The first is the
sideMap. Wewill useit totell uswhat the fixed index valueisaong agiven side. For
instance, by our definition shown in Fig. 8.12, Side 1 correspondsto j = 0 and vary-
ing i, Side 2 correspondsto i = N and varying j, etc. Therefore the four values of
the sideMap will be {0, N, N, 0}. The second convenience array is the cornerMap
that will tell us the values of the local grid indices for the four corners. Looking
back again at Fig. 8.12, we see that Corner 1 corresponds to i = j = 0 and Cor-
ner 2isi = N, j =0, etc. The cornerMap array is {{0, 0}, {N, 0}, {N, N}, {0, N}}.
Finally, we define the edgeMap array to make the correspondence between an ele-
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ment side and the two CornerNodes that start and terminate the side. For instance,
in Fig. 8.12 we see that Side 1 is constructed from CornerNodes 1 and 2, whereas
we construct Side 2 from CornerNodes 2 and 3. The elements of the edgeMap are
{{1,2},{2,3},{4,3}, {1, 4}}.

We show the procedure to construct the mesh in Algorithm 127 (QuadMesh:
Construct). As input, it takes an already constructed Nodal2DSorage object and
a mesh file to read. After it constructs the convenience arrays, it reads and con-
structs the nodes and elements from the mesh file. Once the array of elements is
constructed, the procedure sets the node connectivity. The data variable d that is
added to the linked list is of type CornerConnectivity that we defined in Algo-
rithm 123 (CornerNodeClass). The procedure constructsthe array of edges by Algo-
rithm 148 (ConstructM eshEdges). Once the edges have been created, the procedure
goes through each edge and sets boundary types for those edges that only have one
neighboring element. If two elements share a edge, the direction variables of the
second element are then set.

8.2.2 Benchmark Solution: A Spectral Element Mesh for a Disk

In the following sections we will solve problems on a disk by a spectral element
method to avoid the coordinate singularity at the origin. We can construct asimple
mesh file for the disk by hand using the topology shown in Fig. 8.14, which hasfive
elements and eight corner nodes. The outer boundary needs to be approximated by
apolynomial of degree N at the Gauss-L obatto nodes to be represented accurately.
The mesh generated by Algorithm 127 (QuadM esh: Construct) appearsin Fig. 8.15
for N =8.

8.3 The Spectral Element Method in Two Space Dimensions

The spectral element method is acontinuous nodal spectral Galerkin approximation.
We have used the continuous Galerkin approximation before to approximate poten-
tial and advection-diffusion problems. Asa Galerkin method, we start the derivation
from aweak form of the equation that we wish to solve.

We will introduce the spectral element method for two-dimensional geometries
by approximating the potential equation with Dirichlet boundary conditions,

Vzgp:s, x € $2, (8.54)
©=¢p, x€0iS2. '

To convert the eguation to the time dependent heat equation, we let s = d¢/3t. To
approximate the advection-diffusion equation we will add an advection term as we
didin Sect. 5.3sothat s =99 /3t +q - V.
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Algorithm 127: QuadMesh:Construct: Constructor for a Two Dimensional
Spectral Element Mesh

Procedure Construct
Input: Mesh File
Input: spA;// Nodal 2DSt or age
Uses Algorithms:
Algorithm 63 (Nodal 2D Storage)
Algorithm 148 (ConstructM eshEdges)
N <« this.spA.N
this. {sideMap, |_, < (0, N, N, 0}
this. {cornerMapy . }1_, < {0, N, N, 0}
this. {cornerMap, ;. }_, < (0,0, N, N}
this. {edgel\/lapl_k}2=l {1,241
this. {edgeMap,  }1_, < (2,3,3,4)

Read from Mesh File: this. Nnoge, this.K
Allocate memory for nodes, elements and for edge array using (8.53)
this. Nedge < 0
for k =1 to this. Nnoge do
Read from Mesh File: x, y
‘ this.nodes; .Construct(x, y)

end
for k =1tothis.K do
Read from Mesh File: {cornerNodes; }¢_;
Read from Mesh File and Construct: {l‘j}j?:1
this.elements; .Construct(spA, {cornerNodes; }¢_,, {T j}ﬁzl)
end
for eld=1tothis.K do
for k=1to4do
d.id < eld; d.i < this.cornerMap; ;; d.j < this.cornerMap ;
n < this.elementsgq.nodes;
this.nodes, .NodeConnectivity.Add(d)
end

end
this < ConstructMeshEdges(this)
for k= 1to this. Nedge do
if this.edges,.element|D, = NONE then
this.edges; .type < BOUNDARY
nl < this.edges; .nodes;
n2 <« this.edges, .nodes,
this.nodes, 1.type < BOUNDARY
this.nodes,».type < BOUNDARY
else
if this.edges, .elementSides, > 0 then

| this.edges,.start = 1; this.edges;.inc=1
else

| this.edges,.start = N — 1; this.edges,.inc= -1
end

end

end
End Procedur e Construct
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Fig. 8.14 A decomposition of a disk into five elements
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Fig. 8.15 Spectral element mesh for discretization of the disk

To get the weak form of the potential equation, we multiply it by an arbitrary,
sufficiently smooth test function ¢ and integrate over the entire domain

f/ V2p¢dxdy =// spdxdy. (8.55)
2 2
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We then apply Green's identity to the integral with the Laplacian to rewrite it

as
2 d¢
// Veppdxdy :/ ¢—dL — /f Vo -Vodxdy, (8.56)
fo) a2 on 2

where dL is the differential along the boundary curve and d¢/dn = Vo - i1 isthe
normal derivative. Asusual, for Dirichlet conditionswe requirethat ¢ = 0 along the
boundary. Therefore the boundary integral vanishesto leave us with

—// Vo - Vodxdy = // sodxdy. (8.57)
2 2

To get the spectral element method, we subdivide the domain §2 into K nonover-
lapping quadrilateral elements, ¢, as we described in the introduction to this chap-
ter. By breaking the domain into elements, we can break the integrals over the do-
main into the sum of integrals over the elements

é{—//ekv¢'v¢dxa')’}=2i:{/ﬁksqbdxdy}. (8.59)

1

Therefore, each element contributes

— /fk Vo - Vodxdy = //k spdxdy (8.59)

to the total integral. For convenience, let us call

1{‘:—/f Vo - Védxdy,
e

k
Ié‘ =// spdxdy.
ok

The local element contributions (8.59) are exactly what we approximated in
Sect. 5.2.2 on asingle domain, so we already know how to approximate them. To re-
cap, wefirst map the element X onto the reference square by amapping x = X (€, n).
On the reference square, I§ transformsto

(8.60)

1 1
5= / / JKspdedn. (8.61)
-1J-1
To transform I{‘, we write the gradient in the mapped coordinate as

1 + A
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so that, with alittle algebra, we get the integrand

1 [[r2+x2 YeY, + Xe X
V¢-V¢=—[|: n n(pg_ §4n 3 n‘Pn e

J J J
Y§+X§ YY) + X: X,
+ T~ 7 @e | bn - (8.63)

Ultimately, we write (8.63) in the familiar form

1
Vw-V¢=7{f¢s + 8¢y} (8.64)

When we replace the integrand in (8.59) with (8.64), we write the element contribu-
tion as

1 1 1 1
—f_lf_l(ftbg+g¢n)dédn=/_l/_lsJk¢d$dn. (8.65)

Therefore, we've aready seen (8.59) on a mapped domain; the contribution of ele-
ment k written on the reference squareisjust (7.17).

To approximate (8.65), we replace s by a piecewise polynomial approximation
S and replace ¢ by a piecewise continuous polynomial approximation &. As an
extension to what we did in one space dimension, (8.15), the test functions are going
to be the continuous, piecewise polynomials

N
o= ot ) (). (8.66)

i,j=0

We enforce continuity of the test functions by requiring that the nodal values ¢>f‘j be
the same along each edge and at each element corner in the mesh. The same goes
for the solution and source term polynomials.

When we substitute (8.66) for ¢ in (8.65),

1 r1
If~> " gf; [_/1/1(Fz;£,- +G€i€/j)d§dn} (8.67)
i,j B
and

1 1
lng@lfj [ﬁlf_lszie,-dgdn}. (8.68)
L]

The integrals in the square brackets are the same as in the single domain problem,
and we aready have their nodal Galerkin approximations worked out in (7.18)—
(7.21). Therefore, the nodal Galerkin approximation of (8.65) is

Yoo [(VP tity) — St wiw;] =0, (8.69)
i
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where (V2a, Li£;)n isgiven by (7.21). The global sum over all the elements gives
us our final approximation

K

Z{Z¢{fj[(v2qs,e,~e,) S,"]J”w, ]}:o. (8.70)
i.j

k=1

We get the spectral element approximations to the time dependent diffusion and
advection-diffusion equations from (8.70) if we replace Si’f j by the appropriate ap-
proximations. For instance, the approximation to the time dependent diffusion equa-
tionis

K
Z{Zzﬁ,] [(V2®, 6it)), — lJJl]wa]}—O, (8.71)

whereas the approximation to the advection-diffusion equation is

K
> [Z¢§j[(v2<p,zizj) — & Jfwiw; —(q- Vqﬁ,eiej)N]] =0 (872
k=1 | i,j
with the advection term given by (7.77).

The last thing for us to do is to use the fact that the ¢" i, are independent except
along element edges and at element corners to get the pointwise equations that the
solution unknowns must satisfy. Let’s focus on finding those equations for (8.70).
The equationsfor (8.71) and (8.72) will follow directly.

To get the pointwise equations for the approximation (8.70), the first thing to
notice is that the terms within the square brackets are simply the single domain
approximation applied to the element ¢*. At points interior to the elements, the
¢f jae independent, which means that the approximation in an element is just the
sihgle domain approximation applied to it. Along edges, the approximation is the
sum of the single domain values from the two contributing elements, just as we saw
in the one dimensional spectral element method. Finally, at corners, all elements
that share the point contribute to the sum. It is not as easy to write the summations
explicitly as it was in one space dimension, but we will seethat it is relatively easy
to implement.

8.3.1 How to I mplement the Spectral Element Method

The approximations (8.70)—(8.72) show that the spectral element method has local
operations, gathered in the brackets, and global operations, gathered in the braces,
so we will organize the algorithms as we did in one space dimension as local and
global. The local operations are the single domain approximations that we have
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already developed for quadrilateral domains. The global operations tie the local ap-
proximations together. The two-level form of the approximations shows that we can
form a global framework that is essentially independent of the equations that we
want to solve; We can compute the spectral approximation of the potential equation,
the diffusion eguation and the advection-diffusion equation with the same frame-
work. Likewise, we have aready developed the local operations for potentials, dif-
fusion and advection-diffusion.

We will describe how to implement the approximation for the Dirichlet problem
for the potential equation, (8.54) in detail. The implementation of Neumann bound-
ary conditions and the time dependent problems are just extensionsthat we will pose
as exercises.

8.3.1.1 The Potential Class

We organize the solution of the potential equation in a class, which we show in
Algorithm 128 (SEMPotentialClass). Notice that the class is just an extension of
the single domain class that we developed in Sect. 7.1.2. Since we now require
that the polynomia order be the same in each element and in each direction within
an element to guarantee most easily that the approximation is conforming, we still
only need one instance of Nodal2DStorage, which we denote by the variable spA.
However, now that there are multiple domains, the mesh will now store the geometry
and mapping information with its elements. The mesh also stores the connectivity.
Finaly, we will use a global scheme for the solution and source terms to make it
easy to use the Conjugate Gradient solver.

Algorithm 128: SEMPotentialClass: A Class Definition for the Spectral Ele-
ment Approximation of the Potential Problem

Class SEMPotential Class
Uses Algorithms:
Algorithm 63 (Nodal2D Storage)
Algorithm 101 (MappedGeometryClass)
Algorithm 107 (MappedL aplacian); Algorithm 126 (QuadMesh)

Data:
spA;// O type Nodal 2DSt or age
mesh;// O type QuadMesh

(@i 4} i 2okey i/ 1 Sol ution

N,N;K .
{s,-,j,k}i’j:O;kzl,// Sour ce

Procedures:
Construct(N, meshFile); // Al gorithm 129

MappedLaplacian({Ui,j,k}Q’j:O, geom);// Al gorithm 107
MatrixAction({U,-j}ff’j:O); /1 Al gorithm 133
End Class SEMPotential Class
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Algorithm 129: SEMPotential Class: Construct: Constructor for the Spectral
Element Approximation of the Potential Problem

Procedure Construct
Input: N, meshFile
Uses Algorithms:
Algorithm 25 (L egendreGaussL obattoN odesAndWeights)
Algorithm 37 (Polynomial DerivativeM atrix)
Algorithm 127 (QuadM esh:Construct)
this.spA.N < N; thisspA.M < N
{this.spA.{&:}Y ., this.spA. {w®} "} < LegendreGaussL obattoNodesAndWeights(N)
this.spA.{ij }ij:O « Polynomial DerivativeMatrix(this.spA.{£}Y_,)
Copy arraysto n direction. ..
mesh.Construct(spA, meshFile)
End Procedure Construct

We must implement three procedures to compute the potential approximation.
The constructor, Algorithm 129 (SEM Potential Class: Construct), computes the spa
tial approximation array. One simplification hereis that the node, weight and deriv-
ative matrix arrays are the same in both directions, so they need to be computed
only once. The other action the constructor must take is to construct the mesh from
a mesh file using Algorithm 127 (QuadMesh:Construct). We have already imple-
mented the second procedure, MappedLaplacian in Algorithm 107 (MappedNodal-
GalerkinLaplacian). This is the local operation that computes the Laplacian term
in the brackets in (8.70). The procedure works only on the section of the solu-
tion array for a given element, ¢*. The geometry object that we pass with the ar-
ray will be the geometry for the element. The final procedure computes the matrix
action to be used with an iterative solver. The matrix action includes globa op-
erations, so we will wait to show what it does until after we develop the global
procedures.

8.3.1.2 Global Procedures

As in one space dimension, we implement three global operations: Mask, UnMask
and GlobalSum. The Mask operation will set duplicate node values in an array to
zero so that they will have no contribution to the iterative solver. The UnMask oper-
ation will distribute the values back to the duplicate nodes. The global sum will add
the contributions together at duplicate nodes, performing the operation in bracesin
(8.70). The proceduresfor all three operations have asimilar structure. They first do
their operations for each element side, then for each corner node.

We use the global Mask operation to set array values on duplicate nodes and
boundary nodesto zero. We show an implementation in Algorithm 130 (SEMMask).
The first section of the procedure loops over the array of edges and distinguishes
between boundary an internal edges. Dirichlet conditions require the values to be
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Algorithm 130: SEMMask: Mask Edges and Corners for the Spectral Element
Method

Procedure Mask
Input: mesh, {aisjsk}t{\.]];'i{o;k:l
Uses Algorithms:
Algorithm 126 (QuadM esh)
for j =1to mesh.Negge do
if mesh.edges;.type = BOUNDARY then
‘ e < mesh.edges; .elementIDs;
s < n@.edgesj.elementSdesl
ese
e < mesh.edges; .elementI Ds,
‘ s < |mesh.edges; .elementSides; |
end

{a,-,,-,k}{f_;fo;k:l < MaskSide(e, s, mesh, {ai,j,k}ff’}fo;kzl)

end
for n = 1to mesh.Npoge do
pElements = mesh.nodes, .nodeConnectivity
pElements.current = pElements.head
if mesh.nodes, .type # BOUNDARY then pElements.MoveToNext()
while pElements.current A NULL do
d < pElements.GetCurrentData()
i<d.i;j<d.j;id<d.id
aj jid <0
pElements.MoveToNext()
end

end
return {ai-j-k}z{t/j;‘fo;kzl
End Procedure Mask

Procedure MaskSide
Input: id, side, mesh, {ai,j,k}ﬁl,;‘fo;kﬂ

if sde=2or side=4then

i <~ meshSIdeMapgde

for j =1tomesh.spA.N —1do
| aijid<0

end

else

Jj < meshsdel\/lapsde

for i =1tomesh.spA.N —1do
| aijid<0

end

end
return {ai-ﬁk}f}fo;k:l
End Procedure MaskSide

masked along boundary edges. So if the edge is a boundary edge, we mask the
primary (and only), index 1, side. Otherwise, if the edge is on the interior, we mask
the secondary (index 2) element side. We use the sideMap array to select the correct
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local index when masking the secondary side in the MaskSde procedure. We apply
the same philosophy to the corner nodes. For each corner node, we select the first
contributing element to be the primary. If the corner node is on a physical boundary,
we mask it to implement the Dirichlet condition. Otherwise, we mask the array entry
for the nodes from each of the remaining elements that share the corner node.

The global UnMask operation, which we implement in Algorithm 131 (SEMUn-
mask), undoes the action of the Mask operation. It copies the data from the primary
node to the secondary nodes. Again, the structure of the procedure is the same as
SEMMask. However, we must account for the fact that the indices along the con-
tributing sides do not have to increase in the same direction. In the implementation
that we show here, we copy the values from the primary side into atemporary array
to make the operations as clear as possible. We then use the edge's start and inc
values to copy the edge values to the correct location for the secondary side in the
global array.

Thefinal global operation isthe global summation, which weimplement in Algo-
rithm 132 (SEM Global Sum). The global summation takes valuesfrom all contribut-
ing nodes, adds them together, and then distributes them back. Like the SEMUnmask
procedure, the global summation must account for the fact that the element edges
do not have to have indices that vary in the same direction. To be clear, we create
two temporary arrays that store the summed values in the orders needed by the two
sides. Then we simply copy those two arraysto their contributing sides.

8.3.1.3 Proceduresfor the lterative Solver

Now that we have implemented the global operations, we implement the Matrix-
Action and Residual procedures that we need to use the Conjugate Gradient algo-
rithm, Algorithm 80 (PreconditionedConjugateGradientSolve), to solve the system
of equations. Algorithm 133 (SEM Potential Class:MatrixAction) shows the matrix
action. It first unmasks the solution values so that the Laplace approximations can
be computed locally in aloop over each of the elements. Once the local actions are
computed they are summed globally and then masked. To ensure that the procedure
produces no side effects, it re-masks the input array. The procedure Residual that
we show in Algorithm 134 is similar to the MatrixAction procedure and computes
the global residual.

Since we use the Conjugate Gradient method to solve the linear system for the
potentials, we should mention preconditioners for the spectral element method. The
similarity of the spectral element method to the finite element method allows us
to generalize the finite element preconditioner that we have already implemented
to multiple domains. We showed in Sect. 7.1.3 how to modify the finite element
preconditioner to work on a transformed domain that now forms one of our el-
ements. If we use an iterative solver for the preconditioner, like the SSORSweep
procedure that we presented in Algorithm 79, then we can generalize the finite ele-
ment approximation to the multidomain discretization in the same way that we did
the spectral method. That is, we compute the local preconditioners, and perform the
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Algorithm 131: SEMUnMask: UnMask for the Spectral Element Method

Procedure UnMask
Input: mesh, {“i-i,k}%fo;kzl
Uses Algorithms:

Algorithm 126 (QuadMesh)
for j =1to mesh.Nedge do
if mesh.edges; .type 7 BOUNDARY then

{ai,jvk}ft’jii&k:l < UnMaskSide(mesh.edges; , mesh, {a,;j_k}fj’jiio:k:l)

end

end
for n=1to mesh. Nnoges do

if mesh.nodes, .type # BOUNDARY then
pElements = mesh.nodes, .nodeConnectivity

pElements.current = pElements.head
d < pElements.GetCurrentData()
il<«d.i;jl<«d.j;idl«d.id
pElements.MoveToNext()

while pElements.current A NULL do
d < pElements.GetCurrentData()

i <d.i;j<d.j;id<d.id

aj,jid <= a1, j1,id1

pElements.MoveToNext()
end

end

end

return {ai~j-k}z{\.]j:'1:(0;k:1
End Procedure UnMask

Procedure UnMaskSide
Input: edge, mesh, {a; i} Koy
id < edge.elementl Ds; ; side < edge.elementSdes;
if sde=2or side=4then
i<« meshsdeMapsde
for j =1tomesh.spA.N —1do
tmp; < a; jid
end
else
J < mesh.sideMapgqe
for i =1tomesh.spA.N —1do
| tMp; < dijid
end
end
id < edge.element| Ds;; side < |edge.elementSdes; |
if side=2or side=4then
i < mesh.sideMapgqe; j < edge.start
for n=1tomesh.spA.N —1do
‘ aj, jid < tmp,
J < j+edgeinc
end
else
J < mesh.sideMapgqe; i < edge.start
for n=1tomesh.spA.N —1do
‘ aj jid < tmp,
i < i+ edge.inc

end

end

return {aivjvk}ﬁl;fo;k:l

End Procedure UnMaskSide
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Algorithm 132: SEMGIlobalSum: Sum Edge Contributions for the Two-
Dimensional Spectral Element Method
Procedure Global Sum
Input: mesh, {ai-jvk}gjl:(o;kzl
Uses Algorithms:
Algorithm 126 (QuadM esh)
for j =1 to mesh. Nedge do
if mesh.edges;.type # BOUNDARY then
{“i-j,k}?,/}[:(o;kzl <« SumSide(mesh.edges; , mesh, {“i.j,k}gjio;kzl)
end

end
for n = 1to mesh. Npgge do

if mesh.nodes,.zype # BOUNDARY then

pElements = mesh.nodes, .nodeConnectivity

pElements.current = pElements.head

sum=0

while pElements.current A NULL do
d < pElements.GetCurrentData()
i <d.i;j<d.j;id<«d.id
SUM <« sUM+- 4 j id
pElements.MoveToNext()

end

pElements.current = pElements.head

while pElements.current 4 NULL do
d < pElements.GetCurrentData()
i<d.i;j<d.j;id<d.id
aj,jid < SUm
pElements.MoveToNext()

end

end

end

return {“i,j-k}?,ljio;kzl
End Procedure GlobalSum

masks and global sums on those to get the global action and residuals. This is not
the way we would implement a finite element method from scratch, but it fits eas-
ily into the framework that we have developed so far. One problem with the finite
element preconditioner is that as the meshes get large its convergence rate slows
down, too. More sophisticated and complex spectral element preconditioners have
been developed over the years. For those we point to Chap. 6 of the book [8], which
describes several strategies including alternating Schwartz and Schur complement
techniques.

8.3.1.4 TheDriver

The driver to solve the potential problem with the spectral element method has
the same structure as the driver on the sgquare, Algorithm 76 (CollocationPoten-
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Algorithm 132: SEMGIlobalSum: Sum Edge Contributions for the Two-
Dimensional Spectral Element Method (continued)

Procedure SumSide Nk
Input: edge, mesh, {“i,j,k}i,jzo;kzl

for k=1to2do
id < edge.element| Ds;; side < |edge.elementSdes; |
if sde=2or side=4then
i < mesh.sideMap; .
for j =1tomesh.spA.N —1do
| MR, < ai,jid
end

else

J < mesh.sideMap,; ;,

for i =1tomesh.spA.N —1do
| 1MD; <= dijid

end

end

end

n < edge.start

for j =1tomesh.spA.N —1do

Sum <« tmpj’l ar tn‘pj’z

tmp; 1 < sum; tmp,, , < sum

n < n + edge.inc

end

for k=1to2do

id < edge.element| Ds;; side < |edge.elementSides; |

if sde=2or side=4then

i« nﬁd’]sdeMapsde

for j =1tomesh.spA.N —1do
| @i jid < tMp;

end

else

j < nm"lsdeMapsde

for i =1tomesh.spA.N —1do
| @i jid < tMp;

end

end

end
return {aisj-k}z{t/j;‘fo;kzl
End Procedure SumSide

tialDriver) and the quadrilateral, Algorithm 108 (MappedCollocationDriver). As
before, a SourceValue function must be provided to compute the source, s. The
boundary mask array is not needed because we have assumed only Dirichlet bound-
ary conditions and have incorporated them into the global mask and unmask func-
tions themselves. We do need a routine to set the boundary values. For that, we
present an implementation in Algorithm 135 (SetBoundaryValues). It assumes that
the actual function that provides the solution value as a function of x, y (and ¢ for
time dependent problems) is provided as input.
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Algorithm 133: SEMPotential Class: MatrixAction: Matrix Action for the Spec-
tral Element Approximation to the Potential Equation

Procedure MatrixAction

Uses Algorithms:
Algorithm 126 (QuadM esh)
Algorithm 107 (MappedL aplacian)

N:K
Input: {&;, Jk}z/—Ok 1
N;K :
{(p"*j’k}i,j:O;k:l <« UnMask(thlsnesh, { i, /k}l =k 1)
for k=1tothis.mesh.K do
‘ {action; ; },N]fo < MappedLaplacian(this.mesh.elements;..geom, {®; ;. }{V’.M )

i,j=0
end
{actlon”k}l =0kt < Global Sum(this.mesh, {actlon,Jk}l = 0k= 1)
{action;, ,k} i =01 < Mask(this.mesh, {aCtmn”k}Nj K et)

{@,‘ s k}le —Otk=1 <~ Mask(thism&eh, {cpiwjvk};\,]jio;k:l)

return {action;, ]k}fvijk Q
End Procedure MatrixAction

Algorithm 134: Residual: Residual Computation for the Spectral Element Ap-
proximation to the Potential Equation

Procedure Residual
Input: pA;// O type SEMPotential d ass
Uses Algorithms:
Algorithm 128 (SEM Potential Class)
Algorithm 107 (MappedL aplacian)
PA. {(pi’j’k}z{t’}fo;k:l <« UnMask(pA.m&sh, PA. {¢i~.f4k}:]ji{0;k:l)
for k= 1tome£h K do
{ri.). k} 5o MappedL aplacian(pA.mesh.elements;.geom, pA. {®; j 1 }; ,Mo)
for j =0topAspA.N do
for i =0to pA.spA.M do
ri,j.k < PASPA. w@) * PA.spA. w ) 4 pA.source;, ;. i *
pA. m@helementsk geom.J; ; —r,]k
end
end

end

{r,-,j,k}?’jffozk , < GlobalSum(pA.mesh, {r; ;. k}
N;K N;

{rija; j=0:k= 1 < Mask(pA.mesh, {ri«j’k}i,j:O;kzl)

pA. {@; i} K =0k < Mask(pA.mesh, pA. {‘pi,jqk}g}io;k:l)

i,j=0;k= 1)

return {rle}z =0k=1
End Procedure Residual
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Algorithm 135: SetBoundaryValues: Set Dirichlet Boundary Conditionsfor the
Two-Dimensional Spectral Element Method

Procedure SEM SetDirichletBoundaries
Input: mesh, {¢>,v,j,k}f}':(0;k:1,t, BCFunction
Uses Algorithms:

Algorithm 126 (QuadM esh)

for k = 1to mesh. Negge do

if mesh.edges;.type = BOUNDARY then

id <— mesh.edges, .elementI Ds; ; side <— mesh.edges; .elementSides;
if sde=2or side=4then

i <~ m"lsdeMaps‘de

for j =1tomesh.spA.N —1do

X < mesh.elementsq.geom.x; ;

y < mesh.elementsy.geom.y; ;

@;,j.id < BCFunction(x, y, 1)

end

else

j < msdeMapsde

for i =1tomesh.spA.N —1do

x < mesh.elementsq.geom.x; ;
y < mesh.elementsy.geom.y; ;
®; ;id < BCFunction(x, y, t)

end
end

end
end
for n = 1to mesh. Npgge do

if mesh.nodes, .type = BOUNDARY then
pElements = mesh.nodes, .nodeConnectivity
x < mesh.nodes,.x; y < mesh.nodes,.y
@, < BCFunction(x, y, 1)
pElements.current = pElements.head
while pElements.current A NULL do
d < pElements.GetCurrentData()
i<di;j<d.j;id<d.id
D; jid < Pp
pElements.MoveToNext()
end

end
end
N;K
return {(pi,jsk}i,j:O;k:l
End Procedure SEM SetDirichletBoundaries

8.3.2 Benchmark Solution: Steady Temperatures
in aLong Cylindrical Rod

The benchmark problem for the spectral element method is to compute the steady
temperature in along cylindrical rod that is heated uniformly along its length. The
simple physical model reducesto the solution of the potential equation on acircular
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Fig. 8.16 Spectral element solution of temperatures on a disk

domain with a prescribed temperature around its perimeter. The model problem
has an exact solution known as the Poisson Integral against which we can compare
the spectral element solution. The steady temperature as a function of the polar
coordinates (r, 0) on adisk of radius R that iskept at atemperature p(R, 6) = F(0)
along the outer boundary is

R? —r? /ﬂ F(s)

79 =
0(r0)=—" . RZ_2rRcos(s —0) +r2

ds. (8.73)

We solve for the temperature in the disk on the mesh shown in Fig. 8.15 with
N = 8 that is heated and cooled aong the outer edge according to

F(6) — o MO-—T/2% _ —AO+n/2?

We show a contour plot of the computed solution in Fig. 8.16. We make a direct
comparison to the analytical solution in Fig. 8.17, which shows the computed and
exact solutions along the line x = 0.

8.4 The Discontinuous Galerkin Spectral Element Method

Finally, we derive the discontinuous Gal erkin spectral element approximation of the
system of conservation laws in two dimensions. We will see that the discontinuous
approximation will give us simpler algorithms to implement than what we had in
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Fig. 8.17 Spectral element solution of temperatures on adisk. Cut along x =0

the previous section, and that we have aready developed all the machinery that we
need to implement the method.

Our starting point is the two dimension conservation law (7.89), which we repro-
duce here,

d +fx +9,=0, (8.74)
and which we convert to the weak form
/ / ¢ (0 +fx +0y)dxdy =0. (8.75)
2

We get the equation that the solution satisfies on an element when we break the
integral into the sum of subintegrals over the elements

K
Zf/ ¢ (0 +fr +0y) dxdy =0 (8.76)
=17 /¢
and examine each subintegral individually

f / 9(a +1:+9y)dxdy=0. (8.77)

Since the element X is aquadrilateral, we have already derived the nodal discontin-
uous Galerkin approximation for (8.77) in Sect. 7.4, specifically, (7.99).
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In the discontinuous Gal erkin approximation, we couple the approximation to the
boundary and, in the spectral element version, to neighboring elements through the
boundary fluxes using the Riemann solver. If the boundary of the elementisnot ona
physical boundary, then the external state is simply the solution on the neighboring
element.

8.4.1 How to I mplement the Discontinuous Galerkin Spectral
Element Method

We see that the discontinuous Galerkin spectral element approximation is just the
single domain mapped quadrilateral approximation applied to each element individ-
ually, plus coupling of the fluxes at the boundaries. This suggests that to implement
the approximation we can reuse the algorithms of Sect. 7.4.2 for the element local
operations. To compute the fluxes at the element boundaries, we will use the infor-
mation stored in the mesh data structure to tell us which common nodes we need to
use to compute the element boundary fluxes. As a spectral element method, we can
arrange the dataaswe did in Sect. 8.3.1.

Our basic data structure will be the DGSEMClass that we present in Algo-
rithm 136. It extends the single domain MappedNodal DG2DClass (Algorithm 111)
to manage multiple domains. We assume a conforming mesh, as we did with the
spectral element approximation, so there is still only one instance of the structure
that stores the Gauss quadrature nodes, weights and the derivative matrices. Instead
of a single mapping, each element has its own, so we replace the geometry ob-
ject in the MappedNodal DG2DClass with the mesh object. Finally, we must now
have an array of DGSolutionSorage structures to store the solution on each ele-
ment. The structure of the new classis basically the same as the SEMPotential Class
of Algorithm 128, so the constructor for the class is the same as Algorithm 129
except for one change. We use the Gauss, not the Gauss-L obatto, points for the

Algorithm 136: DGSEMClass: A Discontinuous Galerkin Class Definition

Class DGSEMClass
Uses Algorithms:
Algorithm 89 (Nodal DG2D Storage)
Algorithm 110 (DGSol utionStorage)
Algorithm 126 (QuadMesh)
Data:
spA;// O type Nodal D&DSt or age
mesh;// O type QuadMesh
{dGS},f:1 ;/ 1 OF type DGSol utionStorage

Procedures:
Construct(N, meshFile); // Al gorithm 129, nodified. See text.
TimeDerivative(r); // Al gorithm 138

End Class DGSEMClass
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nodes in the discontinuous Gal erkin approximation. Therefore, the constructor must
use Algorithm 23 (LegendreGaussNodesAndWeights) to compute the nodes and
weights.

The time derivative procedure for the spectral element approximation will follow
Algorithm 115 (DG2DTimeDerivative) except that it must do its work on all of the
elements. Since the boundary solutions need to be available before the boundary
fluxes are computed, we interpolate al of the solutions to the faces first. We then
compute the boundary fluxesfor each of the edges. Finally, thelocal time derivatives
need to be computed.

Before we present the time derivative procedure, however, we must develop a
procedure to compute the boundary fluxes. Fortunately, all the information that we
need is available in the QuadMesh structure. Recall that an edge stores the id’s of
two neighboring elements and their associated sides. (See Algorithm 125 (Edge-
Class).) Thefirst one we call the primary element and the other the secondary. The
edge also stores how the index of the secondary side varies with the index of the
primary. Therefore, to compute the element boundary fluxes, we can loop through
each of the edges, and for each, get the solutions and normal to feed to the Rie-
mann solver to compute the flux. Once we compute the normal flux, we compute
the contravariant flux, e.g., by (7.102). Algorithm 137 (EdgeFluxes) implementsthis
procedure. Note that the outward normals for the two elements point in opposite di-
rections. Therefore the edge flux must be negated to get the contravariant flux for
the secondary side. If the edge is on a physical boundary, then the flux is computed
just asit was for the single domain approximation.

Now that we have the edge flux procedure, we can implement the global time
derivative procedure shown in Algorithm 138 (SEM Global TimeDerivative).

Unlike the continuous Galerkin spectral element method, we do not have to per-
form any operations on the corner nodes with the discontinuous version. Recall that
our use of the Gauss, rather than Gauss-L obatto points places the solution unknowns
entirely within an element. (Cf. Fig. 5.7.) The boundary flux values are then located
at the Gauss points along an edge. The corner nodes are not part of the approxi-
mation, thereby simplifying the implementation. It is for this simplification and for
the increased quadrature precision that we have chosen the Gauss over the Gauss-
L obatto points for the location of the nodes.

To integrate in time, we will still use an explicit time integrator. The only differ-
ence from the single domain implementation is the need to loop over each element.
See Sect. 8.1.4.

8.4.2 Benchmark Solution: Propagation of a Circular Wave
in a Circular Domain

In Sect. 5.4.4 we computed the solution of the wave equation in a square domain
with initial conditions that create an outward propagating circular sound wave. In
this section, we will re-do the problem with the mesh shown in Fig. 8.15. For this
mesh, we present solutions with w = 0.15.
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Algorithm 137: EdgeFluxes: Compute the Riemann Problem Along Mesh
Edges

Procedur e EdgeFluxes
Input: ¢
Input: edge;// OF type Edge
Input: {elements},f=1 /1 OF type QuadEl enent
Input: {dGS}f=l;// O type DGSol uti onStorage
Uses Algorithms:

Algorithm 125 (EdgeClass)

Algorithm 110 (DGSolutionStorage)

Algorithm 124 (QuadElementCl ass)

if edge.type= INTERIOR then
k < edge.start — edge.inc
for j=0to N do
el < edge.elementlDsy
s1 < edge.elementSdes;
e2 < edge.element|Ds,
52 < |edge.elementSdes; |
{Falpcd <
RiemannSol ver (dGSel.{Qb,-,,,,sl}QE}", dGSeg.{Qbk,,,,sz}QE}", elementsel.geom.ﬁj.l)
for n=1tonEgn do
dGS.1.F7, 1 < Fn x elements,1.geom.scal’!
dGS.2. F{,
end
k < k + edge.inc

, < —F, * elements,,.geom.scal;?

end
else
el < edge.elementIDsy
s1 < edge.elementSdes;
for j :OtoEN do
{of )T <
External Sate(dGS.1.{Qb; » 1}, elements,;.geom.x$", elements,1.geom.y$*, 1)

E
dGS1.{ Fﬁn,sl}::c_‘ll_n <~ elementsel.geom.scal;l *

RiemannSolver (dGS.1.{ Qb . 1)1, { 024", elements, 1.geom i}
end

end
return {dGS}X_;
End Procedure EdgeFluxes

We present solutions for the propagating circular wave at time t = 1.25 in
Figs. 8.18 and 8.19. The solutions were computed with N = 20 and a time step of
At =1 x 103, To present the solutionsin Fig. 8.18, we interpolated the solution in
each element to 30 pointsin each direction using Algorithm 35 (2DCoarseToFinel n-
terpolation). Figure 8.18 shows contours of the pressure, which illustrates that the
circular shape of the waveisretained. Figure 8.19 shows the comparison of the exact
and computed solutions along the line y = 0.
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Algorithm 138: DGSEMClass: TimeDerivative: Compute the Time Derivative
for the Discontinuous Galerkin Approximation

Procedure TimeDerivative
Input: ¢
Uses Algorithms:
Algorithm 112 (DG2DProlongToFaces)
Algorithm 137 (EdgeFluxes)
Algorithm 114 (MappedDGSystemTimeDerivative)

for k=1tothismesh.K do
| this.dGS; < DG2DProlongToFaces(this.spA, this.elements,.geom, this.dGS;)

end

for i =1 to this.mesh. Neqge do

this. {dGS}K_, <

EdgeFluxes(t, this.mesh.edges; , this.mesh. {elements}X_, , this. {dGS}X_,)

end
for k=1tothismesh.K do
‘ this.dGS, <
MappedDG2D TimeDerivative(this.spA, this.elements;.geom, this.dGS;)
end
End Procedure TimeDerivative

~
W
T

Fig. 8.18 Computed pressure contours at time ¢ = 1.25 for a propagating circular wave when
N =20and Ar = 1 x 103 The solutions were interpolated to 30 uniformly spaced pointsin each
direction on each element. Heavy lines show the element boundaries
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Fig. 8.19 Comparison of the computed circular wave pressure with the exact solution along the
liney=0attr=1.25

8.4.3 Benchmark Solution: Transmission and Reflection
from a Material I nterface

In the introduction to this chapter, we listed four reasons why we might want or
need to use a spectral element approximation instead of a single domain method.
In the previous benchmark, the reason was to avoid the coordinate singularity that
acylindrical coordinate mesh would produce. In this benchmark, we have two rea
sons for using a spectral element method. The first is that we can use the method
when there are singularities in the coefficients. The second is to increase effi-
ciency by using smaller elements of lower order. With this benchmark solution we
explore a unique feature of the discontinuous Galerkin spectral element method,
namely its ability to approximate discontinuous solutions at element interfaces ac-
curately.

When a wave propagates across an interface where the wave speed abruptly
changes, part of the wave is transmitted and part of it is reflected. The phenomenon
is familiar in daily life. In electrodynamics, we study the reflection and transmis-
sion of electromagnetic waves at dielectric interfaces. In ultrasound tests, ultrasonic
waves reflect as they propagate through different tissues.

To extend the wave propagation model that we have used so far to include prop-
agation through multiple materials, we now alow the density of the material, p,
and the wave speed, ¢, to vary as a function of location. With these changes, the
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Fig. 8.20 Model for plane
wave reflection at a material

interface PL,CL PR;CR

k" 1T

A

kz’
—>
X
conservation law form of the wave equation is
p ,oczu ,oczv
ul +|p/p| +| O =0. (8.78)
v, 0 ], p/p ],

As our benchmark problem, we solve for the transmission and reflection of a
plane wave at a plane interface between two materials that have uniform properties
within each, aswe show in Fig. 8.20.

The problem has an analytic solution against which we can compare our com-
puted solutions. It is the kind of problem that is solved in electrodynamics texts
for scattering at an interface between two dielectrics. Let ¢ (&) be awaveform with
maximum value of one, and a be an amplitude. Then each of the incident, reflected
and transmitted plane wavesiis of the form

1

X

g=ay¥ (K-X—w(t —1g)) % . (8.79)
ky
e

To define a particular wave, we simply replace k by the appropriate wavevector and
a by the appropriate amplitude. The wavevectors and amplitudes of the reflected and
transmitted waves depend on the incident wave and must satisfy the correct jump
and phase matching conditions at theinterface. L et us define the incident wavevector
to be

) w -
ki = o (ke X +Kky3), (8.80)
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where (k%)2 + (k)2 = 1. Then the reflected and transmitted wavevectors are

k' = %(—ki)? +K9).

o R 2 ) R (8.81)
kI = — 1—(—) (ki)x+—=k\y|.
CR ClL, i cr -

The corresponding amplitudes are

ar

1 L

=7 (IORCRk){/kT - ,OLCLk;/k') ,
T

a 1 S

P (pLCLk;/kr — ,ORCLk;/kI) ,

(8.82)

where
J =—prerky /K" + precky /K. (8.83)

To use the discontinuous Galerkin approximation, we must define the flux func-
tions and derive a Riemann solver. We get the flux functions from (8.78). To derive
the Riemann solver, remember that it computes the numerical flux F*(q”, g&; )
given two possibly different states, g~ and ¥, where left and right are defined ac-
cording to the normal direction 7 = ax + By. To start, we construct the coefficient

matrix for the system
0 apc? Bpc?
A=|a/p O 0o |. (8.84)

B/p O 0

The eigenvalues of this system remain the same as before, A = +¢, 0. What makes
the problem interesting now is that the characteristic variables have ajump discon-
tinuity when the wave speeds and the density jump across an interface. Instead of
requiring the characteristic variables to be continuous at an interface, we apply the
Rankine-Hugoniot condition, which says that the normal flux must be continuous.
For the wave equation, this means

Ardr — ArQr =0, (8.85)

since A depends on both the density and the wave speed. Nevertheless, waves that
propagate to the right are evaluated from g and waves that propagate to the |eft are
evaluated from g, just as before. Under those constraints, afair amount of algebra
shows that

Zrle(p + pc(nu 4+ nyv))lp —zrle(p — pc(niu 4+ nyv)) g
F*(qL,qR;ﬁ)Z nx{;_li[p‘i‘pc(nxu"‘nyv)]L+f)_2[p_pc(nxu+nyv)]R} ,

R

R [p — pelntt +nyv)le)

(8.86)

Vly{;—i[P + pc(nyu + nyv)]L +
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where
PLCL PRCR
L=—"T—""—"", IR=— .
pPLCL + PRCR pLCL + PRCR

(8.87)

Note that when the densities and the wave speeds are the same on both sides, (8.86)
reduces to (5.164). If, in addition, the solution is the same on both sides, it reduces
to the normal flux Aq.

Since the discontinuous Galerkin spectral element approximation allows discon-
tinuities in the solution at element boundaries, it is a natural choice for problems
with material discontinuities, as long as we place element boundaries along mate-
rial boundaries. The only modifications that we need to add beyond the new flux
functions to replace the proceduresin Algorithm 94 (WaveEquationFluxes) and the
new Riemann solver to replace Algorithm 88 (RiemannSolver), is to have the el-
ement class store the element’s material properties, p and ¢. When the Riemann
solver iscaled in Algorithm 137 (EdgeFluxes), it will be passed the material values
from the left and the right elements.

For the benchmark solution, we compute the reflection and transmission of a
plane wave through a vertical material interface, aspicturedin Fig. 8.20. Wetakethe
domain to be the square [—5, 5] x [—5, 5] with the material interface along x = 0.
We subdivide the domain into a structured mesh of 20 elementsin each direction so
that each element has alength and width equal to 0.5. We present solutionsfor N =
10 in each element. For plotting they are interpolated to 12 uniformly spaced points
in each direction in each element. Weintegrate to + = 3.0 in time with A¢ = 0.05.

We model the incident wave as an approximation of atypical ultrasound pulse,

¥ (1) =sin(wr) e /@’ (8.89)

where w = 27f and f is the frequency. For the envelope, o2 = —(MT)2?/
(4In(10~%)) where M is the number of modes in the significant part of the enve-
lope and T = 1/f is the period. We present the specific parameters in Table 8.4.
With these parameters and the mesh, we resolve the sine waves with an average of
about seven points per wavelength. The external state and the initial condition are
set using the exact solution.

We show contours of the computed and exact values of p in Fig. 8.21. Clearly
visible are the incident wave, above on the left, the reflected wave below on the
left, and transmitted wave on the right. Notice that p itself is discontinuous at the
interface between the two materials as is alowed by the discontinuous Galerkin
method. We show p asafunction of y in Figs. 8.22 and 8.23. We chose the | ocations
to be at the nearest Gauss pointsto x = —1 and x = 0.5.

Table8.4 Parametersfor

plane wavereflection problem  Parameter M f ki ky PL PR €L CR fo

Value 4 25 05 32 1 04 1 0 3
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Fig. 8.21 Comparison of computed (left) and exact (right) pressure contours at 1 = 3 for plane
wave reflection at a materia interface. Dashed lines are negative contours. The contour levels
range from —0.8 to 0.8 with a step of 0.2. Note the discontinuity in the pressure at the material
discontinuity along x = 0. The overlay of squares shows the locations of the element boundaries
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Fig. 8.22 Comparison of the computed and exact pressures along a vertical line to the left of the
material interface

Exercises

8.1 Show that if N and Ax are constants, then the time derivative, (8.22), is the
simple average of the approximations from either side.
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Fig. 8.23 Comparison of the computed and exact pressures along a vertical line to the right of the
material interface

8.2 Derivethe one dimensional spectral element method for the variabl e coefficient
problem,
or = (V(X)Px), -

8.3 Derive the spectral element approximation to the advection-diffusion equation.

Or +aQx = Vxx-

If v=0and N and Ax are constant, show that the time derivative at an element
interface point is the simple average of the spatial derivatives from either side.
Compare the approximation of the advection term to the discontinuous Galerkin
approximation for the same equation.

8.4 Derive the spectral element approximation to the equation
Pxx =S

with Dirichlet boundary conditions. Develop the algorithms that you need to solve
the equations iteratively.

8.5 Derivethe numerical flux, (8.49).

8.6 In general one would want to impose different boundary conditions along dif-
ferent boundaries of a physical problem. In Sect. 5.2.1, we did this by defining an
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array that specified whether or not to mask a particular boundary. Apply the mask
ideato the spectral element approximation by assigning to each edge in the mesh a
mask variable that is set from information in the mesh file. Show how to modify Al-
gorithms 130-134 to incorporate both Dirichlet boundary conditions and radiation
conditions of theform Vo - n =y ¢.

8.7 Design algorithms to integrate the spectral element approximation to the diffu-
sion equation, (8.71) using the trapezoidal rule for the time integrator. Implement
and test your algorithms and solve the problem with solution

1 -x?+0-?
e 4i+1
4 +1

px,y,t)=
on the disk.

8.8 The steady incompressible viscousflow inacircular pipeisknown as Poiseuille
flow and is a special case of the flows computed in Problem 7.12. If the pipe has
radius R, then the axial velocity of the Poisedille flow is given by

u(r)= —%(RZ — r2).

1. Usethe spectral element method to compute the Poiseuille flow and compare the
computed solutions to the exact for y = —1.
2. Compute to spectral accuracy the volume flow rate QO defined by

0= udA
disk
and compare to the exact analytical value

TRA
QOpipe = _TV-

8.9 Do Problem 7.13 with a spectral element mesh.

8.10 Develop and implement the algorithmsfor the spectral element approximation
to the advection-diffusion equation, (8.72) with the semi-implicit timeintegration of
Sect. 5.3.3. Solve the benchmark problem of Sect. 7.3.6 and compare the computa
tion time between single and multidomain approximations for a given accuracy.

8.11 Modify Algorithm 137 (EdgeFluxes) to alow it to apply different boundary
conditions to different edges. (Cf. Problem 8.6.)

8.12 In Sect. 5.4.3 we saw that single domain wave propagation requires large order
polynomials to resolve the two main spatial scales, namely the size of the domain
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Fig. 8.24 A Mesh topology
for scattering of an acoustic
wave off acircular cylinder

and the length scale of the propagating wave. A spectral element approximation
enables us to resolve both scales by subdividing the square into a mesh of smaller
sguare elements and keep the cost down by using lower order polynomials on the
elements. Redo the solution of the wave equation for both the planewave and cylin-
drical wave problems of Sect. 5.4.3 with multiple square elements. Compare the
cost to compute the solutions to a desired accuracy for several subdivisions of the
square.

8.13 In Sect. 7.4.3 we computed the scattering of an acoustic wave off a cylinder.
As we discussed in Problem 8.12, the differences in scales required us to compute
the solution with very high order polynomials, and with correspondingly small time
steps required by the explicit time differencing. A more efficient approach is to
use a spectral element approximation. Compute the scattering problem with a mesh
topology like that shown in Fig. 8.24 and compare the cost to the single domain
computation.



Appendix A
Pseudocode Conventions

“How to play the flute. (picking up a flute) Well here we are.
You blow there and you move your fingers up and down here.”
in “How to do it””, Monty Python’s Flying Circus, Episode 28.

We use a pseudocode in this book to show how to implement spectral methods.
Pseudocode is a commonly used device to present algorithms. It represents an infor-
mal high level description of what one would program with a computer language.
Pseudocodes omit details like variable declarations, memory allocations, and com-
puter language specific syntax. Too high a level, however, and we risk missing im-
portant details. The goal of pseudocode is to give enough cues to allow the reader to
write a working computer program, no matter what programming language will be
ultimately used to implement it.

We use the LaTex macro “Algorithm2e” written by Christophe Fiorio to typeset
our pseudocode. The macro provides commonly used keywords and ways to rep-
resent flow control such as conditional statements and loops. Comments, however,
look like C/C++ statements. Since comments are typeset with a different font, it
should be pretty clear what is a comment and what is not. Beyond these basic and
common statements, we need to decide how to express both high level and low level
concepts.

To help to read the almost 150 algorithms that we present, we outline some of
the conventions that we use. On the lower level, these conventions include how
we represent variables, arithmetic operations, and arrays. On the higher level, they
include an object oriented philosophy to organize data and procedures.

Variables and Arithmetic Operations We use pseudocode to provide a bridge be-
tween the mathematics and a computer program. To make that bridge, we try to
make the statements look as closely as possible to the equations that they are trying
to implement. Therefore, if we compute something that has a well-known mathe-
matical notation, such as the Chebyshev polynomial of degree n, we write it that
way in the pseudocode, T7,,. If the quantity does not have a common name, we make
up a variable name for it. We denote constants by all uppercase names, e.g. NONE,
with underscores to separate words.

As much as possible we write equations in the pseudocode just as we write
them mathematically in the text. Sometimes, however, we represent multiplication
by “* ” when leaving it out can cause confusion.

Arrays The most common data structure that we use in the spectral methods algo-
rithms is the array. Mathematical vectors and grid values in one space dimension can
be stored as singly dimensioned arrays. Full matrices and grid values in two space
dimensions can be stored as doubly dimensioned arrays. In this book, we represent
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single arrays by {Mj}j»zs and double arrays by {Ml"j}ie’j=s, where s and e represent
the start and end indices. When the indices may mean something different, say if we
want to think of an array of two dimensional arrays, we will separate indices with a
semicolon. In any case, since different computer languages have different levels of
support for arrays, we do not imply a particular data model by our arrays except in
one circumstance. That circumstance is when we use iterative methods to solve lin-
ear systems, where we assume that arrays are contiguous in memory and therefore
all representations are equivalent to a singly dimensioned array of the appropriate
length.

Functions and Other Procedures With most computer languages it is difficult to
tell which variables are input, which are output, and which are both. To make these
clear, we write procedure calls like

result < function(inputl, input2).

If an argument is both an input and output variable, it appears both as a result and
as an input

result < function(inputl, input2, result).

Since we work with tensor product spectral approximations in this book, most of
the operations in two dimensions that work on doubly dimensioned arrays reduce
to performing multiple operations on singly dimensioned arrays. We denote a one
dimensional slice of a two dimensional array, say, {U,-,j}f?"/‘.fo, by {Ui,j},N:o for slices
along columns and {Ui,j}ﬂio along rows. In general, we assume that if an array with
particular extents is passed into a procedure, then those extents are too.

Pointers We express setting a pointer to point to a record or another pointer by the
notation “=". For simplicity, we assume that dereferencing a pointer, i.e., getting
the record to which a pointer points, is automatic. That is, if a pointer p points
to a record in memory that contains a structure data, then we reference that data
by p.data. This is how pointers work in Fortran (with % in place of “.”) and how
references work in C++-, but not how pointers work in C/C++, where one would
use p — data.

Object Oriented Algorithms  We take an object oriented view of data and procedure
organization. This doesn’t mean that one has to use an object oriented language
to implement these algorithms. As with arrays, different computer languages have
different levels of support for automatically programming this way, so we use object
orientation here to allow us to group variables, simplify procedure arguments, and
reuse procedures that we have already developed. The fundamental construct is the
class, which gathers data in the form of an abstract data type (or structure) and
procedures that work on that data. Member variables and procedures are accessed
in the common, though not universal, dot notation. Therefore if obj is an instance
of a given class, a is a member variable, and f(x) is a member procedure, then
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we access a by obj.a and invoke f by obj. f(x). For procedure calls, the implicit
assumption is that the object is passed as an argument to the procedure, whether this
is done automatically within the computer language, or explicitly in the argument
list as necessary. Thus, obj. f (x) by itself means

obj < f(obj, x).

Within the procedure, the object is named this, again common but not universal.
We use the keyword Extends if we want to add data to, or replace procedures in, a
class. In a sense, this represents subclassing that is present in fully object oriented
languages.



Appendix B
Floating Point Arithmetic

Computers use floating point numbers, which behave differently than real numbers.
Discussions of floating point arithmetic in general [16] and the IEEE implemen-
tation [18] used on most computers today can be found in the references. We are
most interested in one number: €, which represents the relative error due to round-
ing. Several computer languages now have this number as an available parameter.
For instance, in Fortran, it is given by the function EPSILON(). In C/C++ it is
defined in the float.h header file as FLT_EPSILON, with a similar definition for
doubles.

It is well-known that we should never do direct comparisons of equality for float-
ing point numbers ([16], Vol. I, Chap. 4). On the other hand, it is not that obvious
how to write a robust algorithm to test when two floating point numbers are “close
enough” to be considered to be equal. The basic (strong) test for two floating point
numbers, a and b, to be “essentially equal to” each other is that

lb—a|<elal and |b—al<elbl. (B.1)

It is possible, however, for the products on the right to overflow or underflow. We can
avoid those situations by scaling the numbers, or explicitly handling the overflow
situations.

To test the equality of two floating point numbers in the algorithms developed for
this book, such as is necessary for instance in Algorithm 31 (Lagrangelnterpolation),

Algorithm 139: AlmostEqual: Testing Equality of Two Floating Point Numbers

Procedure AlmostEqual
Input: a, b
if a=0o0r b=0then
if |a—b| <2ethen
| AlmostEqual <~ TRUE
else
|  AlmostEqual <— FALSE
end
else
if |a—b| <e€laland |a —b| < ¢€|b| then
| AlmostEqual <~ TRUE
else
|  AlmostEqual <— FALSE
end

end
return AlmostEqual
End Procedure AlmostEqual
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we propose Algorithm 139 (AlmostEqual). Note that we do not have to worry about
all exceptional cases here, particularly since the numbers that we work with are in
[—1,1] or [0, 27]. Thus, the only exceptional cases we need to deal with are near
the origin.



Appendix C
Basic Linear Algebra Subroutines (BLAS)

The BLAS provide standard building blocks to perform basic vector and matrix
operations. There are three levels of BLAS, with each level performing more and
more complex operations. The first level, BLAS Level 1, is a collection of routines
that compute common operations such as the Euclidean norm, the dot product, and
vector operations such as y = ax + y, known as AXPY. A PDF reference of the
available routines, blasqr.pdf, can be found at http://www.netlib.org/blas/.

BLAS libraries are freely available on the web, for example at www.netlib.org,
and specifically optimized versions are often included with commercial compilers.
Furthermore, the ATLAS (Automatically Tuned Linear Algebra Software) library
found at http://math-atlas.sourceforge.net can be compiled to create a portably effi-
cient BLAS library.

The BLAS routines are named with the format xXNAME, where “x” denotes
the precision of the arithmetic, either “D” for double precision or “S” for single.
(For many routines, complex or complex*16 versions are available with the prefixes
“C” and “Z”, respectively.) For example, the single precision dot product is named
SDOT.

BLAS routines that are of use in this book include DOT, for the Euclidean inner
product, NRM2, for the Euclidean norm, AXPY, for scalar times vector plus vector,
COPY and SCAL. The standard calling arguments are

_DOT(N, X, I NCX, Y, | NCY)

“NRM2( N, X, | NCX)

_AXPY(N, ALPHA, X, I NCX, Y, | NCY)
_COPY(N, X, I NCX, Y, | NCY)
_SCAL( N, ALPHA, X, | NCX)

In each case, N corresponds to the total number of elements. The arguments X
and Y correspond to the input/output arrays. The integers INCX and INCY indi-
cate the stride of the data, and enable the computation of subarray operations. The
argument ALPHA corresponds to the scalar parameter.

All arrays used in BLAS routines are constrained to be contiguous, a constraint
that should be observed when using languages that define arrays as arrays of point-
ers. As such, the BLAS routines, now called the dense versions, don’t distinguish
between inputs that represent one or two-dimensional arrays.

For completeness, and by way of example, we present prototype algorithms to
compute the dot product, the Euclidean norm, y = ax + y, copy, and scale by a
parameter. In practice, one should use optimized library versions. Consistent with
the dense BLAS philosophy, we constrain the input arrays to be contiguous, so it
does not matter whether arguments represent single or multidimensional arrays.
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Algorithm 140: BLAS_Levell:A Selection of Basic Linear Algebra Subroutines

Procedure BLAS_NRM2
Input: N, {x,}N*'NCX INCX

7<0;i <1
for j=1toN do
< z+x?
i < i+ INCX
end

return /z
Procedure BLAS_NRM2

Procedure BLAS DOT
Input: N, {x,}N*'NCX INCX, {y,}N*'NCY INCY

7<0;i<1;j«<1
for k=1to N do

A e o T

i < i+ INCX

j < j+INCY
end
return z
Procedure BLAS_DOT

Procedure BLAS_AXPY
Input: N, e, {x,}N*'NCX INCX, {y,}N*'NCY INCY

i<1;j<«1
for k=1to N do
Yj <y taxx;
i < i+ INCX
Jj < j+INCY
end
return {y;}_,
End Procedure BLAS_AXPY

Procedure BLAS_COPY
Input: N, {x,}N*INCX INCX, {yj}jyillNCY, INCY

i<1;j<«1
for k=1to N do
Vj < Xi
i < i+ INCX
Jj < j+INCY
end
return {y;}7_,
End Procedure BLAS_COPY

Procedure BLAS_SCAL
Input: N, e, {x,}N*'NCX INCX

i<1

for k=1to N do
Xj < oX;

i < i+ INCX
end
return {x;}V,
End Procedure BLAS_SCAL




Appendix D
Linear Solvers

Approximations of potential problems and implicit discretizations of time depen-
dent partial differential equations lead to linear systems of equations to solve. We
solve the systems either directly, typically by some variant of Gauss elimination,
or iteratively. In this appendix, we motivate the algorithms that we use to solve the
systems that appear in this book. In no way can a short appendix like this survey
the entire field of numerical linear algebra and all the issues related to efficiency,
parallelism, etc. For further study, we suggest the books [13] or [19].

D.1 Direct Solvers

For small enough systems, or in special cases, direct linear system solvers are ef-
ficient. In this section, we discuss two, namely the Thomas algorithm to solve
tri-diagonal systems, and LU factorization to solve full, general systems. In both
cases, well-tested and portable code with multiple language bindings is available
in the LAPACK [2] library. Some compiler vendors supply precompiled versions
of LAPACK, which should be used if possible. Otherwise, it is possible to down-
load the source code from www.netlib.org (see, in particular, http://www.netlib.org/
lapack/index.html) and compile it oneself.

D.1.1 Tri-Diagonal Solver

Tri-diagonal matrix problems are ubiquitous in numerical analysis, and appear, for
example in Sect. 4.5 with the Legendre Galerkin approximation. For completeness,
therefore, we include the Thomas algorithm for the solution of tri-diagonal systems.
We represent the elements of the matrix by the three vectors ¢, d and u, for the
subdiagonal, diagonal and superdiagonal elements, numbered as

d uy 0 ... 0 7]
] . X0 Yo
L1 v owr - : x1 1
0 € d . 0 S el R (D.1)
: . . XN-1 YN-1
: ’ UN-1 XN N
(0 ... 0 ¢y dy |
D.A. Kopriva, Implementing Spectral Methods for Partial Differential Equations, 363

Scientific Computation,
© Springer Science + Business Media B.V. 2009



364 D Linear Solvers

Algorithm 141: TriDiagonalSolve:

Procedure TriDiagonalSolve
0 N N N-1 N
Input: {ej}j:]_’ {dj}j:O’ {”J'}j:o , {yj}j:o
for j=0toN do
| dj=d;
end
// Forward Elinmnation
for j=1to N do
dj=dj—tj/dj-1%uj-1
yi=yj—4tj/dj-1%yj-1
end
/] Backward Substitution
XN = yn/dNn
for j=N—1to0step —1do
| xj =0 —uj*xj0/d;
end
return {Xj}jv 0

End Procedure TriDiagonalSolve

The Thomas algorithm is a variant of Gauss elimination, and a description of
it can be found in any elementary numerical analysis book. It has two phases, the
forward elimination and the backward substitution.

The first phase of the algorithm is the forward elimination, where we remove the
subdiagonal entries. In the second row, ¢1 is eliminated when we multiply the first
row by —¢1/do and add the result to the second. The diagonal entry on the second
element of the modified row and the right hand side become

di = dy — ugl1/do, 0.2)

y1=y1 — yol1/do.

We eliminate the £; entry in the third row and all succeeding values of £; by repeat-
ing the procedure for j =2,..., N. When complete, the matrix is upper bi-diagonal,
so that xy = yn/dy and for j < N,

xj':(ﬁj—ujijrl)/c?j. (D3)

Since the right hand side vector is rarely needed again in practice, it is usually safe
just to overwrite the original array y with §. Algorithm 141 (TriDiagonalSolve)
shows the whole procedure.

D.1.2 LU Factorization

An LU factorization with partial row pivoting computes a lower triangular, L, upper
triangular, U, and permutation, P, matrix to rewrite a square matrix A in the form
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A = PLU. The permutation matrix is there to swap rows to ensure that the diagonal
contains the largest element in a column. The attraction of the algorithm is that once
we compute and store the factorization, we solve the system Ax =y efficiently
for multiple right hand sides, y, by a triangular forward substitution followed by a
triangular backward substitution.

To motivate the algorithm, let’s assume that row swapping (pivoting) is not
needed. Then A = LU and we write the matrix multiplication component-wise as

N minG, j)
a,-j = Zzinunj = Z Z,-nunj, (D4)
n=1 n=1

since L is lower triangular and U is upper triangular. If we choose ¢ = 1 (giving
us what is known as the Doolittle Method), we can write

k-1
agj =Y Llintinj +ugj, j=k,...,N,
n=1 (D 5)
k-1 '
ik =Y Linttnk + Likttxk, i=k+1,...,N.
n=1
We rearrange these to solve for the unknowns
k—1
Upj = agj — ngnunja j=k ...,N,
=1
" (D.6)
1 k—1
lix = — aik_zginunk , i=k+1,...,N.
Uik —

Typically, one destroys the original matrix by writing U to the upper triangular part
of the A, and L to the lower. Since we chose the diagonal of L to be one, it doesn’t
need to be stored, which allows the diagonal part of U to be stored there instead.

In general, we must swap rows to move the largest element in a row to the di-
agonal. The information can be stored in a single pivot vector, {pj}jy:]_, that simply
tells which row must be swapped with the current row. The procedure Factorize in
Algorithm 142 (LUFactorization) prototypes how to decompose a matrix into its
A = PLU factorization for columnwise storage of the matrix A. Note that this pro-
cedure, like most library factorization procedures, destroys the original matrix to
save storage. An easy mistake to make is to forget and try to use the matrix again
after it has been factorized.

We break the solve operation into two steps. Since A= PLU,

PLUX=Yy (D.7)

or
LUX=Py (D.8)
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Algorithm 142: L UFactorization: Factorization and Solve Procedures to Solve
AX=Y

Procedure Factorize
Input: {A,-Y.f]{t]j:l
for k=1to N do
pk) <k
for i=k+1toN do
| if |Aj k| > |Al7kvk| then py < i
end
if pr #kthen
for j=1to N do
| I‘*Ak,j;Ak,jFApk,j;Apk,th
end
end

for j=ktoN do
s <0
for n=1to N do
| s<s+ArnxAn;

end
Ak.j eAk,jfs
end
for i=k+1toN do
s <0

for n=1tok —1do

| s<s+Ain*Ank
end
Aj gk < (Ajk — )/ Agk

end
return (4; ;). (1
End Procedure Factorize

Procedure LUSolve NN
Input: (A7, 13, AP g )
for i=1to N do
if p; #i then
for m =1to Ngrys do
| T < Yims Yim < Ypj,m; Ypj,m <1t

end
end
end
for m =1to Nrys do
w1 < Yim
for i=2to N do
s=0
for j=1toi—1do
| s<es+A;jrw;
end
Wi < VYim — S
end

YN,m < WN/AN,N

for i=N—1tolstep—1do
s=0

for j=i+1toN do

| s<s+Aij*Yim
end

Yiom < (W; — )/ A; j

end
end

N.NRHs
return {y;m}; 2y

End Procedure LUSolve
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since swapping a row then swapping again returns rows to their original state and
implies P~% = P. If we define w = Ux, we can solve two triangular systems in
succession

Lw = Py,
(D.9)
Ux=w.
The first is simply forward substitution. Since
i
> Lijwj=(Py);, (D.10)
j=1
we solve w1 = (Py)1/L11 = (Py)1 and
i-1
wiz(Py),-—ZLi,-w,, i=2,3,...,N. (D.11)

j=1

We derive a similar back substitution formula to solve Ux = w. The combination
of these two form the LU Solve procedure in Algorithm 142 (LUFactorization). The
input to the procedure is the factorized matrix, i.e. the output of Factorize. To ac-
commodate multiple right hand sides, we assume that a two dimensional array with
Nrns columns is supplied, as is done with the LAPACK routines. The output is then
an array whose columns are the solution vector for each right hand side.

Rather than use these prototype procedures in production, which we present here
to understand how the algorithm works, it is better to use optimized library routines
such as those provided by LAPACK [2]. The LAPACK routines can take advan-
tage of optimized BLAS routines and run efficiently on parallel systems. The two
routines useful for general matrices are

XCETRF(M N, A LDA 1PV, INFO
XCETRS(TRANS, N, NRHS, A, LDA I|PIV, B, LDB, |INFOQ

where “X” denotes the data type of the variables, “D” for double, “S” for single, for
instance. The procedures perform the factorization (F) and Solve (S) phases sepa-
rately. The arguments are the number of rows and columns, M and N, the matrix A,
the leading dimension of A, LDA, the pivot vector, IPIV and an error flag. The solve
routine takes a character variable, TRANS, that specifies if the transpose of A is to
be used. The argument N is the order of the matrix A and NRHS is Ngrys. The
next three arguments are the same as for xGETRF, but A is the factorized matrix.
Finally, B corresponds to {yj,m}j.\{;n’\fTS where LDB is the leading dimension of the
array B.
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D.2 lterative Solvers

We construct the solution of a system of equations Ax =y iteratively by adding a
correction to a current iterate, XX,

Xk = xk - kvk, (D.12)

The vector V¥ is the search direction and w is a parameter that says how far to step
in that direction. The simplest choice of direction is the direction of the iteration
residual

VK=rk=y— AxK (D.13)
giving what is known as the Richardson Iteration method,
XKL =k wfrk, (D.14)

For a point of reference, we can write the well-known Jacobi method in this form
with vk = D~1rk where D is the diagonal part of the matrix A.

We should choose the step parameter ¥ so that the iterate, x**1, is in some sense
closer to the solution than the previous iterate. One choice, for example, is to find
ok s0 that the Euclidean norm of the residual at the next step, |[r¥*1|| is minimized
along the search direction. We relate the residual at the next iteration to that of the
current residual by

Al =y — AX =y — AXK — oF Ark =k — ok Ark. (D.15)

The Euclidean norm of the new residual,

Hrk+1 ” — (rk+1, rk+1> — (D.16)
is therefore related to the old residual and w* by the relation
Hrk+1 ||§ _ (rkH, rk+1>
= (1%, 1) — 208(r%, Ar¥) 4 (") (AT, Ar), (D.17)

which is quadratic in *. We find the minimum as a function of w* where the deriv-
ative is zero,
d”rm”%—o— 2(rk, Ark) 20k (Ark, Ark D.18
W———(I’,I’)—i—a)(l’,l’), (D.18)
giving
v (rk Arky

o = AT (D.19)
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Alternatively, we could choose to minimize some functional other than the next
residual along the search direction. For example, we could minimize

¥(x)= %(x, AX) — (X, Y), (D.20)
which gives
. (rk7 rk>
" = ATy (D.21)

The functional ¥ has as its minimum the solution of the linear system, and this
choice of w¥ gives the method of steepest descent.

The convergence rate is determined by the condition number of the matrix A,
k(A) = ||A|l||A~L||. The larger the condition number, the slower the convergence.
Spectral collocation matrices have condition numbers that grow rapidly with N. It
is therefore important to mitigate this growth.

We accelerate convergence by introducing a matrix factor to the search direction
in addition to the parameter, o, to lower the condition number of the system. We
change the iteration (D.12) to

X = xK 4+ wH IV, (D.22)

where H is the preconditioning matrix or preconditioner. To see the effect of the
preconditioning matrix, consider the Richardson method for which vk = r¥. The
(exact) solution to the system is the fixed point of the iteration that satisfies

X=X+ o"H 1y — Ax), (D.23)
so x also satisfies the modified (preconditioned) system of equations
H 'Ax=H"1y. (D.24)

We require the matrix H to have two properties: It should be easy to invert, and
it should approximate the original matrix A in such a way that the condition number
x(H~1A) of the modified system is lower than « (A). The choice H = A is optimal
from the point of view of conditioning since « (1) = 1. On the other hand, if A was
that easy to invert in the first place, this whole exercise would be pointless. Instead,
we settle, and choose H to be some easily invertible approximation of A. In fact,
the Jacobi method noted above can be viewed as the preconditioned Richardson
method with the preconditioner H = D, the diagonal part of A, which is clearly
easy to invert.

If we re-trace the steps that we used to determine «* and gather the relations, we
get the preconditioned minimum residual Richardson method
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Compute r =y — Ax?
for k=1to N;; do
Solve Hz=r for z
(r, Az)
(Az, Az)
X < X+ wz
r<r —wAz
end

We convert the procedure to the method of steepest descent by changing the defini-
tion of w to (D.21).

Even with preconditioning, the relaxations of the Richardson and steepest de-
scent methods can be slow. The main culprit is that the residual does not necessarily
have to point in the direction of the solution. Instead, there may be a large amount
of backtracking. The problem is easy to imagine in the context of the steepest de-
scent algorithm and two variables. If the functional is shaped more like a long thin
valley instead of a round basin, the downhill direction does not point directly to the
bottom.

For symmetric systems, the popular Conjugate Gradient method eliminates the
backtracking that slows down the convergence of the steepest descent method. In-
stead of choosing the residual as the search direction, it chooses a direction that is
conjugate to all of the previous directions. This guarantees that each search direction
does not contain components in the previous directions already searched.

Descriptions of the Conjugate Gradient method can be found in many sources.
For those not familiar with it, we recommend [13] or [19] for background. In form,
it looks similar to the methods we just discussed,

Compute r =y — AX?

Solve Hz=r for z

V<«<2Z

c<(r,2)

for k=1to N;; do

Z < AV

a)(—ﬁ

X <X+ wV
r<r—wz
Solve Hz=r forz
d<(r,2z)

d
V<Z+ -V
c<d ¢

end

The Conjugate Gradient algorithm is guaranteed to work, however, only for ma-
trices that are symmetric. For non-symmetric systems, it can fail to converge. If
the matrix is nonsymmetric we could solve the problem A7 Ax = ATy so that the
coefficient matrix is symmetric. Unfortunately, squaring the matrix increases the
condition number, which slows down the convergence rate. For non-symmetric sys-
tems, we should use methods specifically derived for them, such as the BiCGStab
or the GMRES method. The BiCGStab, for instance is



D Linear Solvers 371

Compute r =y — AX?
r<r
V< 0;p<0
p<—la<lwo<1
for k=1to N;; do
p<p
p=(rr)
B = pa/(pw)
p=r+pB(P—owv)
Solve Hy =p fory
V < Ay
a=p/(F,V)
S=r—av
Solve Hz =sfor z
t< Az
w=(t,9) /(1)
X<« X+ay+wzZ
r < s—owt
if |Ir|l2 < Tol then Exit
end

The GMRES method requires significantly more storage and we will not describe
it here. We recommend the book [19] for a description of the GMRES method,
should it be needed.



Appendix E
Data Structures

Arrays have both advantages and disadvantages as structures in which to store data.
Their main advantage, beyond their simplicity, is that operations on arrays can be
computed very efficiently. Standardization of such operations has led to the basic
linear algebra subroutines (BLAS) that we discussed in Appendix C. Also, access
to a particular element of an array is fast. The main disadvantage, which goes hand
in hand with simplicity and efficiency, is that arrays are not very flexible. For best
efficiency, we typically must fix the size of an array. If we don’t know the size
beforehand, the addition of new elements or the deletion of existing elements can
require costly allocation and deallocation of blocks of memory, plus the time to
copy data from old to new versions of the array. To enable flexible data storage and
retrieval, we need more sophisticated data structures.

In this appendix we describe two useful data structures. The first is the linked
list. In contrast to arrays, linked lists do not have a specified ordering of the data.
They have the advantage that we can easily add and delete elements of the list, so we
don’t have to know the size of a list in advance. On the negative side, because there
is no structured ordering of the data, it is expensive to find a particular element of
a list. The second data structure is the hash table. Hash tables are flexible structures
that are efficient to search.

Our discussion of data structures will be necessarily brief, and we will discuss
only aspects that we need to implement the spectral element algorithms in this book.
In particular, our discussion of hash tables is limited to an example of a sparse
matrix. Further discussion of the subject of data structures can be found in many
books, such as that of Knuth [16]. Note that it is particularly easy to find detailed
discussions of linked lists, since they are often used in programming language books
for examples of how to use pointers.

E.1 Linked Lists

A linked list is a data structure that consists of a collection of records. In a singly
linked list, the record consists of two parts, namely the data that it holds and a pointer
to the next record. (Variations that we do not need to consider here include doubly
linked lists where a record also has a pointer to the previous record, and circularly
linked lists whose last record points to the first record of the list.) We show a diagram
of a singly linked list in Fig. E.1.

The records linked in a singly linked list data structure contain data and a pointer
(or pointers) to other records. The data stored in the record can be something as
simple as an integer value, or as complicated as a structure that contains a variety
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Fig. E.1 Schematics of a singly linked list. Records, represented by boxes, are linked by a pointer
to the next record in the list. A list can be accessed by its head, tail or current pointer

Algorithm 143: Record: An Example Linked List Record Definition

Structure Record
listData// Primtive data type, structure or pointer
next// Pointer to a Record data type

End Structure Record

Algorithm 144: LinkedList: A Linked List Class Definition

Class LinkedList
Data:
head, tail, current// Poi nters to Record type

Procedures:

Construct(); // Al gorithm 145
Add(data); // Al gorithm 145
GetCurrentData(); // Al gori t hm 145
MoveToNext();// Al gorithm 145
Destruct(); // Al gorit hm 145
Print(); // Al gorithm 145

End Class LinkedList

of other data structures, including arrays and linked lists. To allow for some ab-
straction, let us assume that the data is stored in a structure, such as is provided
as a struct in C/C++ or a TYPE in Fortran. Otherwise, any data that we want to
include is appropriate. We can implement the record itself as a structure as well, or
as a class. We show an example of a Record implemented as a structure in Algo-
rithm 143 (Record). It contains another structure, listData that organizes the actual
data. It also contains a pointer to a Record, which is typically called next.

A list itself is referenced by its head and tail pointers. For convenience, we add
a current pointer that marks a particular record in the list. These pointers comprise
the only data that we need for the list itself shown in Algorithm 144 (LinkedList).

Typical operations to define for a linked list include those that add and delete
records and that traverse the list. Other procedures of importance to more general
problems might sort the records according to some relation in the stored data, pro-
vide copy or merge functions, and the like. For the applications in this book, we need
only to add records to the list, traverse the list, and destroy the list. With these needs
in mind, we define the LinkedList class in Algorithm 144 (LinkedList). It has a con-
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Algorithm 145: LinkedList:Procedures:

Procedure Construct

this.head = NULL
this.tail = NULL
this.current = NULL
End Procedure Construct

Procedure Add
Input: data// is either a primtive, a structure, or a pointer

Allocate newRecord

if this.tail = NULL then
‘ this.head = newRecord

this.tail = newRecord
else
‘ this.tail.next = newRecord

this.tail = newRecord
end

this.current = this.tail
this.current.next = NULL
this.current.listData < data
End Procedure Add

Procedur e GetCurrentData
return this.current.listData
End Procedure GetCurrentData

Procedure MoveToNext
this.current = this.current.next
End Procedure MoveToNext

Procedure Destruct
this.current = this.head

while this.current 4 NULL do
pNext = this.current.next

Deallocate memory pointed to by this.current
this.current = pNext

end
End Procedure Destruct

Procedure Print
this.current = this.head

while this.current 5 NULL do
Print this.current.data
this.MoveToNext()

end

End Procedure Print

structor, destructor, a procedure to add new data, a procedure to get the data in the
current record, and a procedure that moves the current pointer to the next element
of the list. The implementations of those procedures are shown in Algorithm 145
(LinkList:Procedures).
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The constructor for the linked list in Algorithm 145 (LinkList:Procedures) has
little to do. It simply sets the pointers to point to NULL, which denotes that the
pointer does not yet point to any record.

The Add procedure takes data as input, creates (allocates) a pointer to a new
record and adds the new record to the end of the list, if the list is not empty. If
the list is empty, then the new record becomes the start of the list and all the list’s
pointers point to it.

The MoveToNext and Destruct procedures illustrate how to navigate the list. To
move one step from any position in the list, the current pointer is pointed to it’s
next pointer. The Destruct procedure shows how to navigate through the entire list.
There, we set a pointer to the head and another to its next pointer (to keep the next
record accessible). A while loop then steps through the entire list until the end, which
is detected by the current pointer pointing to NULL. At each step, the memory to
which the current record points is destroyed, and the current pointer is set to point
to what was the next record in the list.

We could construct new procedures to perform whole list actions, such as
printing the list or searching for a record whose data matches a given criterion,
by modifying the Destruct procedure. The Print procedure in Algorithm 145
(LinkList:Procedures), for instance, loops through the list and prints the data as-
sociated with the record pointed to by the current pointer. To search for a record
with particular data, we would replace the print line in the Print procedure with a
test on the data.

The Add and Delete procedures illustrate the flexibility of a linked list to store
data when we do not know the number of records ahead of time. The Destruct and
Print procedures show the weakness of a linked list. To access a particular record,
we must start at the beginning and search for it sequentially. There is no mechanism
for random access to the records, say, to access the fifth element directly, as can be
done with an array. Neither can the list find a particular record with a given data
value without stepping through the list from the beginning.

E.1.1 Example: Elementsthat Share a Node

One example of where a linked list is useful is to collect the id’s of all the spectral
elements in a mesh that share a common corner node. In a structured mesh, a node
might be shared by one, two or four elements. In an unstructured mesh a node may
in principle be shared by any number of elements (Fig. E.2). Operations on each list
are typically of a “ForAll” type, so the entire list must be traversed, but the order in
which elements are accessed is not often important. For these needs, a linked list is
appropriate to store the shared elementID’s for each node.

Let us assume that we have an array of nodes stored by their nodelD, and an
array of elements stored by their elementID. We create such arrays by reading the
information from a data file created by a mesh generator. Each node will store (in ad-
dition to its other data, such as location) a linked list whose data is just an elementID
(Fig. E.2). We will not need to modify this shared element data after it is created,
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Fig. E.2 Linked lists associated with nodes that store neighboring element id’s

so a singly linked list is sufficient to store the data. Each element will have an array
that contains the nodelDs of the four nodes that define the corners of the element.
Each element knows the nodelD’s of its corners, since that information is provided
by the mesh file. The nodes, however, do not know which elements share them.

To construct the lists of shared elements, we would loop through each element
and for each node in the element, add the element’s elementID to the list associated
with the node with that nodelD. Specifically, given an array of elements {e]}j 1

which stores the nodelDs of its nodes in the array {nodelD ; }j.:l, and array of nodes

{node,}l\ﬁ‘ide, which stores a linked list of elementIDs, the logic to create a list of
shared elements is
for elementlD =1 to N, do
for k=1to4do
n = e;.nodelDy
node, .elementList.Add(elementID)
end

end

The shared elements for each node can then be accessed and printed by a simple
loop

for i =110 Npgge do
node; .elementList.Print()
end

E.2 Hash Tables

Hash tables are data structures designed to enable storage and fast retrieval of key-
value pairs. An example of a key-value pair is a variable name (“*gamma”) and its
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associated value (“1.4”). The table itself is typically an array. The location of the
value in a hash table associated with a key, k, is specified by way of a hash func-
tion, H (k). In the case of a variable name and value, the hash function converts
the name into an integer that tells it where to find the associated value in the ta-
ble.

A very simple example of a hash table is, in fact, a singly dimensioned array. The
key is the array index and the value is what is stored at that index. Multiple keys can
be used to identify data; a two dimensional array provides an example where two
keys are used to access memory and retrieve the value at that location. If we view
a singly dimensioned array as a special case of a hash table, its hash function is
just the array index, H(j) = j. A doubly dimensioned array could be (and often is)
stored columnwise as a singly dimensioned array by creating a hash function that
maps the two indices to a single location in the array, e.g., H(i, j) =i + j * N,
where N is the range of the first index, i.

Although arrays provide fast access to their data, they allocate storage for all
possible keys, and only set the value for a key if the data associated with a particular
key is present. A matrix, for instance, can be stored as a two-dimensional array.
The value of the (i, j)th element of the matrix is stored at a location in memory
associated with the two keys, (i, j). A sparse matrix can require much more memory
than necessary when stored this way, since most of the elements are zero and don’t
need to be stored at all. It is for sparse data structures like this that hash tables are
useful.

To create a hash table, we need a storage model and a hash function. Each has
practical issues. Often it is convenient and efficient to store the data in an array
of fixed size. The hash function will then map the keys to an element of that array.
However, when we are done, we want that array to be fully populated so that there is
no wasted space. Therefore, we don’t want to allocate an array that can hold all pos-
sible values for all possible keys (as in the matrix storage problem above), only ones
that can hold the values for keys that occur. It is not generally desirable to create a
“perfect” hash function that generates a unique index for a given set of keys. In-
stead, collisions will be allowed where different keys can give the same hash value,
i.e., point to the same location in the array. For instance, it is unrealistic to create a
dictionary (word + definition) by allocating storage for every possible combination
of letters. Instead we might define a finite array and create a hash function to map to
that array. We could create the hash function by assigning a value to each letter, like
its position in the alphabet, and adding the values in the word. Thus the word “dad”
would be hashed to index 4 + 1 + 4 = 9. But so would “fab”.

Of the many ways to resolve collisions, chaining is common. To use chaining,
each entry in the array stores a pointer to a linked list, instead of storing values in
the hash table array itself. As collisions occur, the new entry is added to the linked
list. Then, when it is time to retrieve the value associated with a key, the key is
hashed and the linked list at the location given by the hash value is then searched
(sequentially) for the actual key. Yes, we have already said that it is slow to search a
linked list. But if the table is of a reasonable size, and the hash function is reasonable,
then the number of collisions, and hence the number of entries in the linked list, will
be small and quickly searched.
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Fig. E.3 Example of sparse matrix representation by a hash table

Algorithm 146: SparseMatrix: A Sparse Matrix Class Definition

Class SparseMatrix
Data:
{table;} // Array of pointers to LinkedLi st

Procedures:
Construct(N) ;// Al gorithm 147
AddDataForKeys(data, i, j); // Al gorithm 147
DataForKeys(i, j); // Al gorithm 147
ContainsKeys(i, j);// Al gorithm 147
Destruct(); // Al gorit hm 147
End Class SparseMatrix

Structure TableData

key// an integer

data// a primtive type, structure, or pointer
End Structure TableData

Since matrices are easy to understand, we show how to use a simple hash table
with chaining to store and retrieve values from a sparse matrix. The algorithm will be
useful to delete duplicate edges in a mesh. We show a diagram of the data structure
in Fig. E.3. To start, note that if the matrix is invertible, then it cannot have a row that
is all zeros, that is, every row must have at least one entry. Therefore, the table itself
should be an array of length N, where N is the order of the matrix. Each location in
the table will correspond to a row in the matrix and the hash function for a matrix
element (i, j) issimply H (i, j) = i. Clearly there will be collisions, since each row
hashes to the same table entry. For this reason, we will use chaining so that each
item of the table array will be a pointer to a linked list. A record in the linked list
will store two pieces of data, namely the column j and the value of the matrix entry
in the ith column and jth row.

We show a sparse matrix class and data definition that describe these require-
ments in Algorithm 146 (SparseMatrix). Note that we allocate the storage for the
array of pointers in the constructor to allow variable size arrays to be created, see
Algorithm 147 (SparseMatrix:Procedures). The destructor, Destruct tells each of the
linked lists to destruct themselves and then deallocates the memory for the array.
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Algorithm 147: SparseMatrix:Procedures:

Procedure Construct
Input: N// Order of the matrix

Allocate memory for this. {table,‘}f*’:l
for i=1to N do
| this.table; = NULL
end
End Procedure Construct

Procedure AddDataForKeys
Input: inData, i, j

if this.table; = NULL then this.table;.Construct()

if this.ContainsKeys(i, j) = FALSE then
d.key < j;d.data < inData// d is of type Tabl eData
this.table; .Add(d)

end

End Procedure AddDataForKeys

Procedure ContainsKeys
Input: i, j

if this.table; = NULL then return FALSE
this.table; .current = this.table; .head

while this.table;.current A NULL do
d < this.table; .GetCurrentData()
if d.key= jthenreturn TRUE
this.table; .MoveToNext()

end

return FALSE

End Procedure ContainsKeys

Procedure GetDataForKeys

Input: i, j

if this.table; = NULL then setError
this.table; .current = this.table; .head

while this.table;.current A NULL do
d < this.table; .GetCurrentData()

if d.key= jthenreturn d.data
this.table; .MoveToNext()

end
setError
End Procedure GetDataForKeys

Procedure Destruct
for i=1to N do
this.table; .Destruct()
this.table; = NULL
end
Deallocate memory for this. {table; } ¥,
End Procedure Destruct




E Data Structures 381

We need three basic procedures for the SparseMatrix class. We present imple-
mentations of them also in Algorithm 147. The first procedure is the AddDataFor-
Keys procedure, which adds the matrix entry for the pair (i, j). It first checks to see
if the ith row has been created and constructs a linked list to which it will point. It
then checks (just to be safe) to see if the current entry has already been added. If not,
the column, j, and value are added to the linked list for row i. The ContainsKeys
function does a linear search from the head of the list for the ith row and checks
to see if the key matches the column number. If so, the (i, j)th component is in
the table. Finally, the DataForKeys procedure returns the data that is stored for the
matrix entry, if the entry exists. For safety, it first checks to see if the ith column
has been created. If not, an error condition must be set, which we represent generi-
cally by a call to some setError procedure. (Setting an error could include setting an
output “flag” variable, creating and returning an “error handler” structure, or throw-
ing an exception, depending on the computer language being used.) If the ith row
is present, the DataForKeys procedure then searches through the list for a record
whose key matches the desired column. On the chance that the current position in
the list already corresponds to the desired column, the value there is returned. Oth-
erwise, it searches from the beginning by using the ContainsKeys procedure.

We could add other procedures to the sparse matrix class, but we don’t need
them here. For instance, if we wanted to write a sparse matrix-vector multiplication
procedure, we would add a GetNextData procedure that steps to the next record in
the list for the ith row and returns the row (to access the vector element) and the
value for the factor.

E.2.1 Example: Avoiding Duplicate Edgesin a Mesh

As an example that uses the sparse matrix algorithm, we create an array of unique
edges in a mesh. (See Sect. 8.2.) Two nodelD’s define an edge, one for the start
and one for the end, and hence, an edge is uniquely specified by two keys. If the
only information in a mesh file are the nodes and the element connectivity that
specifies which nodes are used to create the element, we can generate a collec-
tion of edges by looping through each element and creating the four edges from
the corner nodes. Defined counter-clockwise on an element, the four edges corre-
spond to the local index of the four corner nodes (1, 2), (2,3), (3,4) and (4,1)
(Fig. E.4). To simplify the edge generation procedure, we can create a local map-
ping array (which, itself, can be viewed as a simple hash table), {p,-,k},.z’:‘ll)kzl, where
(p1.1, p2.1) = (1, 2), (p1.2, p2.2) = (2,3), etc. Suppose an element has an array,
{nodes}{_, that stores the global id’s of its corner nodes. Then the global id’s of
the start and end nodes for side one of the element are nodes,, , and nodes, ,. We
can construct a linked list of edges, edgeList from an array of elements elArray by
the algorithm
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for j=1toN, do
for k=1to4 do
edge.startNode < elArray;.nodes, ,
edge.endNode < elArray ;.nodes, ,
edgeList.Add (edge)
end
end

Unfortunately, this procedure will create duplicate edges since it counts shared
edges twice. To avoid duplicates, we need to test if an edge that is to be about
created already exists in the list of edges, i.e., has the same two end nodes. Rather
than search the entire list every time, we will create a parallel data structure, in the
form of a sparse matrix that we implement as a hash table, so that a search for a
given edge is fast. If the edge already exists in the table, we will not add it to the list.
At the same time, we will find for free the neighbor to the element across that edge.

Since an edge is uniquely determined by its two end nodes, it is natural to use
two keys and two hash functions. A simple choice for the two hash functions is
keyl = Hash1(i, j) = min(i, j) and key2 = Hash2(i, j) = max(i, j) where i and j
are the starting and ending node number. The data held by the table will be simply
the edge number of the edge that has the two keys.

The hash table is an efficient way to store the edges so that they can be accessed
quickly according to their endpoints. The first key will range from one to the number
of nodes, so this will be the size of the array that we construct. Since most mesh
generators keep the valence of a node low, < 6, the number of edges with the same
first key, which is equal to the valence, is small. Therefore the number of collisions
in the table will be small relative to the size of the table.

We modify the procedure above that we wrote to create the list of edges to use the
hash table to fill the edge array of the mesh structure of Algorithm 126 (QuadMesh).
The result is Algorithm 148 (ConstructMeshEdges). As each edge is found, we first
consult the table to see if that edge already exists in the edge array. If it doesn’t,
we add the edge to the array and the position of the edge in the edge array to the
table. If the edge does already exist, then we do not create a new edge. At that
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Algorithm 148: ConstructMeshEdges: Construct Edge Information for a Spec-
tral Element Mesh

Procedure ConstructMeshEdges
Input: mesh// A QuadMesh
Uses Algorithms:
Algorithm 126 (QuadMesh)
Algorithm 144 (LinkedList)
Algorithm 146 (SparseMatrix)

edgeTable.Construct(mesh.Npoge) / / A Spar seMatri x
for elD =1 tomesh.K do
for k=1to4do
1 < mesh.edgeMap; ;.
12 < mesh.edgeMap, ;
startld <— mesh.elementsg;p.nodelds;;
endld < mesh.elementsgp.nodelds;,
keyl < Hash1(startld, endid)
key2 < Hash2(startld, endld)
if edgeTable.ContainsKeys(keyl, key2) then
edgeld < edgeTable.GetDataForKeys(keyl, key2)
el < mesh.edgeseggeiq-elementlds;
s1 < mesh.edgeseggeiq-elementSides;
[1 < mesh.edgeMap; q
nl < mesh.elements,;.nodelDs;;
mesh.edgeseggeiq-elementld; < elD
if startld =n1 then

| mesh.edgesedge,d.eIementSidez <~k
else

| mesh.edgesggeiq-elementSide, < —k
end

else

mesh. Nedge <— mesh. Nedge + 1

edgeld <— mesh. Nedge

{nodes, }2_; < {startld, endld}
mesh.edgesedge,d.Construct({nodesn}ﬁ:l ,elD, k)
edgeTable.AddDataForKeys(edgeld, key1, key2)

end

end

end

edgeTable.Destruct()

return mesh

End Procedure ConstructMeshEdges

point in the algorithm, however, we know the current element and side that would
have created the duplicate edge. From the array of edges we know the element and
side that originally created the edge. Therefore we get the information about the two
elements that contribute to an edge for free at the time the duplicate edge is rejected.
This information is the element id, the element side, and whether or not the direction
of the edge is swapped. When we finish creating the array of edges, we destroy it
since we no longer need it.
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