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Prologue

In the area of “Numerical Methods for Differential Equations", it seems very
hard to find a textbook incorporating mathematical, physical, and engineer-
ing issues of numerical methods in a synergistic fashion. So the first goal of
this lecture note is to provide students a convenient textbook that addresses
both physical and mathematical aspects of numerical methods for partial dif-
ferential equations (PDEs).

In solving PDEs numerically, the following are essential to consider:

¢ physical laws governing the differential equations (physical understand-
ing),

* stability/accuracy analysis of numerical methods (mathematical under-
standing),

¢ issues/difficulties in realistic applications, and

* implementation techniques (efficiency of human efforts).

In organizing the lecture note, I am indebted by Ferziger and Peric [23], John-
son [32], Strikwerda [64], and Varga [68], among others. Currently the lecture
note is not fully grown up; other useful techniques would be soon incorporated.
Any questions, suggestions, comments will be deeply appreciated.
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CHAPTER 1

Mathematical Preliminaries

In the approximation of derivatives, we consider the Taylor series expan-
sion and the curve fitting as two of most popular tools. This chapter begins
with a brief review for these introductory techniques, followed by finite differ-
ence schemes, and an overview of partial differential equations (PDEs).

In the study of numerical methods for PDEs, implementation and computa-
tional experimentation are essential to understanding algorithmic behavior.
However, these tasks are often too time-consuming to complete within strict
deadlines. This bottleneck is particularly challenging for graduate students
enrolled in numerical PDE courses. You will receive a basic software tool,
modelcode, to practice numerical methods effectively.

Contents of Chapter 1

1.1. Taylor’s Theorem & Polynomial Fitting . . .. ... ... ... ... ............. 2
1.2. Finite Differences . . . . . . . . . . e 6
1.3. Overview of PDEs . . . . . . . . . e 12
1.4. Calculus of Variations: Variational Calculus . . ... ... ... . ... ... . ....... 17
1.5. Difference Equations . . . . . . . . . . . ... 20
1.6. Homework . . . . . . . e e e 23



2 CHAPTER 1. MATHEMATICAL PRELIMINARIES

1.1. Taylor’s Theorem & Polynomial Fitting

While the differential equations are defined on continuous variables, their nu-
merical solutions must be computed on a finite number of discrete points. The
derivatives should be approximated appropriately to simulate the physical
phenomena accurately and efficiently. Such approximations require various
mathematical and computational tools. In this section we present a brief re-
view for the Taylor’s series and the curve fitting.

' Theorem | 1.1. (Taylor’s Theorem). Assume that u € C"'[a,b] and let
¢ € la,b]. Then, for every = € (a,b), there is a point £ that lies between x
and c such that

u(z) = pu(z) + Epa(z), (1.1)

where p, is a polynomial of degree < n and FE,,, denotes the remainder
defined as

" u®(c 2w+
pn(x) = Z k;l( )(x — c)k’ Eoa(x) = —(f)(x _ C)n—H.
k=0 '

(n+1)!

The formula (1.1) can be rewritten for u(x + h) (about z) as follows:
For z, v+ h € (a,b),

" (k) (n+1)
u(x+h) = ZUk(x)hkwL—u " (é“)h”Jrl

| |
k"( ) (T'L'<+ >1)' W) e D
B u(x (@),  u(z),, u i
= ) R S
Curve Fitting|

Another useful tool in numerical analysis is the curve fitting. It is often the
case that the solution must be represented as a continuous function rather
than a collection of discrete values. For example, when the function is to be
evaluated at a point which is not a grid point, the function must be interpo-
lated near the point before the evaluation.

First, we introduce the existence theorem for interpolating polynomials.
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\Theorem\ 1.2. Let x(,z1,--- ,xy be a set of distinct points. Then, for
arbitrary real values vy, y1,--- ,yn, there is a unique polynomial py of
degree < N such that

py(zi) =vy;, i=0,1,--- N. (1.3)

® Let {a =29 <x; <--- <zy = b} be a partition of the interval [a, b].

* Then, the Lagrange form of interpolating polynomial is formulated
as a linear combination of the so-called cardinal functions:

N
r) =Y Lyi(x)u(x). (1.4)
i=0

¢ Here the cardinal functions are defined as

N
Lyi(x) = H (x — xj) € Py, (1.5)

T — X,
0 t J
Z

15
where Py is the set of polynomials of degree < IV, which satisfy
LN,l-(xj) :52']', Z,]:O,l, ,N.

,,,,,,,,,,,,,,,,,,,,,,,,,,

The Newton form of the interpolating polynomial that interpolates u at

{zg,x1,--- ,xy} is given as
N k-1
Z [ H T — T } (1.6)
k=0 j=0
where the coefficients a,, £ = 0,1,--- , N, can be computed as divided differ-
ences

ap = ulxg, 1, -, Tk (1.7)
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Definition}; 1.3. (Divided Differences) The divided differences for
the function u(x) are defined as

U[Ij]zu(ﬂfj),[ i
. . _ uxjH —U$j
u[xjaxj-i-l] 5Cj+1[_ z; ) ] [ ] (1.8)
UL, Xjyr2| — UL 5, Tig1
u[xj’xﬂ-l?xﬁ'z] = = 3;‘7+2 €T — )
Jt+2 g

and the recursive rule for higher-order divided differences is

UTj, Tjtr1, 5 T
_ U[$j+1,$j.|_2,' ©e 7$m] - U[xj,l'j+1, toe wfm—l] (1'9)
Ty — T ’
for j < m.
Table 1.1: Divided-difference table for u(z).
L u[x]] u[?] u[??] u[???] U[,,,,]
xo | ul[zo]
x1 | u[zq] | ulzg, 1]
To | ul[wa] | ulxy, o] | ulzo, 1, T3]
w3 | ulzs] | ulre, w3] | ulry, va, T3] | UlT0, T, T2, 3]
Ty | u[ry) | wlws, 4] | wlwe, T3, 4] | U[T1, T, T3, T4] | U[T0, T1, T2, T3, T4
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Example
I:\. [: Text VH:' ':\_Times IMew Roman '_J:' ':\llE,_—V.’:' B I u = = % = EE
{ Determine the Newton interpolating polynomial for the data: i
X clof1]2]3
X v|1]3|-5]13

Z Solution:

L with(Student] NumericalAnalysis]) :

Zx.]": = [ [05 1]: [ 1: 3]: [25_5]5 [35 13]] :

V| N := Polynomiallnterpolation(xy, independentvar =x, method

~  =newton) :
" Interpolant(N)
Al l1+2x—5x(x—1)+6x(x—1) (x—2) (1)
' DividedDifferenceTable(N)
1 0 00
3 2 00
(2)
-5 -8 -50
13 18 13 6
aN
i
EaN

Figure 1.1: A Maple program

=
|
|

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, ]

'Theorem| 1.4. (Interpolation Error Theorem). Let the interval be
partitioned into {a = 2y < 1 < --- < xy = b} and py interpolate u at
the nodal points of the partitioning. Assume that vV +Y(z) exists for each
x € [a,b]. Then, there is a point ¢ € [a, b] such that

u(z) = pn(z) + U(NH)(é') H(x —z;), YV é€la,b. (1.10)

(N +1)! 24

Further, assume that the points are uniformly spaced and

s N (2)] < M, for some M > 0. Then,
x€|a,

M (b_‘L)NH. (1.11)

x€[a,b)
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1.2. Finite Differences

Here are the bases for finite difference (FD) approximations. Taylor se-
ries methods are more common than curve-fitting methods. However,
curve-fitting methods easily yield higher-order FD schemes for non-uniformly
spaced grid points.
1.2.1. Uniformly spaced grids

* Let h = (b—a)/N, for some positive integer N, and

ri=a-+1th, 1=0,1,---,N.

* Define u; = u(x;),i=0,1,--- , N.

Then, it follows from (1.2) that
(a) U1 = ux(xl)h 1 ux:v2('xi)h2 4 um:c;'(xz) B3
+uxxxm'($z) h4 + umxxw;'c(xz)h5 4. 7
(b) w1 = w;—uy(x;)h+ ThQ —— h?
+Th — Th 4+ -
One-sided FD operators
Solve the above equations for u,(z;) to have
. i1 — Us u:vx(xz) uxxx(xz) 2
ualt) = == = et
—th oo
4 (1.13)
U (ZC) L U; — Uj—1 ua:x($7) . umxx(xz) h2
S h 21 3!

T
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By truncating the terms including h*, k = 1,2, - - -, we define the first-order
FD schemes
Ujt1 — U

ug(z;) ~ Diu;:= ' (forward)
w (1.14)
uy(x;) ~ Dju;:= %, (backward)

where D and D, are called the forward difference operator and back-
ward difference operator, respectively.

****************************

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

The central second-order FD scheme for v, ,: Subtract (1.12.b) from (1.12.a)
and divide the resulting equation by 2h.

Ujr1 — Uj—1 Ugrx (5131) 2 U:L:c:cxx(%) 4
_ ht — R — 1.15
2h 3! 5! (1.15)

uz(z;) =

Thus the central second-order FD scheme reads

Uj41 — Uj—1

57 (central) (1.16)

Note that the central difference operator D! is the average of the forward and

backward operators, i.e.,
Dl D} + Dy

The FD scheme for u,,(xz;): Add the two equations in (1.12) and divide the
resulting equation by hZ.

Uj—1 — 2uz + Ui+1 2u1x:cx (Q:z) h2 . 2uxxx:mx (xz) h4

Uyy (i) = 3 - 1 6l — . (117
Thus the central second-order FD scheme for u,, at x; reads
i—1 — 2u; + u;
Uy () ~ Dy = dit Uit u o (1.18)

h?
Note that
D?=D_ D! =D:D,. (1.19)
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1.2.2. General Grids

***************************************

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

For {a = 2y < 21 < --- < zxy = b}, a partition of the interval [a, b], let

hiZZUZ'—ZL'Z'_l, 221,2,,N

Recall: The Taylor series expansions for u;,; and u;_; (about z;) read

(A
(a) w1 = Ui+ux(33z')hz+1+ ( )h’z+1 %h;ll—l_'”v (1.20)
ua:x<x) 2 uxﬂ?l’(xl) 3 .
(b) w1 = w; —uy(zi)h; + T h; — 3l h; +

which correspond to (1.12).

Multlply (1.20.b) by r? (:= (hiz1/h:)?) and subtract the resulting equation from
(1.20.a) to have

U (:U) — Ui+1 - (1 - T?)U/l - rizu’i—l . h’L—I—l + T2h3 U (ZU) .
o hiy1 +12h; 6(hit1 + rih) e
hiuips + (hiyy — Bf)wi — hiuisa hihivi (2) —
hihiv1(hi + hig1) 6

Thus the second-order approximation for u,(z;) becomes

hiuie + (A — hi)wi — hiuig

(1.21)
hihit1(hi + hit1)

uy(x;) =

Note: It is relatively easy to find the second-order FD scheme for u, in
nonuniform grids, as just shown, using the Taylor series approach. How-
ever, for higher-order schemes, it requires a tedious work for the derivation.
The curve fitting approached can be applied for the approximation of both
u, and u,, more conveniently.
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Uj_1
Xi1 X Xit1

Figure 1.2: The curve fitting by the interpolating quadratic polynomial.

An alternative way of obtaining FD approximations is to

* fit the function to an interpolating polynomial &

¢ differentiate the resulting polynomial.

For example, the quadratic polynomial that interpolates w at {x; 1,x;, z;:1}
can be constructed as (see Figure 1.2)

pa(x) = ap + ar1(x — x;-1) + as(x — xi-1)(z — x;), (1.22)

where the coefficients a;, £ = 0, 1, 2, are determined by e.g. the divided differ-

ences:
= u o Ui — Uj—1
0 = Uj—1, 1= ——,
R

hi(wip1 — wi) — i (wg — ui—q)
hihiyi(hi + hit1)

s =

Thus
uy () = phlzi) = ar + azh;
h2uit + (A2, — hd)u; — b2, ui (1.23)
hihir1(hi + hiy1) 7

which is second-order and identical to (1.21).
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************************************

Higher-order FDs for u,(x;) !

| |
|
L e e e e e e e e e e e m = o -

* For higher-order approximations for u,(z;), the function must be fit to
higher-degree polynomials that interpolate u at a larger set of grid points
including z;.

* For a fourth-order approximation, for example, we should construct a
fourth-degree polynomial.

— Let p;,_2.4(z) be the fourth-order Newton polynomial that interpolates

wat {z;_9,Ti_1,%i, Tit1, Tiya}, 1.€.,

4 k—1
SEVEIS i (95 § (Cr | s
k=0 j=0
where
Clz'—2,l<; == U,[xi727 Li—1," 71]7;724,]{;], k‘ = O’ e ’4.

— Then it follows from the Interpolation Error Theorem (1.10) that

ua (i) = Pj_g4(i)

u®(¢)

5! (@i — zi2) (@i — im1) (T — @i1) (@i — Tisa).

+

— Therefore, under the assumption that u®(z) exists, pj_, ,(z;) approx-
imates u,(x;) with a fourth-order truncation error.
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************************

FDs for u,,(x;)

| |
| |
| |
L e e e e L Lo -

* The second-derivative u,, can be approximated by differentiating the in-
terpolating polynomial twice. For example, from p; in (1.22), we have

hi(uH—l - Uz) - hi+1(ui - Ui—l)
hihic1(hi + his1)

Rigawi—y — (hi 4 hig1)u; + hivig

shihiv1(hi + hitq) '

(1.25)

The above approximation has a first-order accuracy for general
grids. However, it turns out to be second-order accurate when h; = h;,1;
compare it with the one in (1.18).

* A higher-order FD scheme for u,, can be obtained from the twice differ-
entiation of p;_» 4 in (1.24):

Uaa (1) & Pi_ (i), (1.26)
which is a third-order approximation and becomes fourth-order for uni-
form grids.

® The thumb of rule is to utilize higher-order interpolating polynomials for
higher-order FD approximations.
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1.3. Overview of PDEs

***************************

,,,,,,,,,,,,,,,,,,,,,,,,,,,

* The one-dimensional (1D) differential equation
wy — 0Py, = f(x,t), € (0,L), (1.27)

is a standard 1D parabolic equation, which is often called the
heat/diffusion equation.

* The equation models many physical phenomena such as heat distri-
bution on a rod: u(x,t) represents the temperature at the posi-
tion x and time t, o’ is the thermal diffusivity of the material, and
f(z,t) denotes a source/sink along the rod.

* When the material property is nonuniform along the rod, the coef-
ficient « is a function of z. In this case, the thermal conductivity K
depends on the position x and the heat equation becomes

u — V- (K(z)ug): = flx,t). (1.28)

Note: To make the heat equation well-posed (existence, uniqueness, and
stability), we have to supply an initial condition and appropriate boundary
conditions on the both ends of the rod.

Heat equation in 2D/3D

In 2D or 3D, the heat equations can be formulated as

u — V- (KVu) = f, (x,t) € Qx][0,J]
u(x,0) = up(x), x€Q (IC) (1.29)
u(x,t) =g(x,t), (x,t)el'x][0,J] (BC)

where I' = 012, the boundary of 2.
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*****************************

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

The first-order hyperbolic differential equation is formulated as
uy + auy = f, (1.30)

which represents the convection (movement) of certain materials. Here «
denotes the velocity.

The second-order hyperbolic differential equation

1

ﬁutt — Ugy — f(.%’,t), VS (07 L) (131)

is often called the wave equation. The coefficient v is the wave velocity, while
f represents a source. The equation can be used to describe the vibration of a
flexible string, for which u denotes the displacement of the string.

In higher dimensions, the wave equation can be formulated similarly.

The second-order elliptic equations are obtained as the steady-state solutions
(as t — oo) of the parabolic and hyperbolic equations. For example,

V- (KVu)=f, x€Q

(1.32)
u(x) = g(x), xel

represents a steady-state heat distribution for the given heat source f and the
boundary condition g.

r .- - - T T TTT-==-= a
|

'Fluid Mechanics

,,,,,,,,,,,,,,,,,,,,,

The 2D Navier-Stokes (NS) equations for viscous incompressible fluid
flows:

Momentum equations

Ut + Py — %Au + (u?); + (wv), = g1
v+ py — AU+ (w), + (v¥), = go (1.33)

Continuity equation

Uy +v, =0




14 CHAPTER 1. MATHEMATICAL PRELIMINARIES

Here (u,v) denote the velocity fields in (x,y)-directions, respectively, p is the
pressure, R is the (dimensionless) Reynolds number, and (g1, g2) are body
forces. See e.g. [23] for computational methods for fluid dynamics.

In option pricing, the most popular model is the Black-Scholes (BS) differ-

ential equation
1, ,0% du
U + US@‘FTS%—TU_O (134)

Here

* S(t) is the stock price at time ¢
* u=u(S(t),t) denotes the price of an option on the stock
* o is the volatility of the stock

¢ ris the (risk-free) interest rate

Note that the BS model is a backward parabolic equation, which needs a final
condition at time 7. For European calls, for example, we have the condition

u(S,T) = max(S — X, 0),
while for a put option, the condition reads
u(S,T) = max(X — S,0),

where X is the exercise price at the expiration date 7.

¢ (Call option: the right to buy the stock
¢ Put option: the right to sell the stock



1.3. Overview of PDEs 15

**********************************************************

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

* As higher reliability and efficiency are required, PDE-based mathemati-
cal techniques have become important components of many research and
processing areas, including image processing.

e PDE-based methods have been applied for various image processing
tasks such as image denoising, interpolation, inpainting, segmentation,
and object detection.

r.--~- -~ -~--~---~-;ZSg7 -~ -~""-—-—“~"“~~"“~"“"“""-"-~""" “"“~“"“"“"“"=27~“"-=-=-- a

'Example: Image denoising

b e e e e e e e e e e e e -

¢ Noise model:

where f is the observed (noisy) image, u denotes the desired image, and
n is the noise.

¢ Optimization problem:
Minimize the total variation (TV) with the constraint

min/ |Vuldx subj. to||f — ul|* = o> (1.36)
v Jo

Using a Lagrange multiplier, the above minimization problem can be

rewritten as )
mm(/nmux+_/g—uﬂm) (1.37)
u Q0 2 Ja

from which employing variational calculus, we can derive the corre-
sponding Euler-Lagrange equation
Vu

_v.ﬁ€m>:Mf_w, (1.38)

which is called the total variation model in image denoising [58].
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* Many other image processing tasks (such as interpolation and inpaint-
ing) can be considered as “generalized denoising." For example, the main
issue in interpolation is to remove or significantly reduce artifacts of tra-
ditional interpolation methods, and the artifacts can be viewed as noise
[8, 34].

* Variants of the TV model can be applied for various image processing
tasks.

*********************************************

Numerical methods for PDEs

| |
| |
U -

* Finite difference method: Simple, easiest technique. It becomes quite
complex for irregular domains

* Finite element method: Most popular, due to most flexible over com-
plex domains

* Finite volume method: Very popular in computational fluid dynamics
(CFD).

— Surface integral over control volumes
— Locally conservative

* Spectral method: Powerful if the domain is simple and the solution is
smooth.

* Boundary element method: Useful for PDEs which can be formulated
as integral equations; it solves the problem on the boundary to find the
solution over the whole domain.

— The algebraic system is often full

— Not many problems can be written as integral equations, for exam-
ple, nonlinear equations.

* Meshless/mesh-free method: Developed to overcome drawbacks of
meshing and re-meshing, for example, in crack propagation problems
and large deformation simulations.
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1.4. Calculus of Variations: Variational Calculus

* Consider the following minimization problem
min/ VuPdx  subj.to |f —ul = o, (1.39)
v Ja

where f is the given image, u denotes a desired image to be restored,
and o > 0 is a (small) constant.

* Introducing a Lagrange multiplier )\, the above problem can be
equivalently written as

A
min{/ \Vu]pdx—i—g"f—UHQ} : (1.40)
u Q
* Employing calculus of variations, we can rewrite it as

20u + A(f — u), p=2,
Uy = Vu (1.41)

A=)+ N[ — = 1.

V() TAU =W

In this section, we will study the mathematical backgrounds for such
derivation.

***************

,,,,,,,,,,,,,,,

For simplicity, we will derive it for problems in one variable. Consider

J:/ g(z,u,u)dx. (1.42)

I

Here the question is: What is the function u that satisfies
u(z1) = u; and u(xe) = uy

and renders the integral (1.42) a minimum?
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A (x2,u2)

(x1,u1)

K}

Figure 1.3: The minimizer v and its variation U as a comparison function.

The answer can be found as follows:

1. Let u be the minimizing function of (1.42).

2. Consider the one-parameter family of comparison functions:
U(z) = u(x) + en(x), (1.43)
where 7 is an arbitrary differentiable function such that

n(x1) = n(xs) = 0.

See Figure 1.3.

3. Note
Ulx) =u(x) +en'(x).

4. Consider .
J(s):/ g(z, U, U")dx.

I

Then, since U = « when ¢ = 0, we have

J'(0) = 0. (1.44)
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‘Imphcatlon of J'(0) = 0

¢ Differentiating J with respect to ¢ reads

dJ (™09 OU  0g oU'
de =Jle) = ‘/371 <8U Oe +8U’ Oe )dm

- / (g(g] aaU' )dx

J’(O):/ (g—i gj ’)dx:O. (1.45)

¢ Thus,

* Now, apply integration by parts to get

v . [9g  Jg | Jg
J0) = x 8un+8u’nx L dx(@u)ndx
! ! ! (1.46)
= / 99 _ 4 ( (9g> dr = 0.
s LOu  dx \ou g
Since the above holds for all n, we must have

dg d rdg\

= - %<@) — 0, (1.47)

which is called the Euler-Lagrange equation.

¢ Utilizing the same arguments, one can get the Euler-Lagrange equation
for minimization problems in n independent variables:

n

0 d 0
(% B 12_1: dx; 8umi>g =0, (1.48)

where u,, = 0u/0z;.

Note: Certain optimization problems can be cast as PDEs, which facili-
tates the design of efficient computational algorithms.

See Homework 1.2, p. 23, for the PDE representation of total variation.
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1.5. Difference Equations

This section covers solution methods and stability analysis for difference
equations as an introductory exercise.

tion
2Ypso — OYpa1 + 2y, =0
Yn+2 Yn+1 Y (1.49)
Yo = 27 N = 1
Solution. Let
Yp = . (1.50)
and plug it into the first equation of (1.49) to have
20" — 50T 4 20" = 0,
which implies
2a° — 5a+2 = 0. (1.51)

The last equation is called the characteristic equation of the difference
equation (1.49), of which the two roots are

1
a=2, —.
2
Thus, the general solution of the difference equation reads
IRL
Yp = 12" 4 9 <§> , (1.52)

where ¢; and ¢, are constants. One can determine the constants using the
initial conditions in (1.49).

c
Yo =1+ 2 = 2, y1=201+§2:1

which implies
C1 = 0, Cy = 2. (153)

What we have found is that

po=2(5) =2 (1.54)
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2Wy10 — dWpe1 + 2w, =0
2 o (1.55)
wo =2, w; = 1.01

Solution. The difference equation has the general solution of the form as in
(1.52): |
w, = c12" + ¢9 (5) . (1.56)

Using the new initial conditions, we have
C2
w0261+02:2, UJ1:201—|—5:1.01,

Thus, the solution becomes

1 299 /1\n
= on —(—) . 1.57
Wn =150 T 150 \3 (1.57)
'‘Comparison!
Yo = 2 Wy = 2
yp = 1 w; = 1.01

v = 9.7656 x 1074 |wyy = 6.8286
Yoo = 9.5367 x 107" |wyy = 6.9905 x 10?

Thus, the difference equation in (1.49) or (1.55) is unstable.
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**************************

,,,,,,,,,,,,,,,,,,,,,,,,,,

Physical Definition: A (FD) scheme is stable if a small change in the initial
conditions produces a small change in the state of the system.

* Most aspects in nature are stable.

* Some phenomena in nature can be represented by differential equations
(ODEs and PDEs), while they may be solved through difference equa-
tions.

¢ Although ODEs and PDEs are stable, their approximations (finite differ-
ence equations) may not be stable. In this case, the approximation is a
failure.

Definition} 1.8. A differential equation is

* stable if for every set of initial data, the solution remains bounded as
t — 00.

* strongly stable if the solution approaches zero as t — ~c.

'Theorem | 1.9. A finite difference equation is stable if and only if

(a) |a| < 1 for all roots of the characteristic equation, and
(b) if |a| = 1 for some root, then the root is simple.

'Theorem | 1.10. A finite difference equation is strongly stable if and only
if |o| < 1 for all roots of the characteristic equation.
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1.6. Homework

1. For an interval [a, 0], let the grid be uniform:

b—a
R

Second-order schemes for v, and u,,, on the uniform grid given as in

(1.58), respectively read

r,=th+a 1=0,1,---,N, h= (1.58)

Uj+1 — Uj—1

ug () & Dyu; = T

(1.59)

Ui—1 — 2U; + Uity
h? '
(a) Use Divided Differences to construct the second-order Newton poly-
nomial p,(z) which passes (x;_1,u;1), (z;,u;), and (41, wir1).

(b) Evaluate p,(x;) and p5(x;) to compare with the FD schemes in (1.59).
P 2

2. For the minimization problem (1.40) in 2D, the functional J is expressed
as(p=1)

J = /Q\Vu]dx—kgﬂf—uw = L(w/ug—l—ug—l—%(f—uf)clx. (1.60)

Employ variational calculus to show that its minimizer u satisfies the
following PDE:

Vu
v <W> S —u) =0 (1.61)

3. Find the general solution of each of the following difference equations:
(a) Yn+1 — Syn
() yny1 = 3yn +2

(C) Yn+2 — 8yn+1 + 12yn =0
(d) Yn+2 — 6yn+1 =+ 9yn =1

4. Determine, for each of the following difference equations, whether it is
stable or unstable.

(a) yn+2 — SYpy1 + 6y, =0
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(b) 8Yn+2 + 2Yn+1 — 3Yn =0
(¢) 3Yyni2+y, =0
(d) 4yp4 + 5Ypio +yp =0

CHAPTER 1. MATHEMATICAL PRELIMINARIES



CHAPTER 2

Numerical Solution of Ordinary
Differential Equations

The first-order initial value problem (IVP) is formulated as follows: find {y;(z) :
i=1,2,---, M} satisfying

dy; _r
dr - f@meun) gy (2.1)
yi(o) = i,

for a prescribed initial values {y;,:i=1,2,--- , M}.

We assume that (2.1) admits a unique solution in a neighborhood of x.

For simplicity, we consider the case M = 1:

dy B
y(zo) = Yo

It is known that if f and 0f/0y are continuous in a strip (a,b) x R containing
(x0,%0), then (2.2) has a unique solution in an interval /, where zy € I C (a,b).
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2.1. Elementary Theory of Initial-Value Problems

Definition} 2.1. The first-order initial value problem (IVP) is formu-
lated as follows: find {y;(z) : i =1,2,--- , M} satisfying

dy; _f
az - f@ueunw) g0y (2.3)
yi(To) = Yo,

for a prescribed initial values {y;y: i =1,2,--- , M}.

* We assume that (2.3) admits a unique solution in a neighborhood of .

* For simplicity, we consider the case M = 1:

dy B
% - f(ﬂf,y>, (24)
y(zo) = %o

'Theorem | 2.2. (Existence and Uniqueness of the Solution): Suppose
that R = {(z,y) | a < x < b, —00 < y < oo}, f is continuous on R, and
xo € [a,b]. If f satisfies a Lipschitz condition on R in the variable y, i.e.,
there is a constant L > 0 such that

|f(£lf,y1)—f($,y2)\ < Llyl_y2|7 vylay% (25)

then the IVP (2.4) has a unique solution y(z) in an interval I, where x, €
I C (a,b).

| Theorem | 2.3. Suppose that f(z,y) is defined on R c R2. If a constant
L > 0 exists with
’81” (z,y)

dy
then f satisfies a Lipschitz condition on R in the variable y with the same
Lipschitz constant L.

’ <L, V(z,9)€R, (2.6)
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solution and find the solution.

@y =" 0<x<1, y(0)=1
)y =(1+2%y, 3<x<5 yB3)=1

Solution. (Existence and uniqueness):

(Find the solution): Here, we will find the solution for (b), using Maple.

Maple-code
1 | DE := diff(y(x), x) = yx)*(x"2 + 1);
2 d / 2 \
3 — yx) =y \x + 1/
4 dx
5 IC := y(3) =1;
6 y(@3) =1
7 | dsolve({DE, IC}, y(x));
8 /1 /2 \\
9 expl- x \x + 3/I
10 \3 /
1 y(x) = —————————————————
12 exp(12)

F—————————
|
|

Loocooomnooo o d

step-by-step methods for (2.4); that is, we start from y, = y(z¢) and pro-
ceed stepwise.

* In the first step, we compute y; which approximate the solution y of
(2.4) at x = x1 = x9 + h, where h is the step size.

* The second step computes an approximate value v, of the solution at
x = x9 = x9 + 2h, etc..

Note: We first introduce the Taylor-series methods for (2.4), followed by
Runge-Kutta methods and multi-step methods. All of these methods are
applicable straightforwardly to (2.3).
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2.2. Taylor-Series Methods

Freliminaryh 2.6. Here we rewrite the initial value problem (IVP):

y(fl?o) = Yo-

For the problem, a continuous approximation to the solution y(x) will not be
obtained; instead, approximations to y will be generated at various points,
called mesh points in the interval [z, T, for some T > z,. Let

* h= (T —xy)/Ny, for an integer NV, > 1
* v, =x90+nh,n=0,1,2,--- , N
* 4y, be the approximate solution of y at z,, i.e., y, = y(z,).

2.2.1. The Euler Method

Step 1

¢ It is to find an approximation of y(z;), marching through the first subin-
terval [y, x;] and using a Taylor-series involving only up to the first-
derivative of .

¢ Consider the Taylor series

2

y(x1) = y(wo +h) = y(xo) + hy'(z0) + 7:9”(:150) + - (2.8)

e Utilizing y(xo) = yo and y'(z9) = f(x0,y0), the value y(z1) can be approxi-
mated by
y1 =10+ h f(zo,v0), (2.9)

where the second- and higher-order terms of / are ignored.
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Such an idea can be applied recursively for the computation of solution on
later subintervals. Indeed, since

y(w2) = y(21) + hy'(21) + ;y”(ﬂﬁ) +ee,

by replacing y(x1) and y'(x1) with y; and f(z1, 1), respectively, we obtain

Y2 :yl—i_hf(xlayl); (2-10)

which approximates the solution at x5 = xq + 2h.

Algorithm | 2.7. Summarizing the above, the Euler method solving the
first-order IVP (2.7) is formulated as

Yn+1 = Un + hf(l’n, yn)u n Z 0. (211)

A

slope f(x0,y0)

~ slope f(x1,y1)

x0 x1 X2 X =

Figure 2.1: The Euler method.

Geometrically it is an approximation of the curve {z,y(x)} by a polygon of
which the first segment is tangent to the curve at x,, as shown in the
above figure.

* For example, y; is determined by moving the point (z¢, y9) by the length of A
with the slope f(z¢, 1), the evaluation of f ad the left edge point.
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**********************************************************

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

,,,,,,,,,,,,

1), the solution for the IVP (2.7) can be implicitly formulated as

y(@) = o+ / Cf(t, () dt. (2.12)

Check:

f(z) = f(z, y(z)) and y(zo) = o + / )=

e When z = 21, Equation (2.12) reads

y(x1) = yo + /xl f(t,y(t)) dt. (2.13)

Let us approximate the integral using the left edge value:

/xl Ft,y(t)) dt = /m Flzo, ylxo)) dt = (1 — 20) f (20, yo). (2.14)

Now, it follows from (2.12) and (2.14) that

y(r1) ~ yo+ hf(xo,0) (=:y1), (2.15)

which represents the Euler method. [
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'Theorem |2.9. Let f satisfy the Lipschitz condition in its second variable,
i.e., there is A\ > 0 such that

[, ) = f(z,y2)] < Ay — 2], Yy, 9. (2.16)

Then, the Euler method is convergent; more precisely,

C
Yn — y(xn)| < Xh[(l + AR)"—1], n=0,1,2,--- N, (2.17)

See Exercise 2.2.2.

Note: The term (1 + \h)" is bounded by a constant:

(L4+AR)" < (1+ MM < T2 5 =0,1,2,--- | N, (2.18)

Proof. The true solution y satisfies

Y(@ni1) = y(@n) + hf (@, y(zn)) + O(h?). (2.19)
Thus it follows from (2.11) and (2.19) that

€n+1 = €p -+ h[f(xm yn) - f(xna y<xn))] + O(hQ)
= en + h[f (@, y(2,) + €)= f(zn, y(wa))] + O(h),

where ¢, = y, — y(z,). Utilizing (2.16), we have

lens1| < (14 AR)le,| + Ch?. (2.20)

Here we will prove (2.17) by using (2.20) and induction. It holds trivially when
n = 0. Suppose it holds for n. Then,

’en+1| S

<

(1+ Ah)le,| + Ch?
(14 Ah) - %h[(l + AR)" — 1] + Ch?

%h[(l + AR)™ T — (14 Ah)] + Ch?
%h[(l + AR — 1],

which completes the proof. [
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’ y—2*+z+1, 0<z<3,
y(0) = 0.5.

<
I

(2.21)

1 1
As the step lengths become smaller, h = 1 — - — —, the numerical solutions

represent the exact solution better, as shown in the following figures:

LT O W Y N B 0 T [

[l A W Y N ) B T
[T L TP Y [ Y [

T v T

o 1 2 2 9 1 2 3 0 1 2 3

— Exact Solution — Ezact Solution — Exact Solution
Euler Euler Euler

Figure 2.2: The Euler method, with h =1 — i — %

1
Y =y—a+x+1, 0<z<3, y0) =05, Withh:E.
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Solution.
Euler.mw
i | Euler := proc(f, x0, b, nx, yo0, Y)
2 local h, t, w, n:
3 h := (b - x0)/nx:
" t = x0; w := y0:
5 Y[0] := w:
6 for n to nx do
7 w :=w + hxeval(f, [x =t, y = wl]);
8 Y[n] := w;
9 t :=t + h;
10 end do:
u | end proc:

12
3 | # Now, solve it using "Euler"
uw |[f = -x"3+x+y+ 1

0: b :=3: y0 := 0.5:

5 | X0
16
7 | nx := 48:

s | YEuler := Array(0..nx):

v | Euler(f, x0, b, nx, yO, YEuler):
20
21 | # Check the maximum error

2 |DE := diff(y(x), x) = y(x) - x"3 + x + 1:

» | dsolve([DE, y(x0) = y0], y(x))

24 2 3 7

2 y(x) =4 +5x+3x +x - - expx)
26 2

x | exacty := x -> 4 + Bxx + 3%x72 + x73 - 7/2*%exp(x):
»s | maxerr := 0:

» |h := (b - x0)/nx:

s | for n from O to nx do

51 maxerr := max(maxerr,abs(exacty(nxh)-YEuler[n]));
22 | end do:

5 | evalf (maxerr)
34 0.39169859
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2.2.2. Higher-order Taylor Methods

?reliminaryﬁ 2.12. Higher-order Taylor methods are based on Taylor
series expansion.

¢ If we expand the solution y(z), in terms of its mth-order Taylor polyno-
mial about z,, and evaluated at x,, .1, we obtain

h2 hm
Y(anin) = y(wa) +hy'(en) + 500" (@n) + -+ ™ ()
: m.
o (2.22)
o (mt

* Successive differentiation of the solution, y(z), gives

y(z) = fz,y(@)), v'(z) = f(2,y(@), -

and generally,
yP () = f5 V(). (2.23)

* Thus, we have

m

y(er—l) - y(xn) + hf(l’n, y(xn)) + %f/(xna y(xn)) +oe Tt mf(m_l)(xm y(xn))

m—+1
M e, y(6n)

NS

(2.24)

Algorithm |2.13. The Taylor method of order m corresponding to (2.24)
is obtained by deleting the remainder term involving &,:

Yn+1 = Yn + hTm(xm yn)a (225)

where

h hm—l
Tm(xm yn) = f(xna yn) + Ef/(xna yn) S 000 o o f(m_l)(xn, yn) (2.26)
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*m=1= Yn+1 = yn"'hf(xmyn)
which is the Euler method.

h
*°m=2= Yn+1l = Yn + h[f(xna yn) + Ef,(xm yn)

* As m increases, the method achieves higher-order accuracy; however,
it requires to compute derivatives of f(x, y(x)).

y =y—a2"+x+1, y(0)=0.5. (2.27)

(a) Find T5(z,y).
(b) Perform two iterations to find y», with h = 1/2.

Solution. Part (a): Since v = f(z,y) =y — 2> + = + 1,

flla,y) = ¢ =32 +1
= (y—2*+x+1)—322+1
= y—a° -3+ +2

and
f"(z,y) = ¢ =32 —62+1
= (y—a2+2+1)—322 —62+1
= y—2®—32® -5z +2
Thus

h‘ / h2 /!
T3(z,y) = f(fc,y)+§f (fc,y)+gf (z,y)

i / i
= y—x‘3+x+1+é(y—:r;3—33;2—|—;1;'+2) (2.28)

h? i
+%(U — 2% — 327 — 51 + 2)

For m large, the computation of 7}, is time-consuming and cumbersome.
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Part (b):

10
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22

23

24

25

Euler T3.mw
T3 :=y - x"3 +x+ 1+ 1/2%h*(-x"3 - 3*x"2 + x + y + 2)
+ 1/6%¥h™2%x(-x73 - 3*%x72 - bxx + y + 2):
h :=1/2:
x0 := 0: yO := 1/2:
yl := yO + h*eval(T3, [x = x0, y = y0])
155
96
x0 + h, y = y1])
16217

y2 := yl1 + h*xeval(T3, [x

evalf (%)
3.519314236

exacty := x -> 4 + b*x + 3%x72 + x73 - 7/2%exp(x):
exacty (1)
7
13 - - exp(1)
2
evalf (%)
3.486013602
#The absolute error:
evalf (abs(exacty(1) - y2))
0.033300634
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2.3. Runge-Kutta Methods

Note: What we are going to do is to solve the initial value problem (IVP):
y(ro) = o

* The Taylor-series methods of the preceding section have the drawback
of requiring the computation of derivatives of f(x,y).

— It is a tedious and time-consuming procedure for most cases,
— which makes the Taylor methods seldom used in practice.

Definition} 2.16. Runge-Kutta methods

* have high-order local truncation error of the Taylor methods,

* but eliminate the need to compute the derivatives of f(x,y).

That is, the Runge-Kutta methods are formulated, incorporating a
weighted average of the slope, as follows:

Yn+tl = Yn + h (lel +wo ko + -+ + mem) ) (2.30)
where

(a) w; > 0and w; +wy + - +wy, =1
(b) K; are recursive evaluations of the slope f(z, )

(c) Need to determine w; and other parameters to satisfy
w1 Ky + woKs + -+ + w Ky = T (0, yn) + O(R™) (2.31)

That is, Runge-Kutta methods evaluate an average slope of f(x,y) on
the interval [z,,, z,.1] in the same order of accuracy as the mth-order
Taylor method.
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2.3.1. Second-order Runge-Kutta method

Formulation:
Yn+1 = Yn + h (01 K1 + wa Ks) (2.32)

where

Kl = f(xnayn)
Ky = f(x,+ ah,y, + BhK)

Requirement: Determine w;, ws, o, S such that

w1 K1 + wo Ky = Ty, yn) + O(h*) = f(n,yn) + gf'(:cn,yn) +O(h?). (2.33)

Derivation: For the left-hand side of (2.32), the Taylor series reads

Y+ 1) = yl@) + o/ (&) + oy (@) + O,

Sincey' = fand y' = f, + fyy/ = [z + fyfa
2
Yo+ h) = y(x) + R+ o (fo uf) + OR). (2.34)

On the other hand, the right-side of (2.32) can be reformulated as

y + h(wi Ky + wa Ks)
=y +wih f(z,y) + wah f(x + ah,y + Bh Ky)
=y +wih f+wah (f +ah fo + Bh f,f) + O(h?),

which reads
Y+ h(w Ky +weKs) = y+ (w1 +wo)h f + h*(weaf, +weBf,f) + O(h?). (2.35)

The comparison of (2.34) and (2.35) drives the following result, for the second-
order Runge-Kutta methods.

Results:

1 1
wy + wy =1, wgoz:§, w25:§. (2.36)
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Common Choices:
Algorithm | 2.17.

1
I-’w1:’w2=5, a=08=1:

Then, the algorithm (2.32) becomes

h
Yntl = Yn + E(Kl + KQ), (237)
where
K, = f(xn,yn)

Ky = f(z,+hy,+hKp)

This algorithm is the Second-order Runge-Kutta (RK2) method,

which is also known as the Heun’s method.
1

II. ’UJ1:O, ’UJzZ]_, a:,B:E
For the choices, the algorithm (2.32) reads

h h
Yntl = Yn + hf(xn + §a Yn + Ef(xm yn)) (2.38)

which is also known as the Modified Euler method.

It follows from (2.34) and (2.35) that the local truncation error for the above
Runge-Kutta methods are O(h?). Thus the global error becomes

O(h?). (2.39)
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2.3.2. Fourth-order Runge-Kutta method

Formulation:
Yns1 = Yn + h (w1 K7 + wo Ko + w3 K3 + wyKy) (2.40)

Where Ki = f(zn,yn)

Ky = f(z, +aih,y, + Bih K;)

Kz = f(x,+ ash,y, + Boh K1 + B3h K»)

Ky = f(o,+ azh,y, + Buh K1 + B5h Ko + Bsh K3)

Requirement: Determine w;, «;, §; such that

w1 Ky + woky + w3 K3 + wy Ky = Ty, yn) + O(hY)

The most common choice:

Algorithm| 2.18. Fourth-order Runge-Kutta method (RK4): The
most commonly used set of parameter values yields

h
Ynt1 = Yn + G (K1 + 2Ky 4+ 2K3+ Ky) (2.41)
where
Kl — f(xmyn)
1 1

1 1
K = f(zn+ §h, Yn + §hK2)

Ky = f(zn+ hyn + hK;)

The local truncation error for the above RK4 can be derived as

h5
Sy (6, (2.42)
for some &, € [z, z,11]. Thus the global error reads, for some ¢ € [z, T,
T — z)h?
(= 2 6 ey, (2.43)

5!
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[Examplejl 2.19. Use RK4 to solve the initial-value problem
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y =y—2°+z+1, y(0)=0.5.
RK4 .mw

41

(2.44)

f := proc(x,w)
w-x"3+x+1
end proc:
RK4 := proc(x0,xt,nt,y0,y)
local h,x,w,n,K1,K2,K3,K4;
h:=(xt-x0)/nt:
x:=x0: w:=yO0:
y [0] :=w;
for n from 1 by 1 to nt do
Kl:=f(x,w);
K2:=f (x+h/2,w+(h/2)*K1) ;
K3:=f (x+h/2,w+(h/2) *K2) ;
X :=x+h;
K4 :=f (x,w+h*K3) ;
w:=w+(h/6.)* (K1+2*¥K2+2%K3+K4) ;
y[n] :=w;
end do
end proc:

x0 := 0: xt := 3: nt := 48: y0 := 0.5:
yRK4 := Array(0..nt);
RK4 (x0,xt,nt,y0,yRK4) :

exacty := x -> 4 + b¥x + 3*%x72 + x73 - 7/2%exp(x):
h := (xt - x0)/nt:
maxerr := O:
for n from O by 1 to nt do

maxerr :=max (maxerr,abs(exacty(n*h)-yRK4[n]));
end do:
evalf [16] (maxerr)

0.00000184873274
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Convergence Test for RK4, with (2.44):

h Max-error | Error-ratio

1/4 | 4.61-1071

1/8 |2.93-107° ;lgé—igi = 15.73378840
1/16| 1.85-107° % = 15.83783784
1/32] 1.01-107°7 13?—18:? = 18.31683168

Thus, the global truncation error of RK4 is in O(h4).

2.3.3. Adaptive methods

step size.

size.

* Accuracy of numerical methods can be improved by decreasing the

* Decreasing the step size ~ Increasing the computational cost

* There may be subintervals where a relatively large step size suffices and
other subintervals where a small step is necessary to keep the truncation
error within a desired limit.

* An adaptive method is a numerical method which uses a variable step

¢ Example: Runge-Kutta-Fehlberg method (RKF45), which uses RK5
to estimate local truncation error of RK4.
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2.4. One-Step Methods: Accuracy Comparison

For an accuracy comparison among the one-step methods presented in the
previous sections, consider the motion of the spring-mass system:

y”(t) + Ey = — cos(ut), (2.45)

where m is the mass attached at the end of a spring of the spring constant
K, the term Fjcos(ut) is a periodic driving force of frequency p, and ¢ is the
initial displacement from the equilibrium position.

¢ It is not difficult to find the analytic solution of (2.45):

E

7’)’L(Q}2—O—lu2) COS(/Lt), (246)

y(t) = Acos(wt) +

where w = \/k/m is the angular frequency and the coefficient A is deter-
mined corresponding to .

* Let y; = y and y» = —y;/w. Then, we can reformulate (2.45) as

Y) = —wys, 0(0) = co, ( )
Fy 2.47

L — g — — cos(uit), a(0) = 0.

Yo = WYL — cos(pt), 12(0)

We will deal with details of High-Order Equations & Systems of Differ-
ential Equations in § 2.6 on page 50.

* The motion is periodic only if ;1/w is a rational number. We choose
m=1, Fp=40, A=1, w=4mr, p=2m. (= ¢y~ 1.33774) (2.48)

Thus the fundamental period of the motion
_ 2mq  2mp
= = .-
See Figure 2.3 for the trajectory of the mass satisfying (2.47)-(2.48).

T 1.
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Figure 2.3: The trajectory of the mass satisfying (2.47)-(2.48).
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Forced Oscillation
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Accuracy comparison

Table 2.1: The (?-error at t = 1 for various time step sizes.

1/h

Euler

RK2

RK4

100
200
400
800

1.19

4.83E-1 (1.3)
2.18E-1(1.1)
1.04E-1 (1.1)

3.31E-2

8.27E-3 (2.0)
2.07E-3 (2.0)
5.17E-4 (2.0)

2.61E-5

1.63E-6 (4.0)
1.02E-7 (4.0)
6.38E-9 (4.0)

e Table 2.1 presents the (?-error at ¢ = 1 for various time step sizes h,

defined as

v~y = ([oh ) + [, — (]) "

(2.49)

where yé‘\,t denotes the computed solution at the N;-th time step with h =

1/N..

* The numbers in parenthesis indicate the order of convergence «, de-

fined as

o =

In(E(2h)/E(h))

In2

Y

(2.50)

where £(h) and E(2h) denote the errors obtained with the grid spacing to
be h and 2h, respectively.
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* As one can see from the table, the one-step methods exhibit the expected
accuracy.

* RK4 shows a much better accuracy than the lower-order methods, which
explains its popularity.

Definition} 2.21. (Order of Convergence):

* Let’s assume that the algorithm under consideration produces error in
O(h®). Then, we may write

E(h) = C R, (2.51)

where h is the grid size.

* When the grid size is ph, the error will become

E(ph) = C (ph)“. (2.52)

e It follows from (2.51) and (2.52) that

E(ph)  C(ph)*
Eh) ~ Oho = p~. (2.53)

Note that the values on the left side are determined by your experi-
mental results.

* By taking a logarithm, one can solve the above equation for the order

of convergence o:

 In(Bph)/ M) o5
Inp ' '

When p = 2, the above becomes (2.50).
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2.5. Multi-step Methods

The problem: The first-order initial value problem (IVP)

{ y = f(z,y), (IVP) (2.55)
y(ro) = Yo

Numerical Methods:

* Single-step/Starting methods: Euler’'s method, Modified Euler’s,
Runge-Kutta methods

* Multi-step/Continuing methods: Adams-Bashforth-Moulton

Definition}, 2.22. An m-step method, m > 2, for solving the IVP, is a
difference equation for finding the approximation v, ;1 at x = z,,.1, given by

Yn+l = AYp + A2Yp—1+ -+ QnYnt+i-m

"J'_h[bOf(xn—i—la yn+1) + blf(xm yn> S 090 S5 bmf(xn+1—m7 yn—i—l—m)]-
(2.56)

The m-step method is said to be

implicit or closed, if by # 0

{ explicit or open, ifby =0
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Algorithm | 2.23. (Fourth-order multi-step methods):
* Adams-Bashforth method (explicit)

h
Ynt1l = Yn + ﬂ(55yqlz — 59y, + 37y, _o — 9y, _3)

e Adams-Moulton method (implicit)

h
Yntl = Yn + ﬂ(9y;~b+1 + 19y, — 5y, + Yy_s)

* Adams-Bashforth-Moulton method (predictor-corrector)

h
Yni1 = Yn T ﬂ(55i%/1 — 59y, + 37y, _o — 9y, _3)

h «
Ynil = Yn + ﬂ(%’nﬂ + 19y, — 5Yn_1 + Yn_2)

where ¢/, 1 = f(Tn+1, Y5 11)

(2.57)

(2.58)

(2.59)

* 41, Yo, y3 can be computed by RK4.

the step.
step methods are rarely applied in practice.

often [11].

® Multi-step methods may save evaluations of f(x,y) such that in each
step, they require only one or two new evaluations of f(x,y) to fulfill

* RK methods are accurate enough and easy to implement, so that multi-

* ABM shows a strong stability for special cases, occasionally but not
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ABM.mw

## Maple code: Adams-Bashforth-Moulton (ABM) Method
## Model Problem: y'= y- x°3 + x + 1, y(0) = 0.5, 0 <= x <= 3

f := proc(x,w)
w-x_3+x+1
end proc:
RK4 := proc(x0,xt,nt,y0,y)
local h,x,w,n,K1,K2,K3,K4;
h:=(xt-x0)/nt:
x:=x0: w:=y0:
y [0] :=w;
for n from 1 by 1 to nt do
Kl:=f(x,w);
K2:=f (x+h/2,w+(h/2)*K1) ;
K3:=f (x+h/2,w+(h/2) *K2) ;
X :=x+h;
K4 :=f (x,w+h*K3) ;
w:=w+(h/6.)* (K1+2xK2+2*K3+K4) ;
y[n] :=w;
end do
end proc:

ABM:= proc(x0,xt,nt,y0,y)
local h,x,w,n,ystar;
h:=(xt-x0)/nt:
### Initialization with RK4
RK4 (x0,x0+3*h,3,y0,y) ;
w:=y[3];
### Now, ABM steps
for n from 4 by 1 to nt do
x :=x0+nx*h;
ystar:=w +(h/24)*(55%f (x-h,y[n-1]1)-59*f (x-2*h,y[n-2])
+37*f (x-3%h,y[n-3])-9%f (x-4*h,y[n-4])) ;
w:=w +(h/24)*(9%f (x,ystar)+19*f (x-h,y[n-1])
—-5%f (x-2%h,y[n-2])+f (x-3*h,y[n-3])) ;
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37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

y[n] :=w;
end do;
end proc:

x0 := 0: xt := 3: nt :=48: y0O := 0.5:
yABM := Array(0..nt);
ABM(x0,xt,nt,y0,yABM) :

exacty := x -> 4 + b¥x + 3*%x72 + x73 - 7/2%exp(x):
h := (xt - x0)/nt:
maxerr := O:
for n from O by 1 to nt do

maxerr :=max (maxerr,abs(exacty(n*h)-yABM[n]));
end do:
evalf [16] (maxerr)

0.00005294884316

Note: The maximum error for RK4 = 1.85- 1076,
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2.6. High-Order Equations & Systems of Differ-
ential Equations

The problem: 2nd-order initial value problem (IVP)

{wfm%yx x € |29, T

2.60
y(o) = vo, (o) = o, (2.60)

An equivalent problem: Let « = /. Then,

u/ = y” = f(xayuy,) - f(x,y,u)

Thus, the above 2nd-order IVP can be equivalently written as the following
system of first-order DEs:

{ y, = u, y(.%'()) = Yo,

u = f(a:,y,u), U(SC()) = Uy, re [xO’T]' (2.61)

The right-side of the DEs involves no derivatives. [

,,,,,,,,,,,,

methods (we have studied), after modifying it for vector functions.

e [et

_|Y _ U 1%
Y‘H’”“”JWMJ’%fMl
¢ Then (2.61) reads

Y'=F(z,Y), Y(x) =Y. (2.62)




2.6. High-Order Equations & Systems of Differential Equations 51

'Example | 2.26. Write the following DEs as a system of first-order differential
equations.

y' +ay +y =0, a’ — o' +2y" = ¢,
@ { y(0) =1, y(0)=2 LU TG T 23

Hint: For (b), you should first rewrite the first equation as " = F(t,z,2') and introduce ' = v and

Yy = .

Solution.
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RK4SYS . mw
## Ex) IVP of 2 equations:
# x' = 2x+Hdy, x(0)=-1
# y' = —x+6y, y(0)=6, 0 <=1t <=1

ef := proc(t,w,f)
f(1):=2xw(1)+4*xw(2);
f(2):=—w(1)+6xw(2);
end proc:

RK4SYS := proc(t0,tt,nt,m,x0,x)

local h,t,w,n,j,K1,K2,K3,K4;

#### initial setting

w:=Vector(m) :

K1:=Vector(m) :

K2:=Vector(m) :

K3:=Vector(m) :

K4:=Vector(m) :

h:=(tt-t0)/nt:

t:=t0;

w:=x0;

for j from 1 by 1 to m do

x[0,3]:=x0(j);

end do;

#### RK4 marching

for n from 1 by 1 to nt do
ef (t,w,K1);
ef (t+h/2,w+(h/2)*K1,K2) ;
ef (t+h/2,w+(h/2)*K2,K3) ;
ef (t+h,w+h*K3,K4) ;
w:=w+(h/6.)* (K1+2xK2+2*xK3+K4) ;
for j from 1 by 1 to m do

x[n,jl:=w(j);

end do

end do

end proc:
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37 m := 2:

s | X0 := Vector(m):
0 |0 :=0: tt :=1.: nt := 40:
41 XO(l) -1:

e | x0(2) 6:

« | xRK4 := Array(0..nt, 1..m):
s | RK4SYS(t0,tt,nt,m,x0,xRK4) :
« | # Compute the analytic solution

48 # ________________________________

» |ODE := diff (x(t),t)=2*xx(t)+4*y(t), diff(y(t),t)=—x(t)+6%xy(t):
o [ivs := x(0) = -1, y(0) = 6;

51 | dsolve([ODE, ivs]);

5 / 1 \
s | { x(t) = exp(4 t) (-1 + 26 t), y(t) = - exp(4 t) (24 + 52 t) }
54 \ 4 /

s | ex =t > exp(4xt)*(-1 + 26%t):
s | ey =t —> 1/4xexp(4*t)*(24 + B52*t):

ss | # Check error

e

o |h := (tt - t0)/nt:

e | printf (" n x(n) y(n) error(x) error(y)\n");
e | printf(" ----------—-—m \n");
s | for n from 0 by 2 to nt do

. printf (" \t %5d %10.3f %10.3f %-10.3g %-10.3g\n",

65 n, xRK4[n,1], xRK4[n,2], abs(xRK4[n,1]-ex(n*h)),

66 abs (xRK4 [n,2] -ey(n*h)) );

¢« | end do;
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120.
160.
214.
282.
371.
485.
632.
819.

10569

1364.

Result
y(n) error (x)
6.000 0

8.122 6.04e-06
10.890 1.54e-05
14 .486 2.92e-05
19.140 4.94e-05
25.144 7.81e-05
32.869 0.000118
42.782 0.000174
55.474 0.000251
71.688 0.000356
92.363 0.000498
118.678 0.000689
152.119 0.000944
194 .550 0.00128
248.313 0.00174
316.346 0.00233
402.332 0.00312
510.885 0.00414
647.785 0.00549
820.262 0.00725
1037.359 0.00954

error (y)

O O O O O O OO OO OO OoOCOoNOWN+—P+~Oo

.24e-06
.07e-05
.01e-05
.35e-05
.26e-05
.91e-05
.000115
.000165
.000232
.000323
.000443
.000604
.000817
.0011
.00147
.00195
.00258
.0034
.00447
.00586
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1| ## Ex) y''-2%y'+2%y = exp(2*x)*sin(x), 0 <= x <= 1,
2 | ## y(0) = -0.4, y'(0) = -0.6

s | Digits := 20:

4+ | RK4SYSTEM := proc(a,b,nt,X,F,x0,xn)

5 local h,hh,t,m,n,j,w,K1,K2,K3,K4;

6 #### initial setting

7 with(LinearAlgebra):

8 m := Dimension(Vector(F));

9 w :=Vector(m);

10 K1:=Vector(m);

11 K2:=Vector(m);

12 K3:=Vector(m) ;

13 K4 :=Vector(m);

14 h:=(b-a)/nt; hh:=h/2;

15 t :=a;

16 w:=x0;

17 for j from 1 by 1 to m do

18 xn[0,j]:=x0[j];

19 end dO;

20 #### RK4 marching

21 for n from 1 by 1 to nt do

22 K1:=Vector(eval(F, [x=t,seq(X[i+1]=xn[n-1,i], i = 1..m)]1));

23 K2:=Vector(eval(F, [x=t+hh,seq(X[i+1]=xn[n-1,i]+hh*K1[i], i = 1..m)]));
24 K3:=Vector(eval(F, [x=t+hh,seq(X[i+1]=xn[n-1,i]+hh*K2[i], i = 1..m)]));
25 t:=t+h;

26 K4:=Vector(eval(F, [x=t,seq(X[i+1]=xn[n-1,i]+h*K3[i], i = 1..m)]));
2 w:=w+(h/6)* (K1+2*¥K2+2xK3+K4) ;

28 for j from 1 by 1 to m do

29 xn[n,jl:=evalf(wl[jl);

30 end do

31 end do

s2 | end proc:

33

s« | # Call RK4SYSTEM.mw

35 #-———————
s6 | with(LinearAlgebra):
37 | m = 2:

ss | F := [yp, exp(2*x)*sin(x) - 2%y + 2*yp]:
s | X =[x, y, ypl:

40 X0 := <-0.4, -0.6>:

a4 |a :=0: Db :=1: nt := 10:

2 | Xn := Array(0..nt, 1..m):

43 | RK4SYSTEM(a, b, nt, X, F, X0, Xn):
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44

s | # Compute the analytic solution

% | #-————"——————""————
o7 | DE := diff(y(x), x, x) - 2xdiff(y(x), x) + 2xy(x) = exp(2+*x)*sin(x):
s | IC := y(0) = -0.4, D(y)(0) = -0.6:

» | dsolve({DE, IC}, y(x))

50 1
51 y(x) = - exp(2 x) (sin(x) - 2 cos(x))
52 5

53 | ey = x —> 1/5xexp(2*x)*(sin(x) - 2*cos(x))
s | diff(ey(x), x)

55 2 1
56 - exp(2 x) (sin(x) - 2 cos(x)) + - exp(2 x) (2 sin(x) + cos(x))
57 5 5

58 | eyp:=x->2/5*xexp(2xx)*(sin(x)-2*cos(x))+1/5*exp (2*x)* (2*xsin(x) + cos(x)):

60 # Check error

61 #-———————

e2 | printf(" n y_n y(x_n) y' n y'(x_n) err(y) err(y')\n");

&3 | printf("---—-----——————— \n");

64 | for n from O to nt do

65 Xp := h*n + a;

" printf(" %2d  %12.8f %12.8f %12.8f %12.8f  %.3g  %.3g\n",
67 n, Xn[n, 1], ey(xp), Xn[n, 2], eyp(xp),

68 abs(Xn[n, 1] - ey(xp)), abs(Xn[n, 2] - eyp(xp)));

69 end do:

Result

1 n y_n y(x_n) y'_n y'(x_n) err(y) err(y')
2

3 0 -0.40000000 -0.40000000 -0.60000000 -0.60000000 0 0

4 1 -0.46173334 -0.46173297 -0.63163124 -0.63163105 3.72e-07 1.91e-07
5 2 -0.52555988 -0.52555905 -0.64014895 -0.64014866 8.36e-07 2.84e-07
6 3 -0.58860144 -0.58860005 -0.61366381 -0.61366361 1.39e-06 1.99e-07
7 4 -0.64661231 -0.64661028 -0.53658203 -0.53658220 2.02e-06 1.68e-07
8 5 -0.69356666 -0.69356395 -0.38873810 -0.38873905 2.71e-06 9.58e-07
9 6 -0.72115190 -0.72114849 -0.14438087 -0.14438322 3.41e-06 2.35e-06
10 7 -0.71815295 -0.71814890 0.22899702 0.22899243 4.06e-06 4.59e-06
11 8 -0.66971133 -0.66970677 0.77199180 0.77198383 4.55e-06 7.97e-06
12 9 -0.55644290 -0.55643814 1.53478148 1.53476862 4.77e-06 1.29e-05
13 10 -0.35339886 -0.35339436 2.57876634 2.57874662 4.50e-06 1.97e-05
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2.7. Implicit Methods and Implicit Differential
Equations

2.7.1. Revisit of the Euler Method

The problem: The first-order initial value problem (IVP)

{ y = f(zy), (IVP) (2.63)
y(ﬂfo) = Yo-

The Euler method y,,+1 = vy, + hf(x,, y,) can be rewritten as

%Lh_y” = f(xn,yn), (Forward Euler) (2.64)

in which the left side is a forward approximation of y’(x,). The for-
mula (2.64) is called the forward Euler method for the IVP (2.63).

Definition}, 2.27. The backward Euler method for the IVP (2.63) is
defined as

y”“h__y” = f(Tps1,Yns1), (Backward Euler) (2.65)

in which the left side is a backward approximation of y'(x,,1).

************

® The forward Euler method (2.64) is an explicit method.

* The backward Euler method (2.65) is an implicit method, which requires
to solve the following equation for v, 1:

Ynt1 = Yn + b f(Tnt1, Ynt1)- (2.66)

********

|
Locoocooo

stant L. Then the fixed-point iteration applied for (2.66) converges when
h<1/L.
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[Examplejl 2.30. Apply the Euler methods to solve the following IVP

y +2y=2—e1 y(0) =1,

whose theoretical solution is y(z) = 1+ (e~ —

0<z<1,

—290).

(2.67)

Euler.py
1 | #!/usr/bin/python3
2
3 | import numpy as np
4+ | from numpy.linalg import norm
5
¢ | def f(x,y): return -2%y -np.exp(-4*x)+2
7
s | def exact_y(x):
9 return 1+0.5%(np.exp(-4*x)-np.exp(-2%*x))
10
1 #-----—-———-———————
12 | def forward Euler(x0,T,Nt,yO0):
13 x=x0; h =(T-x0)/Nt;
14 y = np.zeros([Nt+1,]1); y[0]=yO0;
15 for n in range(Nt):
16 y[n+1] = y[n]+h*f(x,y[n])
17 X += h;
18 return y
19
2 | -
21 | def fixed_point(x,p,yn,h,tol):
22 pp=p; err=10.; it0=0
23 while(err>tol):
24 p = yn+hx*f(x,p)
25 err = abs(p-pp);
26 pp=p; itO+=1
27 return p,it0
28
29 | #——————m
50 | def backward Euler(x0,T,Nt,yO,tol):
31 x=x0; h =(T-x0)/Nt;
52 y = np.zeros([Nt+1,]); y[0]=y0; it=0;
33 for n in range(Nt):
34 X += h;
35 p,it0 = fixed point(x,y[n],y[n],h,tol)
36 y[n+1] = p; it += it0
37 return y,it
38
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def Crank Nicolson(x0,T,Nt,yO,tol):

x=x0; h =(T-x0)/Nt;
y = np.zeros([Nt+1,]1); y[0]=y0; it=0;
for n in range(Nt):
fn = f(x,y[n])
X += h;
#fixed-point iteration: included
p = ylnl; pp=p; err=10.
while(err>tol):
p = ynl+(/2)*(f(x,p) + fn);
err = abs(p-pp);
pp=p; it += 1
yln+l] =p
return y,it

#

if

__name == " main ":
x0=0.0; T=1; y0=1.0; Nt = 40
h = (T-x0)/Nt;
toll = h/5
tol2 = h**x2/5

X = np.linspace(x0,T,Nt+1)
Y = exact_y(X.T)

yf = forward_Euler(x0,T,Nt,yO0)
print ('forward_Euler: max-error = %g' %(norm(Y-yf,np.inf)))

yb,it = backward Euler(x0,T,Nt,y0,toll)
print ('backward_Euler: max-error = %g' %(norm(Y-yb,np.inf)))
print(' average fixed-point iter = Yg' %(it/Nt))

yc,it = Crank_Nicolson(x0,T,Nt,y0,tol2)
print ('Crank_Nicolson: max-error = %g' %(norm(Y-yc,np.inf)))
print('  average fixed-point iter = Yg' %(it/Nt))

59

Output
[Fri Jun.23] Euler.py
forward _Euler: max-error = 0.0085829
backward Euler: max-error = 0.00787605
average fixed-point iter = 1.225
Crank Nicolson: max-error = 0.000168574
average fixed-point iter = 2.225




60 Chapter 2. Numerical Solution of Ordinary Differential Equations

Algorithm | 2.31. The Crank-Nicolson method For the IVP (2.63), the
Crank-Nicolson (CN) method is formulated as

yth_ Yn _ f(xn, yn) + g(xnﬂaynﬂ)’ (CN) (2.68)

of which the global truncation error is O(h?):

f(xnv yn) + f(xTH—la yn+1)
2

= f($n+1/27 Z/n+1/2) + O(hQ)'

Note: Equation (2.68) can be rewritten as

h
Yn+l = Yn + i(fn + f(xn—H; yn+1)); fn = f(xn, yn) (2.69)

* Equation (2.69) is implemented in Euler.py.

* The CN method is also called the Trapezoid method.

* When f(x,11,yn+1) is evaluated by using a predicted value:
f(xn+1; yn—H) — f(xn—kla y;+1)7 y;:+1 = UYn + hf(xna yn)a

the resulting algorithm becomes the Heun’s method (RK2).

The disadvantage to using implicit methods is the cost to solve (2.66) or
(2.69). However, advantages include that
* they are usually more numerically stable, and

* a larger step size h can be used, in particular for the numerical
solution of stiff equations.
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2.7.2. Implicit Differential Equations

Definition}, 2.33. An equation of the type

F(JI, yay/) - 07 y(Q;O) = Yo, (270)

where F' is continuous, is called the first-order implicit ordinary dif-
ferential equation (IODE-1).

* Under a suitable assumption on F, (2.70) can be reduced to

y = f(z.y,9), wy(zo) = 0. (2.71)

Algorithm | 2.34. The third-order Runge-Kutta method (RK3) for
solving (2.71) is defined as

h
Ynt1 = Un T+ E(Kl + 4K, + K3); where
K= f(xmym Kl) (2.72)
Ks = f(anrl:yn - hKl + 2hK27 K?))

Note: The terms K;, i = 1,2, 3, are defined implicitly.

* They can be estimated by applying an iterative method, e.g., the fixed-
point iteration.

* Each estimation of K is of the form d = f(«x, vy, d).

— It can be initialized by the last K value.
— When n = 0, K7 = y/(z7) must be initialized appropriately.

* The iteration may stop with a reasonable stopping tolerance:

tol = O(h%), «a=3. (2.73)
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[Examplejl 2.35. Consider the problem

1 1
y = E(COS(ny/) —cos(e’)) + =, 1<ax<3,
T

y(1) = 0.

The exact solution is y(z) = Inz. Apply the RK3 and the fixed-point iteration
to solve the problem, with V; = 20, 40, 80 (A = 0.1, 0.05, 0.025).

(2.74)

Hint: You may use some portions/ideas in Euler.py, implemented in Example 2.30, p. 58. For

example, you may start with

I0DE1L. py
. | #!/usr/bin/python3

3 | import numpy as np
+ | from numpy.linalg import norm

¢ | def f(x,y,d): return (np.cos(x**x2*xd)-np.cos(np.exp(y)))/10+1/x
7 | def exact_y(x): return np.log(x)

s | #--—""""
w | def fixed pointF3(x,y,d,tol):

1 err=1.; pd=d;

12 while(err>tol):

1 d = f(x,y,d)

14 err = abs(d-pd); pd=d

15 return d

16

v | #mmm
s | # Here, implement "a function for the RK3"

v | # that uses fixed_pointF3

Ans: Set tol = h?/5 and for the fixed-point iteration, y/(z) is initialized by 1.
Max.Error=[1.55e-05, 3.38e-06, 9.60e-08], for » = [0.1, 0.05, 0.025].
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2.8. Homework

1. For the IVP in (2.27),

(a) Find Ty(z,y).
(b) Perform two steps of the 3rd and 4th-order Taylor methods, with h =
1/2, to find an approximate solutions of y at x = 1.

(c) Compare the errors, given that the exact solution

7
y(a:):4+5x+3x2+x3—§ex

2. Verify (2.18).

Hint: Use (1) 1im+(1 + 2)'/* = ¢ and (2) the limit is obtained from an increasing sequence, i.e.,
z—0
(1+x)Y/* Aeasz\,0.

3. Derive the global error of RK4 in (2.43), given the local truncation error
(2.42).

4. Write the following DE as a system of first-order differential equations.
CU” + x/y _ 2y// — t,
“2y+y' +x = e,

where the derivative denotes d/dt.

5. Complete an implementation for the problem in Example 2.35, p. 62.
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CHAPTER 93

Properties of Numerical Methods

¢ Numerical methods compute approximate solutions for differential equa-
tions (DEs).

* In order for the numerical solution to be a reliable approximation of the
given problem, the numerical method should satisfy certain properties.

* In this chapter, we consider properties of numerical methods that are
most common in numerical analysis such as consistency, convergence,
stability, accuracy order, boundedness/maximum principle, and conser-
vation.

Contents of Chapter 3
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65



66 Chapter 3. Properties of Numerical Methods

3.1. General Parabolic Problems: Maximum Prin-
ciple

Let Q2 be a bounded domain in RY, I = (0,T), finite interval in time, and
[' = 09). Consider a general parabolic problem of the form
w—Au=f, inQxI,
u=g, onI' x I, (3.1)
u(+,0) = uy, in €2,

where A = Z 0., 2, the Laplacian operator.

In order to show a maximum principle for this problem, it is convenient to
introduce the parabolic boundary of (2 x I:

I, 2L (Dx 1)U (Qx {t=0}).

' Theorem | 3.1. (Maximum Principle)
Let u be smooth and assume that u; — Au < 01n Q2 x I. Then v attains its
maximum on the parabolic boundary T',,.

Proof. Assume that the conclusion is not true. Then the maximum would
be attained either at an interior point of (2 x I or at a point of 2 x {t = T'}.
That is, at a point (x,7) € Q x (0,7], we have

w(X,t) = maxu = M > m = maxu. (3.2)
Qx1 r,

Select ¢ > 0, sufficiently small, such that

m + e max |[x|? < M,
Fp

and define
w(x,t) = u(x,t) + e|x|? (3.3)

Then

maxw < m + ¢ max |x|* < M < maxw.
Ly Iy QxI

Thus w must take its maximum at some point (x,¢) ¢ I',, where
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d

_Aw Z xl,xl Z 07
—1 " (3.4)
-~ -0 ift < T,
wi(X, 1) { >0 ift="T
from which we have
wi(X, 1) — Aw(X, 1) > 0. (3.5)

On the other hand, it follows from our assumption that

wy — Aw = up — Au — 2de < —2de, inQ x 1, (3.6)

where we have used A|x|? = A(z} + 23 + - - - + 23) = 2d. This is a contradiction
to (3.5) and thus completes the proof. [

of the homogeneous heat equatlon (f = 0) attains both its maximum
and its minimum on I',.

Note: The maximum principle prevents the solution from developing lo-
cal extrema or oscillating in the interior of the domain.

* In the mathematical fields of differential equations (DEs) and geomet-
ric analysis, the maximum principle is one of the most useful and best
known tools of study.

* The maximum principle enables one to obtain information about so-
lutions of DEs without any explicit knowledge of the solutions them-
selves.

* In particular, the maximum principle is a useful tool in the numerical
approximation of solutions of ODEs and PDEs and in the determi-
nation of error bounds in numerical approximations.

One can easily prove the following; see Homework 3.1.

'Theorem | 3.3. Let u € C2(Q) N C(Q) and —Au < 0. Then

SUp ¥ = max u. (3.7)
Q o0
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3.2. A Model Problem: Heat Conduction in 1D

Let @ = (0,1) and J = (0,7], for some 7" > 0. Consider the following
simplest model problem for parabolic equations in one-dimensional (1D)

space:
ut_uxxzfa (Z’,t) €l x Jv

u =0, (x,t) € I' x J, (3.8)
U = U, r€eQ, t=0,

where f is a heat source, [ denotes the boundary of (2, i.e., I' = {0,1}, and
ug 18 the prescribed initial value of the solution at ¢t = 0.

re-.,. 7 ~ T . - - - - - ---TTTTTTZ-TTTZ~ a
| |

Finite difference methods

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

We begin with our discussion of finite difference (FD) methods for (3.8) by
partitioning the domain. Let

At:T/nt7 tn:nAt, n:0717'7nt7
Ax:l/na"a l'j:]Al', ]:O7177n$u

for some positive integers n; and n,. Define u} = u(x;,t").
Let
S"i=Q x (1" 1] (3.9

be the nth space-time slice.
* Suppose that the computation has been performed for v* = {u}}, 0 < k <
n — 1.

* Then, the task is to compute «" by integrating the equation on the space-
time slice 8", utilizing FD schemes.

The basic idea of FD schemes is to replace derivatives by FD approxima-
tions. It can be done in various ways; here we consider most common ways
that are based on the Taylor’s formula.
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Recall: The central second-order FD formula for u,, presented in (1.17):
—1 — % 7 i zrrxr\ L1
Vallin) = Uj—1 1;+U+1_2U '<$)h2
LN () 4! (3.10)
_2 LLLXLIXL (2 h4 .
6!
Apply the above to have
u? o —2u” + u'
um(iltj, tn) I 92 J+1
A{’? o (3.11)
Uggzxe\Tj, 2 4
-2 i Az® + O(Az®).

* For the temporal direction, one can also apply a difference formula for the
approximation of the time-derivative u;.

* Depending on the way of combining the spatial and temporal differences,
the resulting scheme can behave quite differently.

************************************

The following presents the simplest scheme:

n -1 =1 =1 —1
vy — U;L _ ’U;-l_l — 21}? + U?—H _ fn—l (3.12)
At Az? 7 ’

which is an explicit scheme for (3.8), called the forward Euler method. Here
v7 is an approximation of u’.

The above scheme can be rewritten as
vy = /“{?—_11 + (1 —2p) U?_l + uv?;ll, +Atf]n_1 (3.13)

h
where Ay

o= Az?



70 Chapter 3. Properties of Numerical Methods

3.3. Consistency

The bottom line for an accurate numerical method is that the discretization
becomes exact as the grid spacing tends to zero, which is the basis of consis-
tency.

Definition}, 3.4. Given a PDE Pu = f and a FD scheme Pa, a0 = f,
the FD scheme is said to be consistent with the PDE if for every smooth
function ¢(z, t)

P¢ — PA:{:,At¢ — 0 as (Aa:, At) — 0

with the convergence being pointwise at each grid point.

Note: Not all numerical methods based on Taylor series expansions are
consistent; sometimes, we may have to restrict the manner in which Ax
and At approach zero in order for them to be consistent.

Proof For the heat equation in 1D,
0
Po=(2 - L))o= 61— on

ot
The forward Euler scheme (3.12) reads
d)?_qb?_l n— 1_2¢n 1 ;L;ll
Prz.at) = I AL

The truncation error for the temporal discretization can be obtained applying
the one-sided FD formula:
G

Y S
P, 1) At 5

It follows from (3.11) and (3.14) that the truncation error of the forward Euler
scheme evaluated at (x;,t""!) becomes

(P¢ — Papard) (j,t"1)

. tht(xjntn_l) gbmxwm(xjvtn_l
T At + 2 m

which clearly approaches zero as (Ax, At) — 0. [

At + O(AL). (3.14)

(3.15)

)Ax2 + (’)(At2 + Ax4),
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****************************

'Truncation Error

|
|
L e e e e e e f  f h - o -

Definition}, 3.6. Let u be smooth and

Pu(z;,t") = Pagacuj + Tuj, (3.16)

Then, Tu;‘ is called the truncation error of the FD scheme Pa, a0 = f
evaluated at (z;,t").

It follows from (3.15) that the truncation error of the forward Euler scheme
(3.12) is
O(At + Az?)

for all grid points (z;,t").
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3.4. Convergence

A numerical method is said to be convergent if the solution of the FD scheme
tends to the exact solution of the PDE as the grid spacing tends to zero. We
define convergence in a formal way as follows:

Definition} 3.7. A FD scheme approximating a PDE is said to be conver-
gent if

u(z,t) —vi — 0, as (z;,t") — (z,t) and (Az, At) — 0, (3.17)

where u(z,t) is the exact solution of PDE and v} denotes the the solution of
the FD scheme.

Note: Consistency implies that the truncation error
(Pu — Pagaiu) — 0, as (Azx, At) — 0.

So consistency is certainly necessary for convergence, but may not be suf-
ficient.

F———————————
|
|

At 1
=— < - 1
i Az? ~ 2 (3.18)
Proof. (The scheme) Recall the explicit scheme (3.12):
n n—1 n—1 n—1 n—1
_ — {7 1
At Az? J; (3.19)
which can be expressed as
Pagacvy = f77! (3.20)

On the other hand, for the exact solution u,

Pagagu) 4+ Tui ™t = f1! (3.21)
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(Error equation) Let

n_,n__,n
€j = Uu; — Uy,

where u is the exact solution of (3.8). Then, from (3.20) and (3.21), the error
equation becomes

PAm,At e?_l = _Tu?_la
which in detail reads

~1 ~1 ~1 ~1
el — e? B e?_l — 26? + G?H _ (3.22)
At Ax? 7 '

In order to control the error more conveniently, we reformulate the error equa-

tion
ef = pei + (1 —2p) el + pel s — At Tul (3.23)

(Error analysis with /..-norm) Now, define

E" =max|e]|, T"=max|Tuj|, T = max 7"
J J n

Note that v) = u] for all j and therefore £ = 0.
It follows from (3.23) and the assumption (3.18) that

en] < pled T (U= 2p0) el + el
+At |Tu§.‘_1|
< pEtH A -2u)ET 4 pE (3.24)
+AtT!
= &t AT
Since the above inequality holds for all j, we have
EM<ET 4 ALT (3.25)

and therefore
el L Ap T

E 2 L AT 4 A T2

gn

VANR VAN VAN

(3.26)
n—1
&0+ Z At TE.

k=1

IA
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Since £° = 0,
"< (n—1)AtT <TT, (3.27)

where T is the upper bound of the time available. Since 7 = O(At + Az?), the
maximum norm of the error approaches zero as (Az, At) — 0. U

* The assumption p < 1/2 makes coefficients in the forward Euler
scheme (3.13) nonnegative, which in turn makes v a weighted av-
n—1 ,n—1

n—1
erage of {v! 7, vi ", vl |}

* The analysis can often conclude

A~

E" =0(T), Vn

* Convergence is what a numerical scheme must satisfy.

* However, showing convergence is not easy in general, if attempted in
a direct manner as in the previous example.

* There is a related concept, stability, that is easier to check.
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r--—-—=-"—-=-"=-"=-"=-"=-"="°~"“"~"~"~*"“"“="¥=7"¥"¥”="="=”"=-”"=-°- il
|
|

'An Example: ¢ < 1/2

L e e e e e e m fmm—— - - o E

ForwardEuler == proc (a, b, T, nx, nt, o, f, uﬂ]
localj, n, A, k, xj, tn, idi, id2, ma, w, wT,
with( Lineardigebra) :
h=(b—a)lnx
k= T/nt

2 2
mu = o -kih;
print( mu=",mu);

w = Matrix(nx + 1, 2);
wl = Vector(nx + 1);
forjtonx + 1 do
wij, 1] =eval(ud,x=a+ (j—1)-h);
end do;

for 7 from 1 to nt do
= (n—1)%
idi — modp(n+1,2) + 1;
id2 == modp(n,2) + 1;
for j from 2 to nx do
y=a+ (j—1)h
w( j, id2] = (1 — 2-mu)-w[j, idl]
+mu- (w[j—1,idi]|+w[j+1,idl])
+ k-eval(f, [x=xf, 1=1n]);
end do;
end do;
forjtonx + 1 do wl[j] = w[J, id2]; end do;
return wi,
end proc:

Fa
7
Figure 3.1: The explicit scheme (forward Euler) in Maple.
The problem:
uy — aPug, =0, (x,t) €10,1] x [0, 1],
u =0, (x,t) € {0,1} x [0, 1], (3.28)
u=sin(nzx), x€[0,1], t=0,
The exact solution:

u(x,t) = e ™! sin(7x)
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Parameter setting:

. Cont =200 (u=1/2) |u™ — 0™ = 7.94 x 1070
Numerical results: nt = 170 (4 ~ 0.588) | [ — 0" = 1.31 x 107

* For the case ;1 ~ 0.588, the numerical solution becomes oscillatory and
blows up.
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3.5. Stability

* The example with Figure 3.1 shows that consistency of a numerical
method is not enough to guarantee convergence of its solution to the
exact solution.

* In order for a consistent numerical scheme to be convergent, a required
property is stability.

* Note that if a scheme is convergent, it produces a bounded solution
whenever the exact solution is bounded.

* This is the basis of stability.

e We first define the L?-norm of grid function v:

/
folas = (22 3 ?) "
J

Definition} 3.10. A FD scheme Pa, v = 0 for a homogeneous PDE Pu = (
is stable if for any positive 7', there is a constant C; such that

M
1" llas < Cr ) u™l| s, (3.29)

m=0

for 0 < t" < T and for Az and At sufficiently small. Here M is chosen to
incorporate the data initialized on the first M + 1 levels.

3.5.1. Approaches for proving stability

There are two fundamental approaches for proving stability:

* The Fourier analysis (von Neumann analysis)
It applies only to linear constant coefficient problems.

* The energy method
It can be used for more general problems with variable coefficients and
nonlinear terms. But it is quite complicated and the proof is problem
dependent.
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' Theorem| 3.11. (Lax-Richtmyer Equivalence Theorem). Given a
well-posed linear initial value problem and its FD approximation that sat-
isfies the consistency condition, stability is a necessary and sufficient
condition for convergence.

Note: The above theorem is very useful and important.

* Proving convergence is difficult for most problems.

* However, the determination of consistency of a scheme is quite easy as
shown in §3.3, and determining stability is also easier than showing
convergence.

* Later, we will introduce the von Neumann analysis of stability of FD
schemes, which allows one to analyze stability much simpler than a
direct verification of (3.29).

Now, let us consider a sufficient condition for stability.

\Theorem\ 3.12. A FD scheme P, av = 0 for a homogeneous PDE Pu = (
is stable if

[v"las < (1 + CAL[[V" | ac, (3.30)
for some C > 0 independent on At

Proof. Recall At =T /n,, for some positive integer n;. A recursive application

of (3.30) reads
[0 las < (1 + CAD 0" las < (1+ CA 0" 2, (3.31)
<< (14 CAY (= )| an. '

Here the task is to show (1 + C'At)" is bounded by some positive number C7r
forn=1,--- n;, independently on At. Since At = T'/n;, we have

(1+CAY)" = (1+CT/ny)"

cT
(L+ CT/ng)™ = |(1+ CT/ny)"/7]
GCT

VARVAN

9

which proves (3.29) with by Cr := 7. O
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3.5.2. The von Neumann analysis

Let ¢ be a grid function defined on grid points of spacing Az and ¢; =
¢(jAx). Then, its Fourier transform is given by, for ¢ € [—n/Az, n/Az],

oo

- 1 g
= — AT g 3.32
and the inverse formula is
4= / T i Gieag (3.33)
. = e . .
’ \/% —r/Az
Parseval’s identity R
where
n - 2 1/2
6"l = (D lojPaz) ",
J=—00
~ W/A:E PR 1/2
5= ([ lote)Pa)
—7/Azx

The stability inequality (3.29) can be replaced by

M
15" ax < Cr ) 0"l a- (3.35)

m=0

Thus stability can be determined by providing (3.35) in the frequency
domain.

79
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*************

,,,,,,,,,,,,,

To show how one can use the above analysis, we exemplify the forward Euler
scheme (3.13), with f = 0:

vf = Py +(1—2,u) n 1—|—,uv]+1 (3.36)

® The inversion formula implies

T/ Ax
S — eTATETN(£) dE. (3.37)
I \/% 4/—7T/Ax (5) 5
Thus it follows from (3.36) and (3.37) that
T/ Ax
. FAr d 3.38
UJ \/%/W/Ax Ax,j 5) f ( )

where
Fawj(€) = peV- D355 (g)
(1 = 2p)e P25 (€)
_|_M€i(j+1)Ax§ ol (g)
= IO e 4 (1= 2p) + p e D)
¢ Comparing (3.37) with (3.38), we obtain
UM(E) = (e 4 (1= 2p) 4+ p BT (3.39)

e Letting ¥ = Az¢, we define the amplification factor for the scheme
(3.13) by
g(9) = pe B 4 (1= 2p) + pe
= pe V4 (1—2u) + pe®
= (1 —2u) + 2ucos()

= 1 —2u(1 —cos(¥)) = 1 — 4psin?(9/2)

(3.40)

¢ Equation (3.39) can be rewritten as

0"(€) = g() T HE) = g(9)? V() = -+ = g(9)" D(&) (3.41)

Therefore, when ¢())" is suitably bounded, the scheme is stable. In fact,
g(19)" would be uniformly bounded only if |g(¢¥)| < 1+ CAt.
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¢ It is not difficult to see
lg(P)] = |1 —2u(1 —cos(¥))] < 1

only if
0<u<1/2 (3.42)

which is the stability condition of the scheme (3.13).

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, ~
|
|

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, .}

A simpler and equivalent procedure of the von Neumann analysis can be sum-
marized as follows:

* Replace v} by g"¢"/ for each value of j and n.

* Find conditions on coefficients and grid spacings which would satisfy
lg| <1+ CAt, for some C' > 0.

The forward Euler scheme (3.13):

vj = Mv?:f + (1 —2p) v;‘_l + /Lv;:ll

Replacing v} with g"e'/” gives
G = 1 1Y (1= 2p) gl 4 gy gD
Dividing both sides of the above by ¢g"'e¥/?, we obtain
g=pe "+ (1—2u)+pe”

which is exactly the same as in (3.40)
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3.5.3. Influence of lower-order terms

* Let us consider the model problem (3.8) augmented by lower-order terms
Up = Uy + AUy + bu (3.43)

where a and b are constants.

* We can construct an explicit scheme

_1 -1 -1 -1 -1 -1
e A = Wk ek TSR T s/ R (3.44)
At A:I:Q 2Ax J .

* From the von Neumann analysis, we can obtain the amplification factor

At

g(¥) =1 — 4usin?(¥/2) +i Az sin() + bAt, (3.45)
which gives
lg(9)]* = (1 —4usin®(9/2) + bAt)2 + <Z—A; sin(ﬁ))2
= (1—4p 51112(19/2))2 +2(1 — 4psin®(9/2)) bAt
5 aAt 2
+(bAL)” + (A—x sm(z?))

* Hence, under the condition 0 < p = At/Az* < 1/2,

2
g < 1+2\b|At+(bAt)2+%At

< (14 (b] + |al?/4) At)*.

(3.46)

* Thus, lower-order terms do not change the stability condition.
(Homework for details.)
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3.6. Boundedness - Maximum Principle

* Numerical solutions should lie between proper bounds.

* For example, physical quantities such as density and kinetic energy of tur-
bulence must be positive, while concentration should be between 0 and 1.

In the absence of sources and sinks, some variables are required to have
maximum and minimum values on the boundary of the domain. The above
property is call the maximum principle, which should be inherited by
the numerical approximation.

3.6.1. Convection-dominated fluid flows

To illustrate boundedness of the numerical solution of PDEs, we consider
the convection-diffusion problem:

Up — EUgy + au, = 0. (3.47)

where £ > 0. When the spatial derivatives are approximated by central differ-
ences, the algebraic equation for v reads

n—1 n—1 n—1 n—1 n—1
T B e e A 2 S S Gl
ui =ui o — [5 AL +a AL }At,
or
n g n—1 n—1 g n—1
where the dimensionless parameters are defined as
eAt alt
d=— d c=—.
N and o=

¢ g: the Courant number
* Azx/a: the characteristic convection time
* Az?/e: the characteristic diffusion time

These are the time required for a disturbance to be transmitted by con-
vection and diffusion over a distance Ax.
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3.6.2. Stability vs. boundedness

The requirement that the coefficients of the old nodal values be nonnega-
tive leads to

(1 —2d) >0, ‘g—‘ <d. (3.49)
¢ The first condition leads to the limit on At as
P
At < A_$7
2e

which guarantees stability of (3.48). Recall that lower-order terms do
not change the stability condition (§3.5.3).

* The second condition imposes no limit on the time step. But it gives a
relation between convection and diffusion coefficients.

¢ The cell Peclet number is defined and bounded as

lo| _ |a]Az
d ¢

which is a sufficient (but not necessary) condition for boundedness
of the solution of (3.48).

Pecen = S 2. (350)
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3.7. Conservation

* When the equations to be solved are from conservation laws, the numer-
ical scheme should respect these laws both locally and globally. This
means that the amount of a conserved quantity leaving a control volume
is equal to the amount entering to adjacent control volumes.

¢ If divergence form of equations and a finite volume method is used, this
is readily guaranteed for each individual control volume and for the so-
lution domain as a whole.

¢ For other discretization methods, conservation can be achieved if care
is taken in the choice of approximations. Sources and sinks should be
carefully treated so that the net flux for each individual control volume
1s conservative.

* Conservation is a very important property of numerical schemes. Once
conservation of mass, momentum, and energy is guaranteed, the error
of conservative schemes is only due to an improper distribution of these
quantities over the solution domain.

* Non-conservative schemes can produce artificial sources or sinks, chang-
ing the balance locally or globally. However, non-conservative schemes
can be consistent and stable and therefore lead to correct solutions in the
limit of mesh refinement; error due to non-conservation is appreciable in
most cases only when the mesh is not fine enough.

* The problem is that it is difficult to know on which mesh the non-
conservation error is small enough. Conservative schemes are thus pre-
ferred.
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3.8. A Multi-Step Central Scheme

* Before we begin considering general implicit methods, we would like to
mention an interesting scheme for solving (3.8):
U Vi Vi — 207 + v}

oA Az = (3.51)

of which the truncation error

Trunc.Err = O(A#? + Az?). (3.52)
* To study its stability, we set f = 0 and substitute v/ = g"¢”” into (3.51)
to obtain , .
g—1/g B e W — 924 el _0
2AL Az? -
or
g% + (8usin*(9/2))g — 1 = 0. (3.53)

* We see that (3.53) has two distinct real roots g; and g, which should

satisfy
g1- g2 =—L (3.54)

* Hence the magnitude of one root must be greater than one, for some
modes and for all ;4 > 0, for which we say that the scheme is uncondi-
tionally unstable.

* This example warns us that we need be careful when developing a FD
scheme. We cannot simply put combinations of difference approxima-
tions together.
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3.9. The /-Method

Let A; be the central second-order approximation of —0,,, defined as

n n n
Uiy — 2u7 + iy

./411)? = — J sz
Then the #-method for (3.8), u; — u,, = f, is
ot — Un—l
—— TA+ (1 - 0" ] = e (3.55)

for 0 € [0, 1], or equivalently

(I 4+ 0AtANV" = [T — (1 — ) At A" L + At fr 0, (3.56)

The following three choices of § are popular.

* Forward Euler method (6 = 0): The algorithm (3.56) is reduced to
0" = (I — AtA )"+ At (3.57)

which is the explicit scheme in (3.13), requiring the stability condition
At 1
<

V)

e Backward Euler method (0 = 1): This is an implicit method written

as
(I + AtA)o" = o' + Atf™. (3.58)

— The method must invert a tridiagonal matrix to get the solution in
each time level.

- But it is unconditionally stable, stable independently on the choice
of At.
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* Crank-Nicolson method (0 = 1/2):
At n _ At n—1 n—1/2
(1 + 7,41)1} _ (1 _ 7/11)@ ALY, (3.59)

— It requires to solve a tridiagonal system in each time level, as in the
backward Euler method.

- However, the Crank-Nicolson method is most popular, because it is
second-order in both space and time and unconditionally stable.

— The Crank-Nicolson method can be viewed as an explicit method in
the first half of the space-time slice S"(:= Qx (t""1,¢"]) and an implicit
method in the second half of S”. Hence it is often called a semi-
implicit method.

3.9.1. Stability analysis for the /-Method

Setting f = 0, the algebraic system (3.56) reads pointwisely

—Opvi 4+ (1 +20p)vf — Opvj,,

— (1 =" P+ 1 =20 =Nul™ 4+ (1 =)ot (3.60)
= ( )i+ | ( Jplvi ™+ ( VT

where ;1 = At/Az?.
For an stability analysis for this one-parameter family of systems by utilizing
the von Neumann analysis in §3.5.2, substitute g"e”’" for v7 in (3.60) to have

g|—0u e W+ (14 20p) — Ou 6“9}
—(1—0pe ™ +[1—-21—pu]+ 1 —)ue”.

That is,
1 —2(1—=0)u(l—cos?)

1+ 20u (1 — cos)
1 —4(1 = 0)u sin*(9/2)

1+ 40p sin?(9/2)
Because i > 0 and 0 € [0, 1], the amplification factor ¢ cannot be larger
than one.

(3.61)
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The condition g > —1 is equivalent to
1—4(1—0)p sin®(9/2) > —[1 + 460p sin*(9/2)],

or

2

(1 —20)p sin® = <
Thus the §-method (3.56) is stable if
(1—-20)p <

[\
N | —

(3.62)

DN | —

In conclusion:
* The #-method is unconditionally stable for 6 > 1/2
* When 6 < 1/2, the method is stable only if

At _ 1
Az? — 2(1—20)

p= 6 €10,1/2). (3.63)

3.9.2. Accuracy order

We shall choose (z;,t"~1/2) for the expansion point in the following derivation
for the truncation error of the #-method.
The arguments in §1.2 give

n n—1

= e S (T)
Ar Mt ) T

Also from the section, we have

. }"_1/2. (3.64)

l
Aluﬁ _ [uxx n Ugigc;xAx2 + 2Ux:c6x'xmanj4 4. .]j’ {=n—1n.

We now expand each term in the right side of the above equation in powers of
At, about (z;,t"'/?), to have

(-l _ —[ DI N g2 4 QUIIEIIE A G
Aluj = Upgy + 15 Az® + 2 Gl Az® +
At n—1/2

Ugzzwt 2 Ugrzrzst 4
e e Ay +---]j (3.65)

1/ At\2 Ugzrtt 2 n—1/2
Leaner PN
2(2) [“ wh T AT

:|n1/2

J
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It follows from (3.64) and (3.65) that

n—1

u;l B uj n o n—17 __ % g 2 4
A [ +(1 Q)Ju]—umL 6(2) +O(AHY
12 6!
2 Wt g~ A 2T AT
At Ugzztt 2
A3 (s )
of which the right side is evaluated at (z;,t"~1/2).
So the truncation error 7u(:= Pu — Pa, a¢u) turns out to be
n—1/2 _t Ugzrs 2 Ut 2 Ugztt 2
Tu; = (0 )umAt+ 2 —= Az 54 — At + < At
2) 12 6
Az? At? (3.67)
- [(9 - _>At T i“m g
Ax Az’ 1 2 .
where we have utilized u; = u,, + f.
Thus the accuracy order reads
( 1
O(At? + Az*) when 0 = 2
2
{ 2 4 1 Az (3.68)
O(At* + Ax*) when 0 = — — :
( ) 2 12At¢

| O(At+ Az®)  otherwise.

Note: The second choice of 4 in (3.68) is less than 1/2, which is very spe-

cial and equivalent to
At 1

A2 6(1—20)
Hence it satisfies (3.63); the method is stable and we can take large time

steps while maintaining accuracy and stability. For example, when Az =
At = 0.01, we have § = § — - for the (2,4)-accuracy scheme in time-space.
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3.9.3. Maximum principle

For heat conduction without interior sources/sinks, it is known mathemati-
cally and physically that the extreme values of the solution appear either in
the initial data or on the boundary. This property is called the maximum
principle.

e It is quite natural and sometimes very important to examine if the nu-
merical solution satisfies the maximum principle.

* Once the scheme satisfies the maximum principle, the solution will never
involve interior local extrema.

' Theorem |3.13. (Maximum principle for the #-method) Let f = 0 and
the 6-method be set satisfying 6 € [0, 1] and

(1—®u§%. (3.69)

If the computed solution v has an interior maximum or minimum, then v
is constant.

Proof. We rewrite the component-wise expression of the §-method, (3.60), in
the form

(142000} = Opu(ofy + vfy) + (1= Ol + )

3.70
H[1—2(1 =)o, (870

Under the hypotheses of the theorem all coefficients in the right side of the
above equation are nonnegative and sum to (1 + 26u). Hence this leads to
the conclusion that the interior point (z,,t") can have a local maximum or
minimum only if all five neighboring points, related to the right side of (3.70),
have the same maximum or minimum value. The argument then implies that
v has the same value at all grid points including those on the boundary. This
completes the proof. [
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3.9.4. Error analysis

Let

n_

6] J 77

where u] = u(x;,t") with u being the exact solution of (3.8). Define
E" = max e, T2 = max \'Tu?_l/z\,
J J
n—1/2
J

Theorem |3.14. Let 0 € [0,1] and (1 — 0)u < & for the 9-method. Then,

where Tu is the truncation error at (z;,¢"~'/2) defined in (3.67).

En < At Z =2 (8.71)

k=1

Proof. It follows from (3.71) that
E" < 7”LAt1’n]?;><7'k_1/2 < T m]?XTk_l/Q, (3.72)

where T is the upper limit of the time variable. [
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3.10. Homework

1. Prove Theorem 3.3. Hint: Use the proof of Theorem 3.1.

2. The energy method can be utilized to prove stability of the forward Euler scheme for
Up — Upy = 0:
of = pui 4 (1 =2p) 0 4 pol (3.73)

The analysis requires you to prove
[v"[Ax < (14 CAL?[[v" s (3.74)
for some C' > 0. Prove it, assuming 1 — 2u > 0 and using the following hint
e Start with squaring (3.73).

2 b?
* Apply the inequality |ab| < vt .

¢ Use the observation
S = S = S
J J J

3. Verify (3.45) and (3.46).
4. Use the arguments in the proof of Example 3.8 on page 72 to prove Theorem 3.14.

5. This problem shows a different way of maximum principle for FD methods. Prove that
the solution of the forward Euler method (3.12) satisfies

min U;L_l < U;L < max v;-l_l (3.75)
J J
when f =0and u < 1/2.
6. Consider the problem in (3.28):
Uy Uge = 07 ) € [07 ]—] X [Oa 1]7
u =0, (x,t) €{0,1} x [0,1], (3.76)

(a) Implement a code for the §-method.

(b) Compare its performances for § =0,1,1/2.
Choose Ax = 1/10, 1/20; set either At = Az or At to satisfy the stability limit.
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4.1. Regularity Estimates

The quasilinear second-order elliptic equation in 2D is defined as
-V - (A(x)Vu) + b(x,u, Vu) = f(x), (4.1)

where A is symmetric positive definite, i.e.,

ai;r a2 2
A= , a1l >0, axn >0, ajjaxn > aiy.
a2 Aa22

For simplicity, we begin with the constant coefficient linear equation
—V - (AVu)+b-Vu+cu=f, (4.2)
where b = (by, bs).

¢ The Fourier transform in 2D reads
1 .
u(€) = —/ u(x)e " edx;
27T R2

its inverse formula is
1

* The Fourier transform satisfies the Parseval’s identity

/|u(x)|2dx:/ [u(&)|*de. (4.3)
R2 R2

u(x)

* Let Ox = (04,,0:,), where 0,, = 0/0z;, i = 1,2. For a = (a1, 3), a pair of
nonnegative integers, define

|a| = -+ a9, fa = ?1532, 8;‘ = (80‘1 8“2).

* Since -
o u = il*l g2 7, (4.4)
Equation (4.2) in its Fourier transform becomes
P(&)a(¢) = f(&). (4.5)
where

P(é)=¢€-AE+ib-€ +c.
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e From the ellipticity requirements: a;; > 0, a > 0, and aj1a909 > a,, we see

£ At > Cylef,
for some C; > 0. Thus there are C; > 0 and Ry > 0 such that
(P& = Cil¢l®, if €] > Ry, (4.6)
and therefore we have R
Al < G iflel = R @D

for some C5 > 0.
* Thus, from (4.3), (4.4), and (4.7),

/ OsuPdx = / £a2de
R2 R2
712
< / &2l [a)?dg + / 02\§|2a|%d§ (4.8)
l€|<Rq €[> Ry €|

< B [ japae o [ JePe Frae

e For nonnegative integer s, the H*(R?)-norm is defined as

ul|? = /é?guzdx.
iz = 3 | 1o

|af<s
Then, it follows from (4.8) and the Parseval’s identity that
lullz42 < CULFIE + llullg), s >0, (4.9)

for some C' = C(s,A,b,c) > 0. The inequality (4.9) is called a regularity
estimate.

Note: When b = 0 and ¢ > 0, (4.6) holds with Ry = 0. Thus the regularity
estimate reads

lullssz < C|lflls, s>0, ifb=0andc> 0. (4.10)

When (4.2) is defined on bounded domain 2 C R? whose boundary is suffi-
ciently smooth, one can obtain an interior regularity estimate of the form

JullZi00, < CUIfIEq + lullia), s>0, (4.11)

where €)1 C 2 is such that its boundary is contained in the interior of 2, and
the constant C' = C(s, A, b, ¢, Q,Q;) > 0.
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4.2. Maximum and Minimum Principles

This section presents the maximum and minimum principles for subharmonic
and superharmonic functions, respectively, following Gilberg and Trudinger
[26, Ch.2].

Definition} 4.1. The function v is called harmonic (subharmonic, super-
harmonic) in 2 C R" if it satisfies

—Au=0 (£0,>0), xe. (4.12)

The following is known as the mean value theorems, which characterize
harmonic functions.

' Theorem | 4.2. Let u € C?(Q) satisfy —Au = 0 (< 0, > 0) in Q. Then, for
any ball B = Bg(y) € (), we have

1
98] Jos

u(y) = (<, zﬁ /B wdx.

U(Y) - (§7 Z) uds,

(4.13)

With the aid of Theorem 4.2, the strong maximum principle for subhar-
monic functions and the strong minimum principle for superharmonic func-
tions can be derived as follows.

| Theorem |4.3. Let —Au < 0 (> 0) in  and suppose there is a point'y € )
such that

u(y) = supu (infu). (4.14)
0 Q

Then u is constant. Therefore a harmonic function cannot assume an inte-
rior maximum or minimum value unless it is constant.

Proof. Let —Au < 0in Q, M = supqu and Q) = {x € Q : u(x) = M}.
By assumption, Q,; # (. Furthermore since u is continuous, ), is closed
relative to 2. We are going to show (1,, is also open relative to (2 to conclude
Qyr = Q. Let z is a point in ;. Apply the mean value inequality (4.13) to the
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subharmonic function © — M in a ball B = By(z) CC (2 to get
1
O:u(z)—MS—/(u—M)dXSO.
1Bl J5

Since u — M < 0in in Bp(z), we must have u = M in By(z), which implies ),
is open. The result for superharmonic functions follows by replacing u by —u.
[l

Theorem 4.3 implies the following weak maximum principle and weak
minimum principle.

'Theorem | 4.4. Let u € C*(Q) N C%Q) with —Au < 0 (> 0) in Q. Then,
provided that () is bounded,

supu = supwu (inf v = inf u).
ip 1 (in nf )

Therefore, for a harmonic function u,

infu < wu(x) <supu, x €. (4.15)
o0 o0

The uniqueness theorem for the classical Dirichlet problem for the Poisson
equation in bounded domains follows from Theorem 4.4.

Theorem |4.5. Let u,v € C?(Q) N C°(Q) satisfy —Au = —AvinQ andu = v
on 0f). Then u = v in ).

Proof. See Homework 4.1. [
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Now, consider the linear elliptic operator of the form

Lu= -V - (A(x)Vu) +b(x) - Vu + c(x)u. (4.16)

Definition} 4.6. A function u satisfying Lu = 0 (< 0, > 0) in Q is called a
solution (subsolution, supersolution) of Lu = 0 in Q.

Analogues to Theorems 4.4 and 4.5 can be proved for L. See [26, §3.1] for
proofs.

'Theorem | 4.7. Let L be elliptic in a bounded domain ) with ¢ = 0. Sup-
pose u € C*(Q) N C°(Q) with Lu < 0 (> 0) in €. Then

supu = supwu (inf v = inf u).
i e (in 1 )

' Theorem | 4.8. Let L be elliptic with ¢ > 0. Suppose u,v € C?(Q) N C°(Q)
satisfy Lu = Lv in Q) and u = v on 0. Then v = v in Q). If Lu < Lv in Q) and

u < wvondf, thenu < v in .
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4.3. Discrete Maximum and Minimum Principles

Let A}, be the discrete five-point Laplacian defined on grid points 2, = {x,, €
Q}, where h is the grid size and (2 is a bounded region in 2D.

' Theorem | 4.9. Let Q) be a rectangular region and —Ayu < 0 (> 0) on
Q. If u has an interior maximum (minimum), then u is constant on €,.
Therefore

max u = max v (minwu = minu). (4.17)
Qh th Qh th

Proof. First, consider the case —A,u < 0; let « have a maximum value at an
interior point x,,. The condition —A,u < 0 is equivalent to

2 2
Upg < m(up—l,q F Upsg + T Up g1 + T Upg1), (4.18)

where r = h,/h,. Hence this easily leads to the conclusion that the interior
point x,, can have a (local) maximum only if all neighboring points have the
same maximum value and that the inequality is actually an equality.

The argument then implies that u has the same value at all grid points in-
cluding those on the boundary. This proves the discrete maximum principle
for —A,u < 0.

Now, the discrete minimum principle for the superharmonic functions can be
proved by replacing u by —u and following the same argument. [
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The following generalizes Theorem 4.9.

' Theorem| 4.10. Let L = —V - A(x)V + b(x) - V be an elliptic operator
defined in a rectangular region (), where A(x) = diag(a1(x), a(x)), and
Ly, be the a five-point FD discretization of L. Assume that h is sufficiently
small when b # 0. Suppose a function u satisfies Lyu < 0 (> 0) on ), and
has an interior maximum (minimum), then u is constant on €),. Thus

max u = maxu (minu = minu) (4.19)
Qh 8Qh Qh th

and therefore, for a solution u of Lyu = 0,

inf u < wu(x) <supu, x € Q. (4.20)
th th

Proof. Let © have a maximum at an interior point x,,. The condition L,u <0
is equivalent to

1
pq _ Pq _pq _pa
Upg < a_gg (_ap—l,q Up—1,g = Api1,g Up+l,g — Apg—1Upg—1 — Ap gyl up,q+1) ’ (4.21)

where a?? is the matrix entry corresponding to the relationship of L; from u,,
to u,s. Note that for five-point FD schemes,

pqg (D4 Pq Pq q
(pg = (ap—Lq + Gpi1q + apg—1 + ap7q+1) > 0. (4.22)

When b = 0, it is easy to see that the coefficients a?¢, (pq) # (rs), are all
strictly negative; for the case b # 0, one needs to choose the grid size h suffi-
ciently small in order for the four off-diagonal entries of the algebraic system

to remain negative.

Now, let u,, be an interior (local) maximum. Then it follows from (4.21), (4.22),
and a?? < 0, (pg) # (rs), that all the neighboring values must be the same as
the maximum, which implies u is constant on €2;,.

This proves the discrete maximum principle for subsolutions. As in the proof
of Theorem 4.9, the discrete minimum principle for supersolutions can be
proved by replacing u by —u and following the same argument. [

See Exercise 5.7, on page 156, for the maximum principle applied for more
general elliptic problems.
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4.4. Coordinate Changes

Note: (Coordinate Change)

Often we have to solve the PDEs on a domain that is not a rectangle or
other easy shape. In the case it is desirable to change coordinates so that
the solution can be computed in a convenient coordinate system.

We begin with the elliptic equation
-V - (A(x)Vu) = f(x), (4.23)

where A = [a;;] is symmetric positive definite. Let £ be another coordinate
system:

£ =¢(x). (4.24)
Then, since
ou
ou ou 0&; 06 0&7 | 0&
ou _ _ 4.2
0z — 0§; Oz [8:6]- 8@"]} Ou |’ (4.25)
3!
We Ssee 6
Via=J'V,, J= [ 5] (4.26)
&z;j

where J is the Jacobian to be expressed in terms of £. Thus

Vi AVy =V, JAJ'V,. (4.27)

Note:

* Note that the Jacobian J must be expressed in terms of &.

* The new diffusivity tensor B(:= JAJT) is symmetric; its positiveness
can be shown for certain cases.




104 Chapter 4. Elliptic Partial Differential Equations

*************

,,,,,,,,,,,,,

Q={(r1,29) :0< 21 <1, 0 <o < (14+21)/2}.
Define a new coordinate system & € (0,1)2,

2.%2

S=x1, &= T

Then the Jacobian reads

1 0 1 0
J = —225/(1 4 21)? 2/(1+ 1) ] - { &1+ 6) 2/(1+&) (4.28)
and
&
_ T 1+¢
B=JAJ' = JJT = 6 g+I (4.29)

1+& (1+&)?
The matrix B(€) is clearly symmetric and positive definite on the unit square.
The problem
~V-B(E)Vu=f(§), £€(0,1) (4.30)

can be approximated by the standard second-order FD method.
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4.5. Cylindrical and Spherical Coordinates

Definition} 4.12. In the eylindrical coordinate system, a point P in
the 3D space is represented as an ordered triple (r,0,z), where r and 0
are polar coordinates of the projection of P onto the xy-plane and z is the
directed distance from the xy-plane to P.

Definition}, 4.13. The conversion between the Cylindrical Coordinates
and the Rectangular Coordinate system gives

(.I',y,Z)R — (T,Q,Z)C (T7072)C — (x,y,Z)R
x =r1cost r? = z? 4 ¢
. yy (4.31)
y = rsinf tanf = =
x
z = Z =z

It follows from (4.31) that
Ou Oudr Oudl wxdu you Ou sinf Ou

=——— S— =coslt) — — —

or Ordw  or ror o8 o o0
where, as in Example 4.11, (z,y) is expressed in terms of (r, 0).

Replacing the function « in the above equation by a—u, we see
X

oz = V5 \a) 7 a\an
0 Ou sinf ou sin 6 8< Ou sinf Ou
— —|( cosf — —

0% 0 <8u> B sinf 0 [Ou
= cos@—(cos&—— —)
3 87“ r 89 (4.32)

r or r 00 r 00
B 2 g d*u _ 2sinf cosf d*u n sin® § 9%u
R r 000r r2 062

sin2c98_u+ 2sind COS@@
r  Or r2 00

In the same way, one can show that

ou . Ou cosf Ou
=sinf — +

8_y or r 00
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and
0*u 5 0%u  2sinf cosf O*u  cos? O O*u
— = sin“ 0 + +
8y2 87”2 r 0600r 7“2 892 (4 33)
COS29@_28H19 cos § Ju '
r or r2 00

coordinates is

Au — @_Fl%_'_laz_u_'_@
or2 o Or  r2 002 922 (4.34)
1 1 )

= ;(rur)r + e + Uz

************************

Spherical Coordinates

| |
| |
e E

TPy
P(p.9.9)

P(x,5,0)

Figure 4.1: Spherical coordinates of P.

Definition}, 4.15. The spherical coordinates (p, 0, ¢) of a point P is
shown in Figure 4.1, where p = |OP| = \/22 + y2 + 22, 0 is the angle from

the x-axis to the line segment OP’, and ¢ is the angle between the positive
z-axis and the line segment OP.
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Note: By observing the definition, we can see the following inequalities:
p=0 0<0< 2w, 0<o¢<m.

For a convenient conversion formula, consider first

Z =pcos¢, T = psinag, (4.35)

then use .
x =rcosf, y=rsinf.

Definition} 4.16. The conversion between the Spherical Coordinates
and the Rectangular Coordinate system gives

(I’,y,Z)R A (paead))s (p797¢)5 — (xvy7Z)R

x =7rcosf =psingcosl | p® = x? +y* + 2*

y =7rsinf = p sin ¢sinf cosqb:E (4.36)
P

2 = p CcoS@ cosf = a:
psin ¢

[Claim7 4.17. Using the arguments for the cylindrical coordinates, one can

,,,,,,, -

see that the Laplacian of u in spherical coordinates is
Pu 20u, 1P cotou, 1 O
op*  pdp p*0¢>  p* 09 pf sin® ¢ 06? (4.37)

L, 1 )
= ?(P up)p + m(ué S Cb)sb +

Au =

. Ugp-
p?sin® ¢

Proof. See Homework 4.3. [



108 Chapter 4. Elliptic Partial Differential Equations

4.6. Homework

1. Prove Theorem 4.5.

2. Consider the Poisson equation defined on a region:
Q={(r1,29): 0< 21 <2, 0 <9 < e‘xl/Q}.

Define a change of variables £ = £(x) to derive a new coordinate system
for the Poisson equation to be defined on a rectangle in the new coordi-
nates.

3. Prove Claim 4.17.
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5.1. Finite Difference (FD) Methods

Let Q2 = (as, b,) % (ay,b,) in 2D space. Consider the model problem

(@) =V-(aVu)+cu=f, xe

(b) au, + fu =g, x €I, 6.1

where the diffusivity a(x) > 0 and the coefficient ¢(x) > 0.

* When ¢ = 0 and § = 0, the problem (5.1) has infinitely many solutions.

— If u(x) is a solution, so is u(x) + C, for VC € R.
— Also we can see that the corresponding algebraic system is singu-
lar.

— The singularity is not a big issue in numerical simulation; one may
impose a Dirichlet condition at a grid point on the boundary.

* We may assume that (5.1) admits a unique solution.

To explain the main feature of the central FD method, we may start with the
problem (5.1) with the constant diffusivity, i.e., a = 1.

5.1.1. Constant-coefficient problems

Consider the following simplified problem (a = 1):

—Upy — Uyy +cu = f(z,y), (z,y) €,

(5.2)
u, +pu = g(z,y), (z,y) €T,
To make it even simpler, we may start with the 1D problem:
(a) —Ugy +cu = f; WS (avax)7
b)) —u,+pPu = g, x=a,, (5.3)
(c) wu,+pu = g, =bo,.
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*******************************************

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

* Select n, equally spaced grid points on the interval [a,, b,]:

bx_ax
xi:a$+2hx7 220717"'777%7 hx: .

Ny
* Let u; = u(z;) and recall (1.17) on page 7:

—Uj—1 + 2U; — Uiy Ugrrn (T5)

h2 4. 5.4
2 T (5.4)

* Apply the FD scheme for (5.3.a) to have

—U;—1 + (2 + hic)ul — Ujy1 = hifl (5.5)

* However, we will meet ghost grid values at the end points. For example, at
the point a, = z(, the formula becomes

—u_1 + (24 h2c)ug — up = h2f;. (5.6)

Here the value u_; is not defined and we call it a ghost grid value.

* Now, let’s replace the value by using the boundary condition (5.3.b). Recall
the central FD scheme (1.16) for u, at zg:

Ur — U=
2h,

Ugyx (IO)

uz (o) = , Trunc.Err = — h2 4. (5.7)

Thus he equation (5.3.b) can be approximated (at z)

U_1 + thﬁuo — Uy = thgo. (5.8)

¢ Hence it follows from (5.6) and (5.8) that
(2 + h2c 4 2h,B)ug — 2uy = b2 fy + 2h.go. (5.9)

The same can be considered for the algebraic equation at the point z,,.
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The problem (5.3) is reduced to finding the solution u; satisfying

Aju; = by, (5.10)
where
C 24+ h2c+ 20,8 —2 1
-1 24 hic —1
A = |
—1 2+ hic -1
i -2 2+ hic+2h,f5 |
and ) _ i
hif() thgO
h2 fi 0
b, = : + :
h2f.. 1 0
I h2f.. | | 2hagn, |

Such a technique of removing ghost grid values is called outer bordering.
We can use it for the 2D problem (5.2) along the boundary grid points.

Note: Symmetrization: The matrix A; is not symmetric! You can sym-
metrize it by dividing the first and the last rows of [A;|b;]| by 2. For the 2D
problem, you have to apply “division by 2" along each side of boundaries.
(So, the algebraic equations corresponding to the corner points would be
divided by a total factor of 4, for a symmetric algebraic system.)
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5.1.2. General diffusion coefficients

Let the 1D problem read

(a) —(aug)y +cu = f, x € (ag,by),
(b) —au, + Pu g, T = a, (5.11)
(c) au, + Pu = g, v =0>b,.

The central FD scheme for (au,), can be obtained as follows.

* The term (au,) can be viewed as a function and approximated as

(auq)iv1/2 — (aux)i—l/Z

; + O(h?), (5.12)

(auy),(z;) ~

where (au,);;1/» denotes the value of (au,) evaluated at z; ), := (z; +

Tit1)/2.
* The terms (au,);1/2 and (aw,);_1/» can be again approximated as

Uip1 — U Ugea(Tiv1/2) (M2
(aux)i+l/2 ~ ai+1/2L — ai+l/2M<—> +eee
h 3! 2
(5.13)
iy~ g T g e ) (hay?
x)i-1/2 =~ i—1/2 hx i—1/2 31 5 .
¢ Combine the above two equations to have

—(aug)q (i) ~ 1/20i-1 + (@i1/2 + Gig1/2) +1/2Ui+1 (5.14)

2 Y
hl’

of which the overall truncation error becomes O(h?). See Homework
5.1 on page 155.
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Note:

* The y-directional approximation can be done in the same fashion.

* The reader should also notice that the quantities a;,,/» evaluated at
mid-points are not available in general.

* We may replace it by the arithmetic/harmonic average of a; and a,1:

+a; 1/1 1 \]
Gy o S0 o [-<—+ )] . (5.15)

2 2\a; a1

* The harmonic average is preferred; the resulting system holds the con-
servation property. See §6.8.

5.1.3. FD schemes for mixed derivatives

The linear elliptic equation in its general form is given as
—V - (Ax)Vu)+b-Vu+cu=f, xe€QcCR? (5.16)
where 1 < d < 3 and
0 ou
-V (v =3 (w695 )

Thus we must approximate the mixed derives whenever they appear.

As an example, we consider a second-order FD scheme for (au,), on a mesh
of grid size h, X hy:

g (Xp,g+1) = AU (Xpg-1)

(aug)y(Xpg) =~ oh, + O(hi)
~ ap,q+1(up+l,q+1 - Up—l,q+1) - ap,q—l(uerl,q—l - up—l,q—l) (5.17)
4hzh,

+O(h2) + O(h2).
* There may involve difficulties in FD approximations when the diffu-
sion coefficient A is a full tensor.

e Scalar coefficients can also become a full tensor when coordinates are
changed.
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5.1.4. L>*°-norm error estimates for FD schemes

Let Q be a rectangular domain in 2D and I' = 0€2. Consider
—Au=f, x €,
u=g, xel, (5.18)
where x = (z,y) = (x1,72) and
0? 0? 0? 0?
A = . ey == .
VoV o2 dy? Oz} * dx3
Let A, be the discrete five-point Laplacian:
Aptpg = (59% + 5§)qu
_ Up—1g = 2Upg + Uptrg | Upg—1 = 2Upg + Up gt (5.19)
B h? h? '
T Y
Cons1stency Let u;, be the FD solution of (5.18), i.e.,
—AhU,h = f7 X € wa (5 20)

up = ¢, Xth?

where €2, and I';, are the sets of grid points on Q° and I, respectively. Note
that the exact solution u of (5.18) satisfies

—Apu = f+ Oh*0*), xe,. (5.21)
Thus it follows from (5.20) and (5.21) that for some C' > 0 independent of A,
1AR(w = up) oo, < CR2(|0%ulloo (5.22)

where || - |0, denotes the maximum norm measured on the grid points €2,.

Note: We will soon use the inequality in (5.22) for convergence analysis.
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******************

,,,,,,,,,,,,,,,,,,

defined on a grid €2, of Q2 with v, = 0 on the boundary I';,. Then

VR lloo.0n < CllARVR 000, (5.23)

for some C > 0 independent on h.

Proof. Let the function f, be defined as
Jni=—Apvy, x € Q.

Then obviously
@) |[fullcgn = 1ARVR]loc. 00
(b) _IlthOO,Qh < _Ahvh < HthOO,Qh'

Let X = (2, 7) be the centroid of {2 and consider

1 R 1 . .
wh(x):Z|X—x\2:Z((x—x)Q-l—(y—y)Q), x € Q.

Then w;, has its maximum on the boundary, bounded by a constant C > 0

(5.24)

independent on h, and
—Aywy, = -1, xe€ Q.

So from (5.24.b) we have
—Ap(vp + || frllso.0, wn) = —Apvn — || fallc, <O

and therefore from the discrete maximum principle for subharmonic func-
tions, Theorem 4.9 on page 101,

v+ || fulloon Wi < [ frlloo.on W lloor, < C | fnlloo.-

Since w;, > 0,
v, < C| fallso,0n- (5.25)

The argument in the proof can be applied for the same conclusion, when vy, is
replaced by —uv;,. Thus, (5.23) follows from (5.24.a) and (5.25). [0
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Clearly, (u — uy) in (5.22) can be considered as a discrete function on the unit
square with v — u;, = 0 on I';,. Therefore, with a aid of Lemma 5.1, one can
conclude

'Theorem | 5.2. Let v and u, be the solutions of (5.18) and (5.20), respec-
tively. Then

1w — up|so.0, < Ch?||0%u|s0.0,, (5.26)

for some C > 0 independent on the grid size h.
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************************

Generalization

| |
| |
L e e e e e - - - o .

The above theorem, Theorem 5.2, can be expanded for more general elliptic
problems of the form

Lu:= -V - (Ax)Vu)+b(x) - Vu=f, xe€,

u=g, x el (5.27)

where A(x) = diag(a1(x), az(x)).

Let L; be the five-point central discretization of L and u; be the solution of

Lyuy, = f, X & Qh,

u, =9, x€Iy. (5.28)

'Theorem | 5.3. Let u and u, be the solutions of (5.27) and (5.28), respec-
tively. Assume h is sufficiently small for the case b # 0. Then

||u - UhHOO’Qh S ChQ, (529)

for some C' = C (2, 8*u, 0*u) > 0 independent on the grid size h.

Proof. Note that

Lhu:f+(’)(h2)
Tox € Q.
Lyuy, = f, "

Thus, we have
L (v — up) g, < CH?, (5.30)

for some C' > 0 independent on h. Now, follow the same arguments utilized in
Lemma 5.1, with Theorem 4.9 replaced by Theorem 4.10, to get

vnlloo.0 < CllLnvn |00 (5.31)

for discrete functions v;, such that v, = 0 on I';,. The inequality (5.29) follows
from (5.30) and (5.31) with v, = v — u. O
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5.1.5. The Algebraic System for FDM
Let Q) = [a,, by] X [ay, b,] and " = 0. Consider (5.18):
—Au=f, xe,
u=g, xel. (5.32)
Definition}, 5.4. Define, for some positive integers n,, n,,
hx:bw_aa:7 hy:by_ay
Ny ny
and
xp:ax+phx7 p:0717 y g
yq:aerqhy, q:()717 ) Thy
Let Aj, be the discrete five-point Laplacian (5.19):
Aptipg = (67 + 5§)upq
L Up-1g — 2Upg tUpiig | Upg1 — 2Upg + Upgii (5.33)
= 2 W .

Then, when the grid points are ordered row-wise, the algebraic system for the
FDM reads

Au = b, (5.34)
here .
v B —I/R 0
~I/2 B —I/k?
A= .. . .. (5.35)
—I/h2 B —I/h?
0 ~1/i2 B
with 7, the identity matrix of dimension n, — 1; B with d = % + - is given by
d  —1/h? 0 ]
—1/h§ d —1/hi
B= . € Rine=1)x(me=1), (5.36)
B2 d -1/
0 —1n2 d
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On the other hand,

9p—1, 9p+1,
bpq - qu + ph2 q5p—170 + th q5p+1,nm
X X
9p,q—1 9p,q+1
Y Y

(5.37)
_|_

Note: The global point index for the row-wise ordering of the interior
points, i = 0,1,2,---, becomes

i=(@—1)*xn,—1)+p—1 (5.38)

*******************************************************

'Saving and managing the algebraic system

|
|
L e e e e e e e e e e e e e e e e e e e e e e e e e e e m = o -

* For the FDM we just considered, the total number of interior nodal points
1S
(ne — 1) * (ny —1)
Thus, you may try to open the matrix and other arrays based on this
number.

* Saving nonzero entries only, the matrix A can be stored in an array of the
form
A[M][5] or A[n, — 1][n, — 1][5], (5.39)
where M = (n, — 1) * (n, — 1).
* However, it is often more convenient when the memory objects are opened

incorporating all the nodal points (including those on boundaries). You
may open the matrix as

Alny + 1][ns + 1][5]. (5.40)

Continued on the next page
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* The matrix A in (5.35) can be saved, in Python, as

rx, ry = 1/hx*x2, 1/hy**2
d = 2% (rx+ry)
for q in range(1l,ny):

for p in range(1,nx):

Alql [p][0] = -ry
Alql [p]1[1] = -rx
Afql[pl[2] = d
Afql [p][3] = -rx
Alql [p] [4] = -ry

* Let the solution vector u be opened in u[ny+1] [nx+1] and initialized along
the boundaries. Then, the Gauss-Seidel iteration can be carried out as

import numpy as np; import copy
from numpy import abs,sqrt,pi,sin,cos

# the Jacobi matrix
T = copy.deepcopy(A) # np.ndarray((ny+1,nx+1,5),float)
for q in range(1l,ny):
for p in range(1,nx):
for ¢ in [0,1,3,4]:
Tlql [p]l [c] = -Tlql [p] [c]/Tlql [p] [2]

# A function for the Gauss-Seidel iteration
def Gauss_Seidel(T,u,itmax=1):
ny,nx = leng(u)-1, len(u[0])-1
for it in range(0,itmax):
for q in range(1,ny):
for p in range(l,nx):
ulql [p] = Tlql [p] [0]*ulg-1][p] \
+T[q] [p] [11*ulq]l [p-11 \
+T[q] [p] [31*ulql [p+1] \
+T[q] [p] [4]1*ulqg+1] [p]
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5.2. Solution of Linear Algebraic Systems

In this section, we consider solution methods for the following linear sys-

tem
Ax = b, (5.41)

where A € C"*" and b € C".

In most applications of PDEs, the matrix A is real-valued and sparse. By
being sparse we mean that a large portion of entries in A is zero. For example,
the maximum number of nonzero entries in a row is five for the central FD
application to the Poisson equation in 2D.

5.2.1. Direct method: the LU factorization

Let the matrix
A = [ajj]

be factorized into LU, where
L=y, U= u]
are respectively lower and upper triangular matrices with /;; = 1.

Then (5.41) reads

Ax = LUx = b, (5.42)
which can be solved by
Ly =b,
Ux=y. (5.43)

by the forward elimination and backward substitution.
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The LU factorization can be carried out by the Gauss elimination proce-
dure. Define AV = [a!V] = [a;;] and

)

k k k
a§1> a% aéﬂ;
a22 e o o o« o o« o a‘?n
Ak — al? ood (5.44)
(k) (k)
0 0 R O A
_ B

Using the Gauss elimination procedure, A**Y and the entries of L can be
determined as

a(k+1) {aw —(Zk/a )alg’;,)’ forz’:]g_|_17...7n7 jzk,“-,n,
K (k)

aij , else, (545)

—azk /akk, 1=k+1,---.n

Then, finally
U =AM = [g\"]. (5.46)

L

The above procedure can be summarized into the following pseudocode:

Fork=1ton—1
[ Fori=k+1ton
| oy & @ @ |
if m; = 0, continue; (5.47)
ik < My,
For j=k+1ton
[ Ajj < Q5 — My Qg 3

In the output of the algorithm, the upper part including the main diagonal
becomes U, while its strictly lower part is the corresponding part of L.

Algorithm (5.47) should be modified to incorporate the so-called bf partial piv-
oting when a pivot a;; is expected to be zero or small in modulus.
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ing:

For

For

The LU factorization with partial pivoting must look like the follow-

Fork=1ton—1
max < 0 Tmax < 0 /*find pivotx*/

if (iypae = 0) stop; /*A is singularx/
if (ipax # k)
[ for j=1ton /*row interchangex*/
tmp < ay;;

1=kton
1f(\azk| > amax)
[ Amax < |azk| ; Z.max < i;

Afj < Qi s

Qi axj tmp :
itmp < intch[k]; /*save interchange*/
intch[k] < intch[i.x] ;
intch[iy.] < itmp;

(5.48)

1=k+1ton /*row operations*/
[ ™y < ai/akr;

if m; = 0, continue ;

Qi < M ;

Forj=k+1ton

[ Qjj <= Q5 — My Qfj ;

ized in advance intch[i]=i. You can use the array resulting from (5.48) to
reorder the entries of the right-hand side b. That is,

bli] < blintchl[i]l, i=1,--- |n
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Banded matrices: For a square matrix A = [q;;], if
alj:O fOI‘ ’Z—j‘ >d, Vi,j,
the matrix is called to be banded with the bandwidth d.

* In most applications with the numerical solution of PDEs, the alge-
braic system is banded.

* For banded matrices, the LU factorization algorithms presented in
(5.47) and (5.48) can be easily modified. For example, for the algorithm
(5.47), simply replace the integers n appeared as the last indices of the
i- and j-loops by min(n, k + d).
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5.2.2. Linear iterative methods

* For solving linear algebraic systems, linear iterative methods begin with
splitting the matrix A by
A=M — N, (5.49)

for some invertible matrix M.

* Then, the linear system equivalently reads
Mx = Nx+b. (5.50)
* Associated with the splitting is an iterative method
Mx* = Nx*! 4+ b, (5.51)
or, equivalently,
xF = MY(Nx"1 4 b) =x""14+ M (b - Ax" ), (5.52)

for an initial value x°.

Note:

e Methods differ for different choices of M.

* M must be easy to invert (efficiency) and
M~'~ A~! (convergence).
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5.2.3. Convergence theory

Let

from (5.50) and (5.51), we obtain the error equation

MeF = NeF!
or, equivalently,
e’ = M 'Ne" 1. (5.53)
Thus . B -
e[l < [[M™ NI - [[e" |
< [MTIN|Z- [l
(5.54)
< [MTIN|E- ]l
Clalm 5.6. A sufficient condition for the convergence is
|M~IN| < 1. (5.55)

Let o(B) be the spectrum, the set of eigenvalues of the matrix B, and p(B)
denote the spectral radius defined by

B) = Ail.
p(B) ﬁéﬁ?&;' |

\'Theorem | 5.7. The iteration converges if and only if

p(M~'N) < 1. (5.56)
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5.2.4. Graph theory for the estimation of the spectral ra-
dius

Definition} 5.8. A permutation matrix is a square matrix in which each
row and each column has one entry of unity, all others zero.

Definition} 5.9. Forn > 2, an n x n complex-valued matrix A is reducible
if there is a permutation matrix P such that

All A12 ]

PAPT =
[ 0 Ay

where Ay, and A,y are respectively r x r and (n — r) x (n — r) submatrices,
0 < r < n. If no such permutation matrix exists, then A is irreducible.

The geometrical interpretation of the concept of the irreducibility by means of
graph theory is useful.

'Geometrical interpretation of irreducibility

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

=
|
|

* Given A = (a;;) € C"™", consider n distinct points
PP, - P,

in the plane, which we will call nodes or nodal points.

Q/\.
Pi P
Figure 5.1: The directed paths for nonzero a;; and a;;.

—
* For any nonzero entry a;; of A, we connect P, to P; by a path P,P;, di-

rected from the node P, to the node P;; a nonzero «;; is joined to itself by
a directed loop, as shown in Figure 5.1.
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P1

P2 P3
Figure 5.2: The directed graph G(A) for A in (5.57).

* In this way, every n x n matrix A can be associated a directed graph
G(A). For example, the matrix

2 —1 0
A=1| -1 2 -1 (5.57)
0 -1 2

has a directed graph shown in Figure 5.2.

Definition}, 5.10. A directed graph is strongly connected if, for any
ordered pair of nodes (F;, P;), there is a directed path of a finite length

PP, PPy, -, Po Pirs,

connecting from P, to P;.

The theorems to be presented in this subsection can be found in [68] along
with their proofs.

'Theorem | 5.11. An n x n complex-valued matrix A is irreducible if and
only if its directed graph G(A) is strongly connected.

It is obvious that the matrices obtained from FD/FE methods of the Poisson
equation are strongly connected. Therefore the matrices are irreducible.
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************************************

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

j=1
j#i

Theorem| 5.12. (Eigenvalue locus theorem) Let A = [a;;] be an irre-
ducible n x n complex matrix. Then,

1. (Gerschgorin [25]) All eigenvalues of A lie in the union of the disks
in the complex plane

2. (Taussky [65]) In addition, assume that )\, an eigenvalue of A, is a
boundary point of the union of the disks |z — a;| < A;. Then, all the n
circles |z — a;;| = A; must pass through the point ), i.e., |\ — a;| = A; for
alll1 <i<n.

For example, for

2 =1 0
A= -1 2 -1
0 -1 2

A =1,Ay =2,and A3 = 1. Since a;; = 2, fori = 1,2, 3,
A —2] <2

for all eigenvalues )\ of A.
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*****************

Positiveness

| |
L e e e - - o E

Definition} 5.13. An n x n complex-valued matrix A = [q;;] is diagonally
dominant if

laii] > Ai= > lagl, (5.59)
j=1
j#i
for all 1 < i < n. An n x n matrix A is irreducibly diagonally dominant if
A is irreducible and diagonally dominant, with strict inequality holding in
(5.59) for at least one 1.

'Theorem |5.14. Let A be an n x n strictly or irreducibly diagonally dom-
inant complex-valued matrix. Then, A is nonsingular. If all the diagonal
entries of A are in addition positive real, then the real parts of all eigen-
values of A are positive.

Fm—mm———————
|
|

Lbecococoooooooo o

the Poisson equation) are positive definite, when it is symmetric.
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,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Deﬁnltlonh 5.17. For n x n real matrices, A, M, and N, A= M — Nisa
regular splitting of A if M is nonsingular with M~ > 0, and N > 0.

'Theorem |5.18. If A = M — N is a regular splitting of A and A~ > 0, then

p(A'N)
1+ p(A-IN)

p(M™IN) = <1 (5.60)

Thus, the matrix M ~'N is convergent and the iterative method of (5.51)
converges for any initial value x°.

Definition}; 5.19. An n x n real matrix A = [a;;] with a;; < 0 for all i # j is
an M-matrix if A is nonsingular and A=! > 0.

'Theorem | 5.20. Let A = (a;;) be an n x n M-matrix. If M is any n x n
matrix obtained by setting certain off-diagonal entries of A to zero, then
A= M — N is a regular splitting of A and p(M~'N) < 1.

'Theorem| 5.21. Let A be an n x n real matrix with A~ > 0, and A =
M, — Ny = M, — N, be two regular splittings of A. If Ny > N; > 0, where
neither N, — N; nor N; is null, then

1> p(My*Ny) > p(M{'Ny) > 0. (5.61)
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5.3. Relaxation methods

* We first express A = (a;;) as the matrix sum

where

F=(fij), fij= { 0

A=D-E—-F

)

D = diag(alla ag, -, Qnpn

E = (e;), eij= { a

if i > j,
else,
if i < 7,
else.

133

(5.62)

* Then, a relaxation method can be formulated by selecting M and N for a
regular splitting:

* Popular examples are

A=M—-N

Table 5.1: Relaxation methods

Methods M N

Jacobi method D E+F

Gauss-Seidel method | D — F F

SOR method Yy Bl 12¥p . p
w w

Richardson method I I—A

SOR stands for Successive Over Relaxation.

(5.63)
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5.3.1. Jacobi method

It is formulated as
Dx" = (E+ F)x" ! +b,

which is the same as choosing
M=D, N=E+F

The i-th component of (5.64) reads

i—1 n
k § : k—1 § : k—1
Ay T, = — aijxj — aijxj + bl
j=1 j=i+1

or, equivalently,
1—1 n
k 2 : k—1 2 : k—1
xi = (bl — CL,’jJ}j — aijxj )/CLZ'Z',
7=1 j=1+1

fori=1,--- ,n.

5.3.2. Gauss-Seidel method

For the choice
M=D-E, N-=F,

we obtain the Gauss-Seidel method:
(D — E)x" = Fx*! +b.

Its i-th component reads

n

i

§ ' k § ( k—1
aijxj = —Clijl’j + bi,

j=1

j=it1
which is equivalent to

1—1 n

k k k-1 :
xi:(bi—g Qij; — g ij T )/au‘, =1, ,n.

j=1 j=i+1

(5.64)

(5.65)

(5.66)

(5.67)
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Note:

e The difference of the Gauss-Seidel method (5.67) out of the Jacobi
method (5.65) is to utilize the updated values x?, j=1,---,i—1.s

* It makes the method converge or diverge twice faster asymptotically.

5.3.3. Successive over-relaxation (SOR) method

Now, we consider the third basic linear iterative method for solving Ax = b.

Choose . |
M=-D-E N=-—Y
w w

where w is called the relaxation parameter which is often set larger than
one.

With the splitting, the SOR method can be formulated as

D+F, wel(0,2),

(D —wE)x" = [(1 —w)D + wF]x*! + wb. (5.68)
Since the above equation equivalently reads
Dx" = (1—-w)Dx"!' +w(b+ Ex" + Fx" 1),

the i-th component of SOR becomes

by = (6= el = 3 apel ) fou, 5.69)

xk = (1—w)z;” + W g

fori =1, --- ,n. Note that SOR turns out to be the Gauss-Seidel method when
w = 1.
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5.3.4. Convergence of relaxation methods

Let B, £, and L, be respectively the iteration matrices of the Jacobi, Gauss-
Seidel, and SOR methods. That is,

B=DYE+F), Ly =(D-E)'F
L,=(D—-wE) "' [(1-w)D+wF].

' Theorem | 5.22. (Stein and Rosenberg [62]) On and only one of the
following mutually exclusive relations is valid:

L. p(B) = p(£1) =0,
2. 0<p(Ly) <p(B) <1,
3. p(B) =p(L1) =1,
4. 1< p(B) < p(Ly).

(5.70)

Thus the Jacobi and Gauss-Seidel methods are either both convergent or
both divergent.

'Theorem | 5.23. (Ostrowski [55]) Let A = D — E — E* be an n x n Her-
mitian matrix, where D is Hermitian and positive definite and D — wFE is
nonsingular for 0 < w < 2. Then,

p(L,) < 1 <= A is positive definite & 0 < w < 2. (5.71)

Note that the matrices D and F in Ostrowski’s theorem need not to be
diagonal and strictly lower triangular matrices.

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

is theoretically known that the convergence of SOR can be optimized when

(5.72)

w

2
1+ v1-p(B)

where B is the Jacobi iteration matrix.

However, in most cases you can find a better parameter for a given algebraic
system.
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5.3.5. Line relaxation methods

* The standard Jacobi, Gauss-Seidel, and SOR schemes are called point
relaxation methods.

* We can compute a whole line of new values using a direct method, e.g.,
Gauss elimination.

¢ this leads to line relaxation methods.

= = X=X X e X = =

X X XX X

X X IXiX X l

S 1

X X iXi X X l

L -

X X 1 X1 X X 1

L -

X X !Xi X X I

i i 1

X X iXi X X l
b I X
R =

—Au=f, xe€,

u=g, xel, (5.73)

where () is a rectangular domain in R?, and its discrete five-point Laplacian

Apupg = (532: + 5§)upq

R Up_Lq _ 2upq + up+1,q up,q—l - 2U/pq + UP7q+1 (5-74)
| h3 B2 |
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Then, for the column-wise point ordering, the algebraic system for the

FDM reads

where

Au = b,

C  —I/n?
—I/R2 ¢ —I/h2
—1/h;
0

C
—1/h,

—I/h;,
C

(5.75)

(5.76)

with I being the identity matrix of dimension n, — 1 and C being a matrix of

order n, — 1 given by

C —
2 2
Whered:ﬁJrﬁ.
x y

d  —1/2
~1/h2 d - —1/R

—1/n?

d
—1/n?

—1/n?
d

(5.77)

Note:

onal matrix.

(z,9).

¢ A line relaxation method can be viewed as a (standard) relaxation
method which deals with the matrix C' like a single entry of a tridiag-

* Once a point relaxation method converges, its line method converges
twice faster asymptotically.

* Line methods can employ the line solver in alternating directions of
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For (5.73) on p.137, we choose
Q=(0,1? n=n,=n,.

The following table includes the spectral radii of iteration matrices p(7') and
the required iteration counts £ for the convergence to satisfy the tolerance
le®[| /1le’ll < 107°.

Table 5.2: Convergence comparison

Point Jacobi Line Jacobi Point GS Line GS

n | p(T) k p(T) k p(T) k p(T) k

5 || 0.8090 66 | 0.6793 36 | 0.6545 33| 0.4614 18
10 || 0.9511 276 | 0.9067 142 | 0.9045 138 | 0.8221 71
20 || 0.9877 1116 | 0.9757 562 | 0.9755 558 | 0.9519 281
40 || 0.9969 4475 | 0.9939 2241 | 0.9938 2238 | 0.9877 1121

* GS methods converge asymptotically twice faster than Jacobi methods,
in either point or line iterations. SOR is yet faster and the line SOR is
again twice faster.

* Relaxation methods sweep over either points or groups of points. For
a faster convergence, you may let them visit the points in an order
followed by the opposite order.

* For line methods, the tridiagonal matrix can be stored in a 3-column
array, instead of a square big-fat array.
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5.4. Krylov Subspace Methods

We consider Krylov subspace methods for solving
Ax = b, (5.78)

when A is symmetric positive definite.

Given an initial guess x; € R”, find successive approximations x; € R" of
the form
Xi+1 = Xk + %Pk, k= 07 17 Ty (579)

where p;, is the search direction and «; > 0 is the step length. Different
methods differ in the choice of the search direction and the step length.

In this section, we consider the gradient method (also known as the steep-
est descent method, or the Richardson’s method), the conjugate gradient
(CG) method, and preconditioned CG method. For other Krylov subspace
methods, see e.g. [3, 33].

Note that (5.78) admits a unique solution x € R", which is equivalently char-
acterized by

. 1
i fm), f(n)= 3" An —Db-n, (5.80)

where a-b = a’b.

5.4.1. Steepest descent method

We denote the gradient and Hessian of f by /' and f”, respectively:
fim)=An—-b, [f'(n)=A
Given x;,1 as in (5.79), we have by Taylor’s formula
f(xk41) = f(xk + arps) )

= f(xp) +arf'(x) - pr+ %pk - f"(&)pr;

for some &.
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Since the element of f”(= A) is bounded,

f(Xk+1> = f(Xk) + (ka/(Xk) “Pr t O(Oéz), as «aj — 0.

The goal: to find p; and oy, such that
f(Xrt1) < f(xz),

which can be achieved if
f(xk) - pe <0 (5.81)

and oy, is sufficiently small.

Choice: (5.81) holds if we choose, when f'(x;) # 0,
Pt = —f/(Xk) =b — AXk =T (582)

*********************************

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

f(xr + arpr) = mO}H f(xx + aps),

in which case a4, is said to be optimal. If o is optimal, then

d
0 = fle+ap)| = f(x+ap) P

=0

= (A(xrp + axpr) —b) - Pk
= (Axp —b) - pr + axpk - APk
So,
Iy - Pk

— : (5.83)
pi - Apy,

Qg
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'Convergence of the steepest descent method

ey .

For the steepest descent method, the following is known

1 \*
| x —xp [|2 < (1—m> | x — xq ||2- (5.84)
Thus, the number of iterations required to reduce the error by a factor of ¢
is in the order of the condition number of A:

k> k(A logé (5.85)

Definition} 5.26. The condition number of a matrix A is

K(A) = || A]l - [|A7Y], (5.86)

for a matrix norm.
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5.4.2. Conjugate gradient (CG) method

In this method the search directions p; are conjugate, i.e.,

143

(5.87)

and the step length «;, is chosen to be optimal. The following is the original

version of the CG method.

Algorithm|5.27. (CG Algorithm, V.1)

Select xg, «;
ro =b — Axy, po = ro;

Dok=0,1,---
Qi =T - Pr/Pk - APk; (CG1)
Xpt1 = Xj + QpPr; (CG2)
1 = T — apApg; (CG3)

if H | ] HQ <é€ H Iy HQ, StOp;
Br = —Tit1 - APr/Pr - Apr;  (CG4)

Pi+1 = Tht1 + BpPk; (CGbH)
End Do

(5.88)

************

,,,,,,,,,,,,

* o in (CG1) is designed such that r;_; - p,. = 0.
You may easily verify it using r;.; in (CG3).

* r,. = b — Ax;, by definition. So,
rpq1 = b—Axp = b — A(x; + oupi)

which is (CG3).

* [ in (CG4) is determined such that p;.; - Ap, = 0.
Verify it using pj 1 in (CGH).

e The CG method finds the iterate

Xi € X + span{r, Arg, - - - ,Ak_lro}

so that (x — xj) - A(x — x}) is minimized.

= b— AXk = OékApk = Iy — Okapka
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\Theorem\ 5.29. Form =0,1,--- ,

Span{p07 o 7pm} - Spa’n{r()? o 7rm}

5.89
= span{rg, Arg,--- , A"rp}. ( )

'Theorem | 5.30. The search directions and the residuals satisfy the or-
thogonality,

Pi - Apj = 0; r;- I'j = O, 1 7é j (590)

|'Theorem | 5.31. For some m < n, we have Ax,, = b and

A) —1\"
% — x4 [l4 < 2(%) fl5e — s [l (5.91)

So the required iteration number to reduce the error by a factor of ¢ is

k> %\/K(A) log g (5.92)

Proofs of the above theorems can be found in e.g. [32].
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'Simplification of the CG method

b e e e e e e e e e e e e e o E

Using the properties and identities involved in the method, one can derive a
more popular form of the CG method.

Algorithm |5.32. (CG Algorithm, V.2)

Select xg, «¢;
rg =b — Axy, po = ro;
Compute py = ry - r;
Dok =0,1,---
ok = p/Prk * APk;
Xk4+1 = Xk + O Pk;
11 = Tj — ap Apy;
if | rpia[l2 < ellro 2, stop;

(5.93)

Pk+1 = Ti+1 " Tpt1;

Bk = Pr+1/ Pr;
Pi+1 = Tit1 + BuPr;
End Do
Note:
vy -Pr = Tk (rp+ Br—1Pr-1) = Tk - Ik,
87>
Br = —Tip1 - APi/Pr - APr = —Thi1 - Aps; .

= Tp1 - (Chy1 — Tk)/Pk = Pri1/Pr-
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5.4.3. Preconditioned CG method

The condition number of A is the critical point for the convergence of the
CG method. If we can find a matrix M such that

M~A

and it is easy to invert, we may try to apply the CG algorithm to the fol-

lowing system
M Az = M~ 'b. (5.94)

Since
k(M TA) < K(A) (5.95)

(hopefully, x(M~1A) ~ 1), the CG algorithm will converge much faster.

In practice, we do not have to multiply M ! to the original algebraic system
and the algorithm can be implemented as

Algorithm |5.33. (Preconditioned CG)

Select x¢, «¢;
rg = b — AX(), MZ() = I'p,
Po = Zg, compute py = zjro;
Dok=0,1,-
o, = pr/PLAPK;
Xk+1 = X + QkPk;
i1 = T — apApg; (5.96)
if | vt 2 < [ o 12, stop;
MZzZg11 = Tgy;

— ¥ 0
Pk+1 = 2 1T k11;5

Bk = Pr+1/ Pr;
Pit+1 = Zi+1 + BrPr;
End Do

Here the superscript * indicates the transpose complex-conjugate; it is the
transpose for real-valued systems.
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5.5. Other Iterative Methods

5.5.1. Incomplete LU-factorization

Here, we introduce Stone’s strongly implicit procedure (SIP) [63] to solve
the following linear system
Ax = b. (5.97)

* As for other iterative methods, SIP is based on a regular splitting,
A =M — N, with M being an incomplete LU factorization (ILU);

M=L;U =A+ N, (5.98)

where L; and U; are respectively the lower and upper triangular compo-
nents of the ILU factorization of A, where the entries of the main diago-
nal of U; are all one.

* The iteration corresponding to the splitting (5.98) is formulated as

LiUx* = Nx*1 + b, (5.99)

or, since N = L;U; — A,
(@) r1=b— AxF 1
(b) LU 6" =", (5.100)
(¢) xF=x""14 6"

* The iteration (5.99) converges fast, when we choose elements of L; and
U; in a way that N is as small as possible.

Mm

Figure 5.3: Systematic presentation of L;U; = M. The subscripts S, W, E, N, and C de-
note respectively south, west, east, north, and center. Note that diagonals of M/ marked by
subscripts SE and NW are not found in A.
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* For a 2D problem in a rectangular mesh where the grid points are or-
dered in the row-wise manner, the ILU factorization is in the form as in
Figure 5.3 and the row of M corresponding to the (¢, m)-th grid point is

given as

ME™
Mgy
M
ME"
My
My

‘{m
My

Ly
LU

Ly,

LUyt ¢ Lyrus 4 L, (5.101)
Ly ug™,

Lo,

Lmyrlm
Lok,

® The (¢, m)-th component of Nx is

4m 4m {m {m
(NX)K,m = NC Tem + NS Xem—1 + NW To—1,m + NE Lo+1,m

£m £m £,m
+NyN Tomi1 + Mgp Top1m—1 + My Toe—1ms1-

(5.102)

* Due to occasional instabilities, we introduce the approximations

U[I

To+1,m—1 ~

Li-1,m+1 ~
and rewrite (5.102) as

~

Oz(.CCg,m_1 + Top1m — xé,m);

(o mi1 + To—1m — Tom),

0<a<l, (5.103)

(NX)em ~ (NG™ = aMgi — oMy ) wem
—i—(Né’m + OéMégL)l’g’m_l + (Nf{,m + onﬁ}%)xg_Lm (5.104)

—l—(Né’m + aMé’gL):UgH,m + (va’m + aMﬁ%)xg7m+1.

* Set each of coefficients in the right-side of (5.104) to be zero. Then,
it follows from (5.101) that entries of IV are presented by those of L; and

Ng™ =
Ng® =
NG™ =
Ny" =

fm
NN

—1
{m {myrl—1m
—alMyy, = —aly, Uy
NW W ¥YN )
74 74 ¢ fm—1 Y4 /—1
a(Mgy + Myy) = o(Lg"Ug™ ™ + LUy ™), (5.105)
—1

Lm Imyf—1,m
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* Now, utilizing M = A+ N, (5.101), and (5.105), one can obtain Stone’s SIP

[63] 14 V4 4 1
LJ" = AJ"/(L+aUg" ),

Ly = A/(1+alUy ™),

Ly" = A" 4 (LU 4 Ly Uy ™)
T

Up" = (A" = aLg"Ug" /1",

lm Im myrl—1,m lm
UV" = (AY" = aLy"Uy ™) /L™

(5.106)

‘Remark' 5.34.

,,,,,,,,,, o

* The approximations in (5.103) are second-order accurate when a = 1.

¢ But the algorithm (5.106) can be unstable for some problems; the param-
eter « is often chosen between 0.92 and 0.96 [23].

e Entries of L; and U; used in (5.106) whose indices are outside the index
boundaries should be set zero.
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5.6. Numerical Examples with Python

Here we demonstrate a Python code for solving

—Au=f, xe€Q=(0,1)

we g X0 (5.107)

The exact solution is chosen as
u(zx,y) = sin(mz) sin(my) (5.108)
so that the right-hand side becomes
f(z,y) = 2n* sin(nz) sin(ry)

With the number of grid points n = n, = n,, the maximum errors are as
follows

Table 5.3: The maximum error ||u — up||oo-

n 10 20 40 80
[ — up]l | 0.00827 0.00206 0.00050 6.42e-05

10 Computed Solution 10 10000*(u-u_h)
il S~
. . - R =
’ =TT T = -~
o8l o o+ S LT \
1 ’ T emm T T =l - \
7’
: i \
1 " ---- -~
[ : N ~ . \\ ‘ [l
’ \ 1
0.6} N * o
1 1 1 vﬁ \ 1 ] 1
! ] ’ vor oy
;o ' " . \ oo,
S . ! \ U ! o
S Sl
[ \ \\ SeLl-t l: o 0
0.4} 04r \‘ \ \ . P
A \\ ’ I 1 '
' . toy
\ 4.0 - ! ]
\ ° S
' > A « BREEE T .’J S 1,
0.2} L A N A -7 4 ‘
o TNee .- .
.. T 16 ----m77 ’
%85 0.2 0.4 0.6 0.8 1.0 °%s 0.2 04 0.6 0.8 1.0

Figure 5.4: Contour plots of computed solution with n = 40 (left) and the 10000-times magni-
fied error (right)

The whole code is attached below.
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Elliptic_2D.py
This module solves, by the 2nd-order FD method & SOR
-(u_xx+u_yy)=f, (x,y) in (ax,bx)x(ay,by)
u=g, (x,y) on its boundary
Supporting functions are built in "util_ellip2D.py"

H OH OH H H H H

from util_ellip2D import *

nx= 40; ny=nx

itmax = 1000

tol = 1.e-6

omega = 1.8

level = 2
#H--—-—————
## End of "User Input"
#H---—-———

print 'Elliptic_2D: (ax,bx)x(ay,by)=(%g,%g)x(g,%g) ,\
(nx,ny)=Ckd,%d) ' % (ax,bx,ay,by, nx,ny)

## build up coefficient matrix & others

A = coeff matrix(ax,bx,ay,by,nx,ny,level)
b = get_rhs(ax,bx,ay,by,nx,ny,level)

U = get_exact_sol(ax,bx,ay,by,nx,ny,level)
X = init_X(U)

## solve with SOR
sol_SOR(A,X,b,omega,tol,itmax,level)

## Checking error
if level:
print " Max-error=Jg" % (error8(U,X,level))

## Want to see the figure?

if level>=3:
contourplot(U,ax,bx,ay,by, 'Exact Solution',2)
contourplot(X,ax,bx,ay,by, 'Computed Solution',2)
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H4
I

## util_ellip2D.py
#Hit
import numpy as np

from numpy import abs,sqrt,pi,sin,cos
import matplotlib.pyplot as plt

from matplotlib.mlab import griddata
from copy import deepcopy

def coeff matrix(ax,bx,ay,by,nx,ny,level=0):
matA = np.ndarray((ny+1,nx+1,5),float)
hx,hy= (bx-ax)/nx, (by-ay)/ny
for p in range(0,nx+1):
matA[0] [p]=[0,0,1,0,0]; matA[ny] [p]=[0,0,1,0,0]
for q in range(O,ny+1):
matA[q] [0]=[0,0,1,0,0]; matA[q] [nx]=[0,0,1,0,0]
rx,ry = 1./hx*%2, 1./hy**2
d 2% (rx+ry)
for q in range(1,ny):
for p in range(1,nx):

matAl[ql [p] [0] = -ry
matA[q] [p] [1] = -rx
matA[q] [p][2] =d

matA[q] [p] [3] = -rx
matA[ql [p] [4] = -ry

return matA

def get_rhs(ax,bx,ay,by,nx,ny,level=0):
vec_b = np.ndarray((ny+1,nx+1),float)
hx,hy = (bx-ax)/nx, (by-ay)/ny
for q in range(O,ny+1):
y = ay+qthy
for p in range(0,nx+1):
X = ax+p*hx
vec_blql [p] = funct_f(x,y)
return vec_b

def get_exact_sol(ax,bx,ay,by,nx,ny,level=0):
vec_u = np.ndarray((ny+1,nx+1),float)
hx,hy = (bx-ax)/nx, (by-ay)/ny
for q in range(O,ny+1):
y = ay+q*hy
for p in range(0,nx+1):
X = ax+p*hx
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def

def

def

def

def

Numerical Examples with Python

vec_ulql [p] = funct_u(x,y)
return vec_u

funct_f(x,y):
return 2*pix*2xsin(pi*x)*sin(pixy)

funct_u(x,y):
return sin(pix*x)*sin(pix*y)

contourplot (XX,ax,bx,ay,by,title,level=0):

ny,nx = len(XX),len(XX[0])

xi = np.linspace(ax,bx,nx)

yi = np.linspace(ay,by,ny)

X,Y= np.meshgrid(xi, yi)

Z = griddata(X.ravel(),Y.ravel() ,XX.ravel() ,xi,yi)
CS = plt.contour(X, Y, Z, linewidths=2,colors='k')
plt.clabel(CS, inline=2, fmt='%1.1f', fontsize=12)
plt.title(title)

plt.show()

init _X(U,level=0):
X = deepcopy(U)
ny,nx = len(U),len(U[0])
for q in range(1l,ny-1):
for p in range(1,nx-1):
X[ql [p] = 0.
return X

sol_SOR(A,X,b,omega,tol,itmax,level=0):
ny,nx = len(X),len(X[0])
for it in range(0,itmax):
err=0.
for j in range(l,ny-1):
for i in range(1l,nx-1):
gs =( b[j1[1]-(A[j] (AT [0]*X[j-1] [i]\
+A[5] (1] (11X [j] [i-1]\
+A[5] [1] [31*X[j] [i+1]\
+A[j] [1] [41*X[j+11[1i]1) )\
/ Alj][i][2]
xnew = (1.-omega)*X[j] [i]+omega*gs
err = max(err, abs(X[j][i]-xnew))
X[j1[i] = xnew
if err<tol:
if level>=1:
print "sol SOR: converged it= %d" %(it+1)
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break

def error8(X,Y,level=0):
ny,nx = len(X),len(X[0])
err3=0.
for q in range(O,ny):
for p in range(0,nx):
err8=max (err8,abs (X[q] [p]-Y[ql [p]))
return err8
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5.7. Homework

1. Verify that the overall truncation error for the FD scheme (5.14) is second-order in h,.
Hint: Define

K(z) :m)mg!@) <%>2+ ,

for the truncation errors appeared in (5.13). Then the truncation error for the approxi-
mation of (aux)l‘+1/2 — (CL'LLI)Z‘_l/Q becomes K(.Ti_;,_l/g) — K(I‘i_l/g) = th/(SL’z) + e

2. Implement a code to solve

{ —(utg)y =0, € (0,2), (5.109)

u(0) = gz, u(2) = gr,

utilizing the second-order FD scheme (5.14) on a uniform grid. At the grid point x;, your
approximation will read
—ui g+ 2uf —ufy
hZ
For the solver, you may use the simplest method (the Jacobi!) and its variant. For the
number of grid points, you may choose a convenient number, e.g., n, = 20.

= 0. (5.110)

(a) Derive (5.110).

(b) Solve to plot the FD solution for g;, = 0 and g = 2.
(The exact solution © = /22 and you may assume that the numerical solution is
nonnegative.)

(c) Solve to plot the FD solution for g; = —1 and g = 1.

. | V-1, z>1, . -
(The exact solution u = { =z z<l ) The FD equation (5.110) reads u; =

++/(u?_, +uZ,;)/2. You have to modify the iterative algorithm to choose the right
one. This step will be so hard, but I believe it is fun to conquer.

(d) (Optional) Do you have any idea overcoming the difficulty involved in (5.2¢)?

3. For the 3D Poisson equation

_(ua:ac + Uyyyy +uzz> = f> X = <x7yvz) €)= (07 1)37

(5.111)
u =0, x = (z,y,2) € 00

(a) Apply the central second-order FD method, with a uniform grid size h = h, = h, =
h., to get difference equations.
(b) Show that the maximum principle still applies.

(¢) Prove that
2

[u = unflos < 21 r}ggg(lumm, + [ugyyyl + [uzzzz), (5.112)

where u;, is the finite difference solution.
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Consider the eigenvalue problem

“Au=u, (z,y) € Q= (0,1,

(5.113)
u =0, (x,y) € 09,
where the eigenfunction u(z,y) # 0. Prove that the eigenvalues and the corresponding
eigenfunctions are
An = (m? 4+ n?)72,
(5.114)
Umn (2, y) = sin(mmx) sin(nmy),
form,n=1,2,---. (Hint: Set u(x,y) = X(2)Y (y) to plug it in (5.113).)

Modify the Python code in §5.6 to add a line SOR method, for the line either in the z-
direction or in the y-direction. Provide a convergence analysis comparing convergence
speeds between the point SOR and the line SOR.

Edit once more the Python code you just modified for Homework 5.5 to solve more gen-
eral elliptic problem of the form
_ _ — _ 2
[dl(xa y)u:v]x [dQ(J;? y)uy]y + T(l‘7 y)u - f: X € Q - (07 ]-) (5115)
u=g, x € 0f).

(a) Choose f and g accordingly such that the exact solution
u(z,y) = (1= 2" - y) (5.116)
and the coefficients
di(z,y) =2+2° —y?, do(w,y) =€, r(z,y) =x+2y.

(b) Estimate the convergence rate by running different mesh sizes, for example, n =
10, 20, 40, 80.
(c) Visualize computed solutions with 3D mesh/surface plots in Python.

(Optional) Let A = (a;;) be a nonsingular square matrix, obtained from a FD/FE ap-
proximation of an elliptic problem of the form

—V - (a(x)Vu) + b(x) - Vu + ¢(x)u = f(x), x € Q,

a(x)u, + B(x)u = g(x), xeT, (5.117)

where a > 0, c > 0, a > 0, and ) is a bounded domain in R?, 1 < d < 3, with its boundary
I' = 0). Assume that

(i) The elements in the main diagonal of A are positive and the other elements are
nonpositive, i.e., for each 7,

a; > 0; ay; <0, i #j.
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(i1) A is diagonally dominant, i.e., for each i,

aji > Z |aj|,
J#
and at least one of the inequalities is strict.

(iii) The directed graph of A is strongly connected. (The standard FD/FE methods al-
ways satisfy this condition.)

(a) Prove the following generalized maximum principle:

5.35. (Maximum Principle) Suppose that A satisfies all the above
assumptions and that

Au <0 (Au>0).

Then, the solution u has its maximum (minimum) on the boundary.

(b) Let Q2 = (0,1) and consider the 7-point FD method for the problem in (5.117). Find
conditions on the coefficients and the mesh size h with which the numerical solution
of (5.117) satisfies the maximum principle.



The 15% Rule: Turning Curiosity into Financial
Freedom

The 15% Rule
* Use 85% of your effort to become excellent at what you do.
* Use 15% to discover what else you could become.

Invest 15% of your discretionary/optional time in something out-
side your field: One day a week-or one or two hours a day:

* Put your phone away.
* Stop scrolling.
* Pick a field you know little about.

* Study it as if you were going to become the CEO of a company in that
field.

Not for a grade. Not for your résumé.
Study it because someday it may become an opportunity.

,,,,,,,,,,,,,,,,,,,,,,,,,,,,, -
|
|

,,,,,,,,,,,,,,,,,,,,,,,,,,,,, -

Don’t just ask:
How does renewable energy work?

Ask:
Where is the money made?

What problems remain unsolved?

Who are the customers?

What technologies are changing the industry?

Where could mathematics or computing create value?
If I were the CEO, what would I do?
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That changes learning from

Information — Knowledge

!

Information — Knowledge — Opportunity

Three hundred years ago, land was wealth.
Later, the industrialists came to possess wealth.

Today, wealth lies in information.

rco.- -~ -~ -~ - -~ “~"~"~“"™*"~>"¢-“"~"T"TQ"/Q" ..~ " ~" " T, =~ - "~ - “" T “ T °-~- ~ a
| |
| |

Your Learning Speed Is Trainable

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Let T, be the time required to understand the n-th field. Then
T, = 1-2 years

* However, as you keep learning new fields, you start to see common
structures:

Technology — Market — Cost — Risk
— Competition — Opportunity

* So, conceptually: T, < T}

* With practice, you will eventually reach a point where you can grasp
the essentials of a new subject in just one or two months:

T, =~ 1-2 months, for a large n

I call it the learning compound interest. It’s not just money that com-
pounds; the ability to learn compounds as well.

Here are some topic examples for the 15% Rule:
* Renewable Energy, Al for Healthcare
* Robotics, Cybersecurity
* Agriculture Technology, Stock Market

Every business or industrial R&D project focuses on optimizing five key
variables: scale, shape, direction, interface, and flow.
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Core Lessons from Robert Kiyosaki’s Rich Dad Poor Dad

* Your career earns money. Your financial system buys freedom.

* Don’t measure wealth by salary. Measure it by freedom.
High Income # Financial Freedom

The Poor Dad Mindset: The Lifestyle Trap
Imagine your salary grows:
$60K — $80K — $100K — $130K
But your spending grows with it:

$50K — $70K — $90K — $120K.

Your career improved enormously.
Your freedom did not.

A raise should increase your assets before it increases your lifestyle.

The Rich Dad Idea: Assets First
Robert Kiyosaki’s useful simplification:
Assets put money into your pocket.

Liabilities take money out of your pocket.
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® Your Greatest Asset is Time
* Avoid the Three Delays:

“I'll start when I make more money.”
“I'll invest after I buy everything I need.”
“I'll learn about finance later.”

Earn — Save/Invest — Spend

* Build a Machine, Not a Willpower Test

Good scientists automate repetitive processes.
Do the same with money.
When income arrives: automatically
save — invest — live on the remainder
Don’t make the same financial decision twelve times a year.
Design the system once.
This is essentially an algorithm for personal finance.

The poor and the middle class work for money
The rich have money work for them

e If you work for money, you give the power to your employer.

* If money works for you, you keep the power and control it.

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, ~
|
|

]

I might finish with a deliberately informal equation:

Assets + Skills + Time
Lifestyle Demand

Freedom ~

Invest time to get skills. (The 15% Rule)
Earn with your skills.

Build assets with your income.

Buy back your time.
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CHAPTER O

Finite Element and Finite Volume
Methods for Elliptic Equations

This chapter consideres finite element and finite volume methods for elliptic
PDEs defined on 1D and 2D regions.
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6.1. The Hilbert spaces

* We first define the space of square integrable functions on /:

L*(I) = {v : v is defined on I and /de:r: < 00}.
I

e The space L*(I) is a Hilbert space with the scalar product
(v,w) = /v(a:)w(:c)d:c
I
and the corresponding norm (the L?>-norm)

ol = 0 = ([ b ae)

* In general, for an integer » > 0, we define a Hilbert space
H'(I) = {ve L) : oW e LX), k=1,---,r}

with the corresponding norm (the H"(/)-norm)

" 2 1/2
o], = (/Z [Uae)(x)} dx) :
I'—o
where v(*) denotes the k-th derivative of v. It is often convenient to define

lv|, = (-/1 [U(T)(x)rdx)lﬂ, ve H(I).

* Note that L2(I) = H(I) and || - || = || - |lo = | - |o-
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The following shall be useful for the error estimate to be presented in §6.4.

* The Cauchy-Schwarz inequality reads

(v, w)| < Jo]] - [Jw]. (6.1)

* Consider the problem (D) in (6.9). Then, it is well known that
HU’HSJFQ S C”fHS? 820717”' ) (62)

for some C' > 0, independent of u and f.

The above regularity estimate holds for higher-dimensional problems
(the Poisson equation in 2D and 3D) when the boundary is smooth
enough. See Section 4.1 for the details.
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6.2. Abstract Variational Problem

Let V be a normed space and consider the following abstract variational
problem.

Find v € V such that

a(u,v) = f(v), Yv eV, (6.3)

where a(-,-) : V x V — R is a continuous bilinear form and f : V — Risa
continuous linear form.

'Theorem |6.1. (Lax-Milgram Lemma) Suppose that V is a Hilbert space

with norm || - ||. Let a(-,-) : V x V — R is a continuous V -elliptic bilinear
form in the sense that
Ja s.t. alv]]* < a(v,v), Yo eV, (6.4)

and f : V — R, a continuous linear form. Then, the abstract variational
problem (6.3) has one and only one solution.

r---~- .-~ -~ -~-~"-"-=-="""=>">"®=="~"~*"”"+“-*"~"~>"*"»“~"~“"~"~">"T>"=¥”"¥”" =¥ ~" ~ -~ 7~ -~ -~ “~" °~ “~" °~-° " _“~°~" " °“-°=°=° a
le
le

'Existence and uniqueness of the solution
Consider the Laplace equation
—Au = f7 X € Q)

(6.5)
u=0, xel =09N.

Then, using the Green’s formula, its variational problem is formulated as
follows:

Find v € V = H}(Q) such that
a(u,v) = (Vu, Vo) = (f,v) = f(v), Yv e V. (6.6)

Here the Hilbert space
H3(Q) = {v: v and Vv are square-integrable and v|; = 0}
equipped with the norm || - ||; defined as

il = 1lvllg + [Volls
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'Theorem | 6.2. The variational problem (6.6) has a unique solution.

Proof. Application of the Cauchy-Schwarz inequality shows that
[(Vu, Vo)| < [[Vaullo - [Vollo < [[Vully - [[Volly,

which implies that a(-, ) is continuous on H}(Q) x H}(Q).

Using the Poincaré inequality,

/qux < C/ |Vul?dx, Yv € Hy (), (6.7)
Q Q
or
lllg < ClIVell§ = Ca(v,v),
we obtain
[]lg + 1IVoll§ < (1 + )Vl = (1 + C)a(v, v).
That is,
1 2
- < ]
bl < a(o,0) 638)

which shows that a(-,-) is V-elliptic. Hence, by the Lax-Milgram lemma, the
variational problem has a unique solution. [

The V-ellipticity is sometimes said to be coercive.
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6.3. Finite Element (FE) Methods in 1D Space

Consider the model problem formulated in 1D space:

_u”:f? xEI:(O,l),
(D) { u=0, =01, (6.9)

which we call the differential problem (D).

* FEM begins with a variational formulation for the given differential
problem.

¢ The variational formulation is sometimes called the weak formulation.

6.3.1. Variational formulation

Define the product
(v, w) = /U(x)w(x)d:c (6.10)

and the linear space

V ={v:veC’0,1]; v is piecewise continuous

and bounded on [0, 1]; v(0) = v(1) = 0}. (6.11)

*********************

,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Use the integration by parts to have

1
/—u"v = —uv —|—/u'v' = /u’v’, VoelV.
I 0 I I

Then, (6.9) can be written as
(v, ) = (f,v), YveV. (6.12)
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Now, we define the variational problem (V) corresponding to the differen-
tial problem (6.9):

Find « € V such that
(V) (6.13)

(u',0") = (f,v), YoeV.

*********

tlons are sufﬁmently smooth.

Proof. (D) = (V)): Clear.
(D) < (V)): Let u be a solution of (V). Then,

(W', 0") = (f,v), YveV. (6.14)
Now, assume that v’ exists. Then, because

1
(u',v') = /u’v’ =u'v| — /u"v = (—u",v),
I 0 I
Equation (6.14) reads
(W' + f,0) =0, VveV.

So u should satisfy (6.9). O

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

F(v) = 5(1/,1/) — (f,v), veV. (6.15)

Then, the minimization problem (M) is formulated as

(6.16)
F(u) < F(v), YveV.

Find v € V such that
(M




170 Chapter 6. Finite Element and Finite Volume Methods for Elliptic Equations

,,,,,,,,,

problem (V).

Proof. (=): Let u be a solution of (M). Then,
F(u) < Fu+ev), YoeV, Ve e R (6.17)

Define ¢g(¢) = F(u + ev). Then, ¢'(0) = 0. Since

2

9(e) = 5 () + (ol 0') + S0, 0) — () — <(f,0), (6.18)

we have
g'(g) = [(v/,v") + (v, v") — (f,v)] = 0, YueV.

e=0 e=
So, we conclude (v/,v") = (f,v), Yv e V.
(«<=): Now, let u be a solution of (V). Then, the objective is to show F(u) <
F(v), Vv e V. For givenv € V, let w =v — u. Then, w € V and

1
F — Flu+ _ = /_|_ /, /_|_ N u+
(v) 1(u w) = 5 (u iv u ') = (f,utw) (6.19)

= ) = (fiw) + S, w) + (s w') = (f,w).

The last two terms in the right side of the above equation become zero, because
u be a solution of (V). So

F(v) = F(u) + %(w',w') > F(u), YveV, (6.20)

which completes the proof. [
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Proof. Existence and uniqueness can be proved in an abstract mathemat-
ical theory for variational problems, using the Lax-Milgram lemma, as in
Theorem 6.2 on p.167. Here we will consider uniqueness only.

(Uniqueness): Let u; and us be two solutions of (V). Then,

(uy,v') = (f,0), Vo eV,

(uh, 0"y = (f,v), Yv eV, (6.21)
which reads
(u ') =0, Vv eV, 692
Thus, by choosing v = (u; — u»), we reach at
/ (uy = ) =0, (6.23)
I

which implies «} — u, = 0 and therefore u; — us = ¢, a constant. Since u;(0) =
u2(0) = 0, the constant ¢ must be zero. Thus u; = uy, which completes the
proof. [

[Summaryjl 6.6.

e D)< (V)= (M). (when v exists)
* They admit a unique solution.
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6.3.2. Formulation of FEMs

In designing a FEM, the following four steps are to be performed:

¢ Partitioning:
The domain should be partitioned into a collection of elements of the
mesh size h.

* Subspace V;, C V and basis functions {yp;(x)}:

A finite-dimensional subspace is set to represent the numerical solu-
tion that is a linear combination of basis functions. That is,

M
un(z) = > &o;(). (6.24)
j=1

For example, ¢,(z) are piecewise polynomials (splines).
¢ Application of variational principles:
Different variational principles produce various FEMs.

— the minimization principle (Rayleigh-Ritz)

- weighted residual approaches with the weights being either the ba-
sis functions (Galerkin) or different functions (Petrov-Galerkin)

- least-square approaches

— collocation method

Simply put, this step involves formulating a relationship between
the unknown variables {¢;}.
e Assembly:

The linear system can be assembled for (&,&, -+ ,&y)T with the inte-
grals approximated by numerical quadrature.
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Let
O=xp<o1 < - - <y <y =1

be a partition of the unit interval. Define
hj:.ij—ZL’j_l, ]j:[xj—laxj]y ]:]_72”M_+_1

and
h = max h;. (6.25)

1<j<M+1

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, ~
|
|

|

Define a finite-dimensional subspace of V' as

Vi = {v €V :v is a polynomial of
(6.26)
degree < k on each I;}.

Note:
* Corresponding basis functions are determined depending on the choice
of polynomial degree k£ > 1 and therefore on the nodal points.
* Each of basis functions is related to a nodal point.
* Basis functions ¢, € V), are defined to satisfy
1, ifi=j,
0, else.

pj(xi) = bij = {
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O

|
Xj-1  Xj  Xji

Figure 6.1: The basis function ;.

(1

h_(x - x]—1)7 T e [xj—laxj]a
J
. — —1
#i(@) = 9 h-—H(x — Tj1), 2 € [r),250), (6.27)
J
.0, elsewhere.

Note:

* The functions v € V}, can be expressed as a linear combination of the
basis functions as

M
o(@) = neie), v e 0.1]

* The above expression is unique for given v € V},; in fact,

nj=v(x;), j=1,2,---,M.
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* For each interval I, = [z,_1, z;], the degree of freedom of k-th order poly-
nomials is k + 1.

It requires to choose k£ + 1 nodal points in each interval.

* As for the linear FEM, the two endpoints can naturally become nodal
points.

We should select £ — 1 extra nodal points inside the interval I;.

* In the literature, a common practice is to select those nodal points in
such a way that the numerical quadrature of the integrals is as accurate
as possible when the nodal points are used as quadrature points.

* Such selection is related to the family of orthogonal polynomials such as
Legendre polynomials and Chebyshev polynomials; see Appendix B for
details.
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The most popular FEM is the Galerkin method, which is a weighted resid-
ual approach with the weights being basis functions.

Weighted residual approaches:

* Let P(u) = —u”". For the differential problem (6.9), define the residual
R as
R(v) =Pv) — f (6.28)

* Then, we have
R(u) = P(u) — f = 0. (6.29)

M
* However, for u,(z) = Z Eipj(x),
j=1

R(up) = P(up) — f # 0, in general. (6.30)

* Weighed residual approaches are seeking an approximate solution
M
up(x) = ij@j(fﬁ)
j=1

which satisfies
/R(uh) w(zx)dr =0, (6.31)
T
for a sequence of weight functions w(z) € {w;(x)}, which is also
called trial functions.

* When the integration by parts is utilized, (6.31) reads

(up, w') = (f,w) (6.32)
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‘The linear Galerkin method'

For the subspace V}, of linear basis functions {p;(x)}, let
wi(r) = @i(T) (6.33)

Then, the linear Galerkin FEM for the differential problem (6.9) is formulated
as

Find u, € Vi, s.t. (1), ©)) = (£, 1), Vo € Vi, (6.34)

As in §6.3.1, one can show that (6.34) admits a unique solution.

* Given basis functions {p;(x)} C V3, the numerical solution uj, is uniquely
expressed as

M
un(z) = ) &o;(). (6.35)
j=1

¢ The numerical solution must be the solution of a variational formulation.
For example, the solution of the linear Galerkin FEM satisfies

(up, ;) = (f, i), Vi € Vi (6.36)
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************************************************

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

The next objective is to assemble a linear system for the unknown vector
€:=(£,8&, -+ ,&y)T. From (6.35) and (6.36),

M
(uh, 97) = ij(%f?;;%@;) = (f, i), Vi € Vh. (6.37)

j=1

Since u;, = E ¢, we can rewrite the above equation

M
Z @]7902 f 80@) 1= 17 7M' (638)
j=1

Define
a; = (5, 95),  bi = (f, i) (6.39)

Then, (6.38) equivalently reads the algebraic system of the form

A€ = b, (6.40)
where A = (a;;) is an M x M matrix and b = (by, by, - ,by)T is the source
vector.

Note:

* The matrix A has good properties such as being symmetric and positive
definite.

* We will show them later; we first consider details for the computation of
;5 and bz
* Note that

aij = (), ) = / (@)l (e)de =0, if i —j| > 2.

because the support of ¢; is [z;_1,2;41]. Thus, there are only three cases
for nonzero entries of A:

j=i—1,4,i+1.
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h—(.r —xj1), € [zj1, x4,
)
() = —1
pi(T) = < T ” (x —2j31), € [T),7)01],
J
|0, elsewhere.

Q;i—1 = (Sﬁé—h%) :/ 90;—1<5’3)90§(x)d$
w11 1
_ L dr = —
L“m h T h

Case j = ¢: Again utilizing (6.41), we have

Ti+1
as = (Pl = / (@) (x)dx

Tit1 1 1
- p)de = — |
/ / S S

Case j =1+ 1:

Ti41
Qji+1 = (90;+1a90;) :/ 902+1(5’7)90;($)d5’7

S R | -1
z Nirr hina hiv1

7

Computation of b;: Finally, it can be done as

A hi + hi
—(fe) = | f@ela)de ~ 20

Ti—1

where f has been approximated by f; = f(z;) on [z; 1, x;11].

179

(6.41)
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,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

]I)eﬁmtlonﬁ 6.10. A matrix S = (s;;) € RM*M ig said to be positive defi-
nite if

M
= Z 77232377] > 07 VU € RM: n 7é 0.
1,j=1

It has been known that a matrix S is symmetric positive definite if and only if
all eigenvalues of S are strictly positive.

Proof. Symmetry is easy to see, because

aij = (¢}, ;) = (¥, ¢}) = aji.

Given n € RM | we define v( Z n;¢j(z). Then

n- An = Z My = Z ICREAT

e v (6.42)

= (meé,me}) >0,
; j

with equality satisfied only if v = 0, and therefore only if v = 0 because
v(0) = 0; which implies that equality holds only if n = 0. This completes the
proof. [
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Figure 6.2: The element /; = [x; i, z;] and the basis functions for the cubic FE method.

re - - " T T T T T T T T T T - a
le
e

'Higher-order FEMs

,,,,,,,,,,,,,,,,,,,,,,,,,,

* Higher-order FE methods introduce higher-order basis functions.

* Figure 6.2 presents the element /; = [z; 1, x;] and the basis functions
each of which is cubic in 7.

¢ Since the degree of freedom for cubic polynomials is four, we need to pro-
vide four independent information to determine the polynomial uniquely.

* For the purpose, one can choose four distinct points (including two edge
points), as shown in Figure 6.2. The points are called the nodal points.
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,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, ~
|

Construction of cubic basis functions

r
|
L e e o e e o e e e e e e e e e e e e e e e = ]

* Let the nodal points be given and denoted by ¢,, p =0, --- , 3.
* Then the local basis functions ¢; on the element I; must read

gpj(gp)zéjlh ]7]9:0, 73-

* The above property can be satisfied the cardinal functions:

3
m=0
m#

and they can serve as basis functions.

¢ It is often to choose Gauss-Lobatto points for the nodal points; see Ap-
pendix B for details.

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, ~
|
|

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, .}

We generalize the above argument for FE methods utilizing piecewise kth-
order polynomials k£ > 1, as follows:

* Select extra (k — 1) nodal points such that each element /; has (k + 1)
nodal points including the two edge points.
* Denote them by ¢,,, m =0,--- , k.
* Define the local basis functions as
k

m =20

m# j

* The basis functions associated with the edge points must be extended
both side for the final form of the basis functions.
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6.4. An error estimate for FEM in 1D

Let v and u; be the solutions of Problem (V) in (6.13) and Problem (V};) in
(6.34), respectively. Then,

(W', v) = (f,v), YvevV,

6.44
(up,,v") = (f,v), Yv e V. (6.44)
Note that V;, C V. Thus it follows from the above equations that
(v —uj,v') =0, Vv eV, (6.45)
'Theorem | 6.12. For any v € V,,, we have
I(w —wn)'l] < [[(u —v)||. (6.46)

Proof. Given v, an arbitrary function in V},, let w = u,—v € V},. Then, utilizing
(6.45) and the Cauchy-Schwarz inequality, we have

[(w—uwn)[* = ((u—up), (u—wup))
= ((u—w), (u—un)) + ((u—un), 0
= ((u—wup), (u—u,+w))
= ((u—w), (u—v))
(= up)'[| - [ (w = )],

<
from which (6.46) follows. [
Note:

* The inequality (6.46) allows us to analyze the error ||(u — u,)’|| quanti-
tatively.

* That is, we can choose v € V), suitably to estimate the right side of
(6.46).

* We shall choose v to be the interpolant of u, 7,u, which interpolates
v at all the nodal points z;. See Figure 6.3.

Now, one can prove that for x € [0, 1],

2

h
u(z) = mhu(z)] < T (&)1, (6.47)
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A

THU

|
0 X; X

Figure 6.3: The solution u and its interpolant 7 u.

[u'(x) — mpu'(z)| < hgren(%ic) [u” ()] (6.48)

(See Homework 6.2.) The above inequalities hold for any (sufficiently smooth)

function u and its interpolant 7,u. The estimates are called the interpolation
estimate.

e It follows from (6.48) and Theorem 6.12 that
[(w —up)llo < Chluls, (6.49)

for some constant C' > 0, independent of h.

e Since .
=) = | [ w=wywa
< H(U o Uh)/HO - (/O'x 12dt>1/2
< l(w—wn) o,
we have

|(u —up)(x)| < Chluls. (6.50)
* Therefore, from (6.49) and (6.50),

lu — uplls < Chluls. (6.51)
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-
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,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

'Theorem | 6.13. Let u and u;, be the solutions of Problem (V) and Problem
(V},), respectively. Then

lu — up|lo < Ch*|uls, (6.52)

where C' > 0 is independent on h.

Proof.

Let ¢ = u — uj,. Then, we know from (6.45) that
(e,v") =0, YveV,. (6.53)

We shall estimate (e, ¢) = ||e||3 using the so-called duality argument which
is popular in FEM error analysis.

Let ¢ be the solution of the following dual problem

—¢"=e, xel,
=0, x=0orl. (6.54)

Then, from (6.2) with s = 0,
16ll2 < Cllello, (6.55)

where C' > 0 is independent on e.

Using the integration by parts and the fact that ¢(0) = e(1) = 0,
(67 6) = (67 _¢//) = (6/7 ¢l) = (6/7 ¢/ - 7Th¢/)7

where 71,0 € V), denotes the interpolant of ¢.

Now, apply the interpolation estimate (6.48) to ¢ and use the regularity
estimate (6.55) to get

lell§ < llellr - lle = muoll < llells - Chllz < Chlle]ls - [lello.
Thus dividing by ||e||o and utilizing (6.51), we finally reach at
lello < Chllells < Ch?[ul,

and the proof is complete. [
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e Error estimate for the linear FEM

The error estimates in (6.51) and (6.52) can be rewritten as

lu — up|ls < CR*®|uly, s=0,1. (6.56)

* Error estimate for general-order FEMs

When piecewise k-th order polynomials (k > 1) are employed for the basis
functions, one can use the same arguments presented in this section to
show

lu — upls < CRFY S |ufpge, s =0,1,--- k. (6.57)
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6.5. Other Variational Principles

The FEM we have consider so far is the Galerkin method, one of weighted
residual approaches.

There have been other variational principles such as

¢ the minimization principle (Rayleigh-Ritz methods),
* least-square approaches,
¢ collocation methods, and

e weighted residual approaches with the weights being different from the
basis functions (Petrov-Galerkin methods).
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6.6. FEM for the Poisson Equation

Let Q C R? be bounded domain with its boundary I' = 9() being smooth.

Consider A ; o
—Au = J, X &lil
(D) { w=0, xeT. (6.58)

where x = (z,y) = (71, x2).

6.6.1. Integration by Parts

To derive a variational form for (6.58), we first introduce the divergence theo-
rem. Let A = (a1, as) be a vector-valued function on R2. Then divergence of
A is defined as

Jda;  Oay

V-A=—+—.

8301 + 8.@2
Let n = (n1, ny) be the outward unit normal to I' and
" on N (9331 ! (9332 2

' Theorem | 6.15. (Divergence theorem) Let A = (ai,a,) be a vector-
valued differentiable function on a bounded region 2 in R?, with its bound-
ary I'. Then

/V-Adx:/A-nds, (6.59)
Q r

where s is the element of arc length.
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* Apply the divergence theorem to A = (vw,0) and A = (0, vw) to read
/ i(vw)alx = /vwn ds
o 01y r o
/ i(vw)dx = /an ds
0 02 r e
which implies
v wdx = /vwnids — 08w dx, 1=1,2 (6.60)
o 0x; r o Oz
* Thus we have the Green’s formula
ov ow  Ov Ow
Vv - Vwdx =
/g; v wax _/Q [(91‘1 81’1 * 81'2 633'2]
ow 0%w
= —nqds — d
Fvﬁxlnl S QU8x12 X
ow 0w
—nods — d
+ Fva@ng S QU(?:L“QZ X
= va—wds — / vAwdx.
r On Q
That is,
(Vo, Vw) =< v,wy > —(v, Aw), (6.61)
or equivalently
(—Aw,v) = — < wy,v > +(Vw, Vo), (6.62)
where < v,w >= [ vwds.
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The Variational Formulation

r il
| |
e E

* First, define the linear space

V ={v:v e C%0); Vv is piecewise continuous

and bounded on Q; v(x) =0, x € I'}. (6.63)

* Let
a(u,v) = / Vu - Vudx.
0

Define the variational problem (V)

Find v € V such that
V (6.64)

a(u,v) = (f,v), Yve V.

The minimization problem (M) is formulated as

Find v € V such that
(M) (6.65)

F(u) < F(v), Yv eV,

where

Fv) = %a(v, o) = (f,0).

Then, as for the 1D model problem in §6.3.1, one can prove that

¢ problems (D), (V), and (M) are equivalent when the solution u is suffi-
ciently smooth, and

* they admit a unique solution.
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Figure 6.4: Triangulation 7}, of ().

6.6.2. The Formulation of FEMs

To define an FEM for the Poisson equation (6.64), we need to follow steps
as for the FE method for the 1D problem presented in §6.3.2:

* Triangulation
* Subspace V}, C V and basis functions
* Application of variational principles

* Assembly for the linear system

r-.- - - - - - - ST - T--TTT T TS Z-T T T~ a
|
|

'Step 1. Triangulation

L e e e e e e e o — - -

e Let K;, j =1,---,m, be nonoverlapping triangles such that
j
= Ugnzﬂi it

we assume that no vertex of a triangle lies on the edge of another triangle
as shown in Figure 6.4.

* Let h be the longest side of edges of the triangles, i.e.,

h = max diam(K;).
J

* Then the collection of such triangles composes the finite elements

771, - {K17K27'°' 7Km}
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® The *.mesh file, which saves an FE mesh, consists of

nPT the number of vertices (points)
nEL the number of elements/triangles
(x,9); the vertices

(n1,n9,n3); | the connectivity
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**********************************************************

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

* For the linear FE method, for example, we define a subspace of V' as

Vi, = {v €V :v is linear on each K,}. (6.66)

* The corresponding basis functions {y;} are as
where N, are the vertices, the nodal points.

* Each basis function ¢; restricted on an element K, one vertex of which is
N;, is linear of the form

pi(x) =ax; +bra+ ¢, x€K;. (6.68)

* Then the solution of the locally linear FEM can be expressed as

M
un(x) =Y &;(x), for some M > 0. (6.69)
j=1

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, -
|
|

‘Step 3. Application of Variational Principles
The linear Galerkin FEM for (6.64) can be formulated as
Find u;, € V}, such that
(Vy,
a(up,v) = (f,v), Yo € V.

E

(6.70)

The error analysis for the linear Galerkin method can be carried out following
the arguments in §6.4.

'Theorem | 6.16.
Let u and u;, be the solutions of (6.64) and (6.70), respectively. Then

lw — up|ls < Ch**luly, s=0,1, (6.71)

where C' > 0 is a constant independent on h.

It is fun to prove the theorem; challenge it for an extra credit, or more impor-
tantly, for your pride!
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As in (6.69), let

X) = ijgoj(x), for some M > 0.

Then, the algebraic system for (6.70), a(un,v) = (f,v), can be formulated as
A€ =D, (6.72)
where &€ = (&, ,&y)7 is the solution vector and

A= (aij),  aij = alpj, i),
b= (b, -, bx)", bi:=(f )

Note:

* Asfor the 1D problem in §6.3.2, the matrix A is symmetric and positive
definite.

* Thus the system (6.72) admits a unique solution.

,,,,,,,,,,,,,,,,,,,,,,,

Let the stiffness matrix be A = (q;;). Then,

ai; = alpj, pi) = Y aj, (6.73)
KeTh
where
ag = ak(p;, i) = / V; - Vpidx. (6.74)
K

Definition} 6.17. The element stiffness matrix Ay of the element K is

K K K
ajp Qip A3

_ K K K
A = | ay ap Qa3

K K K
asz) QA3z9 (33

where each component can be computed from (6.74).
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* The stiffness matrix A can be constructed through the contributions from
the element stiffness matrices Ax, K € 7.

* Looks complicated? We will deal with an efficient method for the compu-
tation of a{]{ in a separate section; see §6.6.3.

6.6.3. Assembly: Element stiffness matrices

* The computation of the element stiffness matrix
AX = (af§> c R33

is not a simple task for the element K € 7, in a general geometry.

* To overcome the complexity, we introduce the reference element K and
an affine mapping F' : K — K. See Figure 6.6.

ad

Figure 6.6: The affine mapping F': K — K.

The reference element K: It has the following three vertices
a; = [0,0]", a, =[1,0", a3 =[0,1]7, (6.75)
and the corresponding reference basis functions are

P1(X) =1—-71 — 72, Pa(X) =21, P3(X) = To. (6.76)
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roT - TS T T T T T T T oS T T T T T a
le
le

' Affine mapping F

L e e e e m m o E

e The mapping F : K — K (X — x) must be defined as

That is, the corners and the basis functions of K are defined as the affine
images of those of K.

* Let J be the Jacobian of the affine mapping F"

P [E R e
0r; 0%
® Then, it follows from the chain rule that
Voi=J1Vg;, j=1,23, (6.79)

where J7T is the transpose of /!, which implies

a{? = /KVgpj-Vgoidx

(6.80)
= [ 718 (715 et ax
K

Note:

* Every affine mapping in R" has the form BX + s, where B € R"*" and
s € R".

* From some algebra, it can be shown that
F(X) =[as —aj,a3 — a1]X + a; (6.81)
Thus

J = [az —ap,az — a1] € R2X2. (6.82)
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6.6.4. Extension to Neumann boundary conditions

Consider the following problem of Neumann boundary condition

—Au+u=f xeq,

6.83
un =9, xel. ( )

For the problem, it is natural to choose V = H'(Q) for the linear space.

Integration by parts:

e It follows from the Green’s formula (6.62) that (6.83) reads

(Vu, Vo) + (u,v) = (f,v)+ < g,v>, veV. (6.84)
* Define a(u,v) = (Vu, Vo) + (u,v),
F(0) = galv,0) = (f,0)= < g,v >

* Then, one can formulate the variational problem

Find u € V' such that
V) (6.85)
a(u,v) = (f,v)+ < g,v>, YveV,
and the minimization problem
Find v € V such that
M (6.86)
F(u) < F(v), YveV.

Note:
* In (6.85) the boundary condition is implicitly imposed. Such a bound-
ary condition is called a natural boundary condition.

* On the other hand, the Dirichlet boundary condition as in (6.58) is
called a essential boundary condition.

* For the problem (6.85), an FEM can be formulated as for (6.64); a
similar error analysis can be obtained.
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6.7. Finite Volume (FV) Method

Here we will discuss one of easiest FV methods formulated on a rectangu-
lar domain. For problems on more general domains or convection-dominated
problems, the FV method can be more complicated. However, the major ideas
would be near around the same corner.

Consider the following problem of general diffusion coefficients

—V - (aVu) = f, x €,

6.87
u=0, xel. ( )
‘Formulation of FV methods
. . .
. . .
Kpq
. . .

Figure 6.7: Cell-centered FV method on a uniform mesh of grid size h, x h,. For this case,
each cell is a control volume.

1. Triangulation:

Let 2 be a rectangular domain partitioned into elements, called cells. For
simplicity, we assume all cells are rectangular of size h, x h,. See Figure 6.7.

2. Localization:

Let ¢,, be the characteristic function of the cell K, i.e.,

1, if x e K,
Dpa(%) = { 0, else. "
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3. Variational principle:

Multiplying the first equation of (6.87) by ¢,, and integrating the result over
the domain 2, we have

/Q—V-(CLVu)qbpqu:/K —v-(avu)dx:/ fdx.

pq qu

Therefore, from the divergence theorem,

—/ Ay, ds = / f dx, (6.88)
aqu qu

where s is the edge element and n,, denotes the unit out normal to 0K,,.

4. Approximation and evaluation:

Now we have to evaluate or approximate the quantity au,, along the bound-
ary of the cell K.

On 0K,, N 0K,11, (“East”, the right vertical edge), for example, it can be ap-
proximated as

u — U
Ay, (X) & Qpi1)2g p“’qh P4 x € 0K,y NOKyi1,, (6.89)

where the approximation is second-order accurate.

Thus
h

(E) L - CLUnpq (X)dS ~ h—yapﬂ/g,q(upﬂ’q — up,q)- (690)
pa 10K pi14 x

The same can be applied for other edges. That is,
h

~ Y
KpqNOKp_1,4 hx
T

(N) Ay, (X)ds ~ h_ap,q+1/2(up7q+l — Up,g) (6.91)
KpgNOKp 11 hy
T

(S) i, (X)ds ~ h_ap,q—1/2(up7q—1 — Upq)

KpgNOKp, g1 Y
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The right-hand side term:

The right-hand side term of (6.88) can be integrated by the mass-lumping
technique to become h,h, f,,. That is,

/ fdx ~ hohyfo. (6.92)
K

pq

For (6.88), combine (6.90), (6.91), and (6.92) and divide the resulting equa-
tion by h,h, to have

_[1 1

which is the same as the finite difference equation for interior nodal points.

ﬁapﬂ/?,q(upﬂ,q — Upg) + ﬁapfl/lq(“p—l,q — Upg)
X X

1 1
“"ﬁap’qﬂ/?(up,qﬂ - “p,q) + ﬁap,q—lﬂ(umfl - unq)
y y

T Op1j2,0Up-1g T (p-1/2,4 F Qpi1/2,4)Upg — pi1/2,4Up+14 (6.93)
h
—pg—1/2Upg—1 + (Apg-1/2 F Apgr1/2)Upg — Gpgi1/2Upg+1
h
- qu

Convection term:

When a convection term b - Vu appears in the differential equation, the same
idea can be applied. For example, since b - Vu = bju, + byu,, in 2D,

/b - Vugydx = / (bruy + bouy)dx
0 K

by (6.94)

Up+1,g — Up—1,9 Up,g+1 — Up,g—1
hxhy bl,pq + b2,pq )
2h, 2h,

Q

which is again the same as the FD method.
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¢ The idea used in the above is the basis for the finite volume method
defined on control volumes (CV5s).

* Here we have put the nodal points at the center of the rectangular
cells and used the cells for the CVs. Thus the method is sometimes
called the cell-centered finite difference method.

* At interior points, the algebraic equations obtained from the FV
method are equivalent to those of the second-order FD method (on
rectangular meshes) or the linear FE method (on triangular meshes).

* Boundary conditions must be treated accurately. See Homework 6.3.

* When the nodal points are set on the corners of the cells, the CV should
be determined such that it contains the nodal point in an appropriate
way; the CVs are nonoverlapping and their union becomes the whole
domain.
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6.8. Average of The Diffusion Coefficient

* The conormal flux au, on a interface denotes the mass or energy move-
ment through the interface.

* Thus it must be continuous (mass/energy conservation), on the inter-
faces of finite elements or control volumes. That is,

AUy, (X) = —aUy,,, (X), X € 0K NIK,11, (6.95)

* Such a physical consideration gives a way of approximating the diffu-
sion coefficient a to get a more physical (and therefor more accurate)
numerical solution.

r--—-——>"™"">"""~>"">"- ~"~"~"T>"7"“-~"~"~" =~~~ -~ " “~“"~“" " T -~ “"~"~"~“ """~ - " - “"°-°-°=-°-°7°-"-=7~—-=7=°7=7 a
|
|

Approximation of the diffusion coefficient

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

* Let a be locally constant, i.e., constant on each cell.
* Then conormal flux in (6.88) on 0K,, N 0K, can be approximated as

Ue - qu

Ay, (X) R Gpg 2 x € 0K,y N 0Ky, (6.96)
where v, is introduced to represent the solution on the interface 0K,, N
0K pi1,4.
¢ From the other side of the interface, we have
Ue — U
i, (X) ~ apﬂ,qﬁ, X € 0K g N OK 1, (6.97)
* Here the goal is to find a such that
Ue — U Uprlg — Ue  ~Uptlg — U
g~ /2’“1 = %m% =a (6.98)

It can be solved as

1
a= F (i + ! )] : (6.99)
2\ap;  apri1yg

which is the harmonic average of a,, and a, 1.
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6.9. Numerical Examples with Python

¢ A Python code is implemented for solving

—Uze = f, x € (0,1)

w—g w=0 1. (6.100)
using high-order Galerkin FE methods.
¢ The exact solution is chosen as
u(zx) = sin(mz) (6.101)

so that the right-hand side becomes
f(z,y) = 7°sin(rz)

* For various number of grid points n, and the order of basis functions £,
the maximum errors are found as in the table below.

Table 6.1: The maximum error ||u — up||oo-

k
1 2 3 4

Ty
2 | 0.234 0.00739 0.000428 1.67e-05

4 | 0.053(2.14) 0.000562(3.72) 1.45e-05(4.88) 3.37e-07(5.63)
8

16

0.013(2.03) 3.67e-05(3.94) 4.61e-07(4.98) 5.58e-09(5.92)
0.00322(2.01) 2.31e-06(3.99) 1.45e-08(4.99) 8.84e-11(5.98)

The numbers in parentheses denote convergence rates. Note that super-
convergence is observed for k > 2.

The following shows the main routine FEM_1D_High Order.py, the user param-
eter file USER_PARS.py, and the core functions for the construction of the stiff-
ness matrix.



204 Chapter 6. Finite Element and Finite Volume Methods for Elliptic Equations

## FEM_1D _High Order.py

##-- read USER _PARS and util ---—————-
from USER_PARS import x*

from util FEM_1D import x*

level = 2
print_USER_PARS(level)
from fem_1d import *

# ____________________________________
A = stiffness mtx(level)
b = get_rhs(level)

dirichlet BC(A)

ALU = mtx_banded lu(A,level)
mtx_banded lusol (ALU,b)

U = exact_sol(level)
print "L8-error = %.3g" Y (max_difference(U,b))

## USER_PARS.py

ax,bx = 0.,1.0;
nx = 20
poly order = 3

## fem_1d.py

def stiffness mtx(level=0):
A = np.ndarray((row,col),float)
init_array(A)
for e in range (nx):

g0,gl = exkpoly, (e+1)*kpoly
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x1l,xr = XG[e],XG[e+1]
E = element_stiffness(xl,xr,kpoly)
for i in range(kpoly+1):
for j in range(kpoly+1):
A[g0+i] [kpoly+j-i] += E[i] [j]
return A

def element_stiffness(xl,xr,kpoly):
kpoly+1
np.ndarray((m,m),float)

m
E

init_array(E)

XL,WT = local_points_weights(xl,xr,kpoly)

XT = get XT(XL)

for i in range(m):

for j in range(m):
for 1 in range(m):

dphi_i_xl=eval_dphi(i,kpoly,XL[i],XL[1],XT)
dphi_j_xl=eval_dphi(j,kpoly,XL[j],XL[1],XT)
E[i] [jl+=(dphi_i_x1#*dphi_j x1*WT[1])

return E
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6.10. Homework

1. Consider the model problem (6.9). Verify that the algebraic system from the linear
Galerkin method is equivalent to that of finite difference method when the mesh is
uniform, i.e.,

h=h; i=1,---,M4+1,

2. Prove (6.47) and (6.48). Hint: In each subinterval [; = [z,_;, z;], the difference between
v and its linear interpolant can be expressed as follows: for x € I,

u(z) — mpu(x) = M(m —zj_1)(x —x;), forsome &; € I,.
(See (1.10)on p.5.)
3. Let O = (0,1)? and " = 992 and consider
V- (@x)Vu) = f, x€Q,
u=gp, x € I'p, (6.102)

Aty = gn, x €'y,

where I' = I'p UT'y and I'p and I'y are distinct nonempty boundary portions corre-
sponding to the Dirichlet and Neumann boundary conditions, respectively. Consider a
FV method on a rectangular cells with cell-centered nodal points, as considered in Sec-
tion 6.7. Design to suggest numerical methods for an effective treatment for each of the
boundary conditions. (You may assume gp = gy = 0, if you want.)

4. Consider the following 1D elliptic problem of general form

—((1+ 2¥)uy)y + Su, = f, € (0,1)

uz(0) = gn, w(l) =gp (6.103)

Choose the exact solution as in (6.101):
u(z) = sin(mx)
and correspondingly the right side f and the boundary data, gy and gp.

(a) Formulate the Galerkin method for (6.103).
(b) Modify the Python code in §6.9 to solve the above problem.
(c) Carry out an error analysis as in Table 6.1.

5. Assume that v(z) € C'[a,b] and v(a) = 0. Prove that the one-dimensional Poincaré

inequality
b—a

/
v .

v]lo < (6.104)

Hint: You may begin with

v(z) = v(a) + /ax V'(t)dt = /: V' (t)dt.
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Thus, by the Cauchy-Schwarz inequality

[ < () ([Cora)” 6108

< vr—all[o

Now, square the inequality and then integrate over the interval.

[o(2)]

IN

6. Use the arguments in the proof of Homework 6.5 to prove the Poincaré inequality (6.7)
when Q = (0,1)%:

/u%zx < 0/ |Vul?dx, Yo € Hg(Q), (6.106)
Q Q

for some C' > 0. Try to determine the constant C' as small as possible. (Note that

AﬂmwzlfvmwmwzfAV@ww@
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CHAPTER ¢

FD Methods for Hyperbolic Equations

This chapter considers finite difference methods for hyperbolic PDEs. We be-
gin with numerical methods for the linear scalar wave equation. Then, numer-
ical methods for conservation laws are treated along with nonlinear stability.
A Python code is included for the Lax-Wendroff scheme to solve the one-way
wave equation.
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7.1. Introduction

Consider the initial value problem

w+Au, =0
u|t:0 = UO(ZE);

(7.1)

where A = [a;;] € R™™ and u is a vector function of m components, m > 1.

* The problem (7.1) is well-posed if and only if all eigenvalues of A are real
and there is a complete set of eigenvectors [27].

* Such a system is called (strongly) hyperbolic.

* We will restrict our discussions to such hyperbolic problems.
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Let {¢1, -, on} be the complete set of eigenvectors corresponding to the eigen-
values {1, -+ , A\ }. Define a matrix

S:[¢17”' 7¢m]7 F:dlag(Ah 7)\m)
Then, from linear algebra theory, we obtain

A=STS (7.2)

Apply S~ to (7.1) to have

Sl +T S u, =0
Slulip = S~ug(x). (7.3)

Let u = S~ 'u. Then, (7.3) is reduced to the following m scalar equations

az’,t—{_}\iﬂi,x:o; ’i:l,"',m, (74)
az‘|t:0 = az',o(llf)-
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Hence the chapter begins with discussions focusing on the scalar equation:

ur+au, =0,  (x,t) € QX J,

u(z,0) =up(z), x€Q, t=0, (7.5)

where Q@ = (a;,b,) C Rand J = (0,7], T > 0, the time interval. Here the
boundary condition is ignored for simplicity. (Or, we may assume {2 = R.)

When a is a constant, (7.5) has the exact solution

u(z,t) = up(z — at). (7.6)
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7.2. Basic Difference Schemes

We begin with our discussion of finite difference (FD) schemes for (7.5) by
defining grid points in the (z,¢) plane.
Let Ax and At be the spatial and temporal grid sizes, respectively; then the

grid will be the points
(T, ") = (MmAz, nAt)

for integers m and n > 0. For a function v defined either on the grid or for
continuously varying (z,t), we write v for the value of v at (z,,,t"), i.e.,

v = v(xy,, t").
Let

S"i=Q x (1" 1]
be the nth space-time slice. Suppose that the computation has been performed
for v/ = {u/ }, 0 < j < n — 1. Then, the task is to compute u" by integrating
the equation on the space-time slice S”, utilizing FD schemes.
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The following presents examples of the forward-time (explicit) schemes for

(7.5):
(a)

(b)

(c)

(d)

(e)

n n—1 n—1 n—1
U — Uy, Un  —Una
+a =0,
At Ax
n n—1 n—1 n—1
Um — ’Um Um+1 — Um -
+a =0,
At Ax
n n—1 n—1 n—1
+a =0,
At 2Ax
n n—2 n—1 _  n—-1
Um — Uy, + Um+1 Um—1 —0
2At 2Ax ’
n—1 n—1
n o __ v7n+1+v7n—1 n—1 _ n—1
Um 2 + avm—|—1 Um—l
At 2Ax

(7.7)

(leapfrog)

= (0. (Lax-Friedrichs)

These explicit schemes shall be exemplified in describing properties of numer-

ical methods.
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7.2.1. Consistency

The bottom line for accurate numerical methods is that the discretization be-
comes exact as the grid spacing tends to zero, which is the basis of consistency.
Recall the definition of consistency.

Definition}, 7.1. Given a PDE Pu = f and a FD scheme Pa, nu = f, the
FD scheme is said to be consistent with the PDE if for every smooth function

(1)

Pp— Paond — 0 as (Az,At) =0,
with the convergence being pointwise at each grid point.

Not all numerical methods based on Taylor series expansions are consistent.
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Proof. For the one-way wave equation (7.5),

9, 9,
Po = (at+“—>¢ b1 + 0.

For the forward-time forward-space scheme (7.7b),
gb?n o (b?%_l m+1 ¢n !
Ar T Ag

To find the truncation error of the numerical scheme, we begin with the Taylor
series in x and ¢ about (z,,,t"):

Pry a9 =

At
" = ¢ Aty (2, ") + 7%(%, " + O(A),
2

A
¢Z;+11 = ¢:Ln71 + Az ¢y (2, tnil) + Tx¢m(xm> tnil) + O(Axg)-
With some algebra, one can obtain
At
Pazsth = ¢1+ ady + —-6u + e —bu + O(A2” + AF),

Thus, as (Az, At) — 0,

At A
Po — Payntg = _7¢tt - a7x¢m + O(A:L‘2 + Atz) — 0

Therefore, the scheme is consistent. [
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7.2.2. Convergence

A numerical method is said to be convergent if the solution of the FD scheme
tends to the exact solution of the PDE as the grid spacing tends to zero. We
redefine convergence in a formal way as follows:

Definition}, 7.3. A FD scheme approximating a PDE is said to be convergent
if
w(z,t) —uy, — 0 as (r,,t") — (z,t) as (Ax, At) — 0,

where u(z,t) is the exact solution of PDE and u', denotes the the solution of
the FD scheme.

Consistency implies that the truncation error
(Pu — PAJ;’AtU) — 0

as Ar and At approach zero. So consistency is certainly necessary for con-
vergence. But as the following example shows, a numerical scheme may be
consistent but not convergent.



218 Chapter 7. FD Methods for Hyperbolic Equations

—
a X

Figure 7.1: The characteristic curve passing the origin of the zt-plane.

vergent, when a > 0.

Proof. The scheme (7.7b) is consistent from Example 7.2. The problem (7.5)
has the exact solution
U(.CU,t) - UO(:U - at)v

a shift of ug by at. The lines having the slope 1/a in the xt-plane become
characteristics of the problem; when a > 0, the characteristic curve passing
the origin is shown in Figure 7.1.

On the other hand, the scheme (7.7b) can be rewritten as

ol =0l —aA (ol =) = (14 e\l — e, (7.8)

n
m m m

where A = At/Azx. Let the initial data be given

1, if z <0,
up(x) = 0, else.

Since it is natural for the scheme to take the initial data

0 ]_, lf T S O,
v =
m 0, else,

it follows from (7.8) that

vy =0 Ym >0, n>0.
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L
+,

uf=1 ul=0 X

Figure 7.2: The forward-time forward-space scheme for u; + au, = 0, a > 0.

—

See Figure 7.2. The above holds for any choices of Az and At. Therefore, v/,
cannot converge to the exact solution u(z,t) in (7.6). O

Showing that a given consistent scheme is convergent is not easy in general, if
attempted in a direct manner as in Homework 7.1. However, there is a related
concept, stability, that is easier to check.
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7.2.3. Stability

Example 7.4 shows that consistency is not enough for a numerical method to
guarantee convergence of its solution to the exact solution. In order for a con-
sistent numerical scheme to be convergent, the required property is stability.

Recall the L?-norm of grid function v:
00 1/2
ol = (82 3 foul?)

Definition}, 7.5. A FD scheme Pa, av = 0 for a homogeneous PDE Pu = 0 is
stable if for any positive T, there is a constant Cp such that

J
[0"llae < Cr Y 107l 8 (7.9)

J=0

for 0 < t" < T and for Ax and At sufficiently small. Here J is chosen to
incorporate the data initialized on the first J + 1 levels.
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n n—1 n—1
vy = au, "~ + ﬁvmﬂ.

Then they are stable if |a| + |3]| < 1.
Proof. Indeed, for the scheme (7.7a),

221

0 0
Spl = > o+ Bop P
m=—o0 m=—oQ
0
< S Jaup P+ 2aBul i B P
m=—00
o0
< S [aPll R a8l P + i 2 + 18P e P
m=—00
[o.@]
= 3 (ol + 18D
m=—00

Thus the scheme is stable if |o| + |5| = |1 — aA| + |aA| < 1, where A = At/Ax.
Therefore, a sufficient condition for stability of (7.7a) is 0 < aX < 1. The

analysis is similar for (7.7b); it is stable if —1 < aX < 0. O

The stability inequality (7.9) can be easily satisfied when
10"l a < (1 + CA[[V" | au,

for some C' > 0 independent on At.

(7.10)
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'Theorem | 7.7. (Lax-Richtmyer Equivalence Theorem). Given a well-
posed linear initial value problem and its F'D approximation that satisfies the
consistency condition, stability is the necessary and sufficient condition for
convergence.

The above theorem is very useful and important. Providing convergence is
difficult for most problems. However, the determination of consistency of a
scheme is quite easy as shown in §7.2.1, and determining stability is also eas-
ier than showing convergence. Here we introduce the von Neumann analysis
of stability of FD schemes, which allows one to analyze stability much simpler
than a direct verification of (7.9).

The von Neumann analysis

A simple procedure of the von Neumann analysis reads

* Replace v" by g"¢™" for each value of m and n.

* Find conditions on coefficients and grid spacings which would satisfy |g| <
1 + CAt, for some C > 0.
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The Courant-Friedrichs-Lewy (CFL) condition

The von Neumann analysis is not easy to utilize for rather general problems,
in particular, for nonlinear problems. In computational fluid dynamics
(CFD), a more popular concept is the so-called CFL condition.

]Theorem\ 7.8. Given an explicit scheme for u; + au, = 0 of the form

n n—1 n—1 n—1
Um - Oévmfl + ﬁvm + fyvm+1

with A = At/Ax held constant, a necessary condition for stability is the
Courant-Friedrichs-Lewy (CFL) condition

laA| < 1.

Proof. Let At = 1/n, for some n > 1. Then the physical domain of dependence
for the exact solution at the point (x,¢) = (0, 1) must be (+a,0), i.e.,

u(0,1) = up(£a).
On the other hand, it follows from the FD scheme that the numerical solution
v depends on v°, |m| < n. Since
mAzr = mAt/\A < nAt/\ =1/,
we can see that the numerical solution at (0, 1), v, depends on z for |z| < 1/\.
Suppose |a)| > 1. Then we have |a| > 1/\. So v depends on z for
lz| < 1/X < |al.

Thus v cannot converge to the exact value u(0,1) = ug(+a) as Az — 0 with
A = At/Ax keeping constant. This proves the theorem. [

One can see from the above theorem and proof that

stability requires the numerical domain of dependence contain the physical

domain of dependence.

This physical observation is very useful for stability analysis for certain non-
linear problems [40].
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7.2.4. Accuracy

We define the order of accuracy for numerical schemes for PDEs.

Definition} 7.9. (Order of accuracy). Let Pa, ou = Raqa:f be a numerical
scheme for Pu = f. Assume that for every smooth function ¢,

PAm,At¢ = RAx,At(P¢) + O(Axp) + O(Atq).

Then, the scheme is said to have the p-th order accuracy in space and the g-th
order accuracy in time, and denoted by the “accuracy order (p,q) in space-
time".

For example, the forward-time forward-space, forward-time central-space, and
leapfrog schemes for (7.5) have the accuracy orders (1,1), (2,1), and (2,2) in
space-time, respectively.
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Crank-Nicolson (CN) scheme: Consider the one-way wave equation with a

source term
uy + au, = f. (7.11)

The scheme is based on central differences about (z,t"~'/2), where ¢"~'/? =
(t"~1 +#")/2. Since

W (T, "% = m_A—tquO(At?),

U (Tyny 1) + Up (T, 171)

Ux(xma tnil/Q) = 9 + O( )
L[ Upyq — Upy g u%jrll Uy, 11 2 2
= - A A
2 oAz 9Ax +O(Az") + O(AL),
n—-1/2y  _ fn f! 2
f(xp,,t ) = 5 + O(At?),
we obtain the CN scheme
o — 1 a Un—i—l — . ,Unlll _ ,Un—ll fn + fn—l
m m = m m— m m— — m m .12
NI [ 2Ar | 2Ax } > (2

where the truncation error is
O(Az?) + O(At?).

Thus the CN scheme has the accuracy order (2, 2).
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It follows from the von Neumann analysis presented in §7.2.3 that the ampli-
fication factor for the CN scheme is
1= i% sin

B 1+i%sim9’

A

A= —.
Ax

g9(")

Thus its magnitude is identically one and therefore the CN scheme is stable
for every choice of Ax and At (unconditional stability).

Note: The numerical solution of the CN method (7.12) may involve oscilla-
tions when the initial data is nonsmooth.

For a wide range of PDEs, the CN scheme is unconditionally stable and of
a second-order accuracy in both space and time. These two advantageous
properties have made the scheme quite popular.
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7.3. Conservation Laws

The conservation laws in one-dimensional (1D) space have the form

%u(az, t) + %f(u(a:, t)) =0. (7.13)

Here
u:RxR—=R"

and f : R™ — R™ is called the flux function. For simplicity, we may consider
the pure initial value problem, or Cauchy problem, in which (7.13) holds for
—o00 < x < oo and t > 0. In this case we must specify initial conditions only

u(z,0) = up(x), —o0 <z < 0. (7.14)

We assume that the system (7.13) is Ayperbolic. That is, the Jacobian matrix
f'(u) of the flux function is

¢ of real eigenvalues, and

e diagonalizable, i.e., there is a complete set of m linearly independent
eigenvectors.

In 2D, a system of conservation laws can be written as
w + f(u)y + g(u), =0, (7.15)

where
w:R*xR—=R" fg:R"—R™
7.3.1. Euler equations of gas dynamics

Consider “a tube" where properties of the gas such as density and velocity are
assumed to be constant across each cross section of the tube. Let p(z,¢) and
v(x,t) be respectively the density and the velocity at point x and time ¢. Then

€2
mass in [xr1, ;| at time t = / p(x,t)dx.
T
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Assume that the walls of the tube are impermeable and that mass is neither
created nor destroyed. Then the mass in a section [z, xs] can change only
because of gas flowing across the end points x; and z,. The rate of flow, or flux
of gas at (z,t) is given by

mass flux at (z,t) = p(z,t) v(z,1).

Thus, the change rate of mass in [z1, x5] is

T2

7 p(x,t)dr = p(xy,t)v(zy,t) — p(xe, t) v(2a,t), (7.16)

which is one integral form of conservation law.
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Integrate (7.16) in time from ¢; to ¢; to have

[ otwtis = [ platis

T T

fg t2
-I-/ p(xl,t)v(xl,t)dt—/ p(x9,t) v(xa, t)dL.
tl tl

This is another integral form of conservation law.

Geometric interpretation for (7.17):

229

(7.17)
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Derivation of differential form: Now, assume p and v are differentiable.
Since

1

tg a
p(z,t2) — p(z, t1) =/ aﬂ(%t) dt,
t
To 8

p(ajg, t) U(:C?? t) - p(xh t) U(Ila t) = (p(a:, t) U<5U7 t)) dz,

I

or
the equation (7.17) reads

ta T2 - 9 ¢ d t t)ddt—() (7.18)

Since this must hold for any section [z, z5] and for any time interval [t;, 5],
the integrand in (7.18) must be identically zero, i.e.,

pt + (pv), = 0. (conservation of mass) (7.19)
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Euler equations of gas dynamics:

Pt + (pﬂ)x =0,

E, + (v(E +p)), = 0.

(pv) + (pv® +p), = 0,

(conservation of mass)
(conservation of momentum)

(conservation of energy)

The rule of thumb (in the derivation of conservation laws) is that

231

(7.20)

¢ For any quantity z which is advected with the flow will have a contribu-

tion to the flux of the form zv.

¢ Besides advection, there are forces on the fluid that cause acceleration
due to Newton’s laws. Since we assume there is no outside forces, the
only force is due to variations in the fluid itself; it is proportional to the
pressure gradient for momentum and proportional to the gradient of vp

for energy.
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The pressure variable can be replaced by additional equations of physics,
called the state equations. For gases,

1
E = §pv2 + pe, (total energy)

p=RpT, (pressure: ideal gas law)

e =c,T, (specific internal energy: polytropic gas)
h=e+p/p=cT, (enthalpy: polytropic gas)

Y= ¢p/Cu, (ratio of specific heat)

R =c, —c,. (polytropic gas)

The polytropic gas is such that the internal energy is proportional to the tem-
perature, so the coefficients ¢, and ¢, are constants, called respectively the
specific heat at constant volume and the specific heat at constant pressure. (In
general, “specific" means “per unit mass".)
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The equation of state for a polytropic gas: Note that 7' = p/(Rp) so that

c c 1
GZCUT:_UZ—?: v ]—): p

Rp c¢—cp ~v-1p

Thus the equation of state for a polytropic gas is

1
E=—L_ L 2 (7.21)
vy—1 2

Isothermal flow: Assume the temperature is constant through the tube.
Then, from the ideal gas law,

p=RpT =d’p,

where a = v RT is the sound speed. Thus the isothermal equations read

p pu _
[Pv]t+[pv2+a20L_0' (7.22)
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7.4. Shocks and Rarefaction

7.4.1. Characteristics

Consider the linear advection equation

up + au, = 0,

u(z,0) = up(z). (7.23)

The exact solution is simply
u(z,t) =up(x —at), t>0.

The solution is constant along each ray = — at = zy. Such rays are known as
the characteristics of the equation.

Note that the characteristics are curves in the z-t plane satisfying the ODE
2'(t) = a, x(0) = z(. Let us differentiate u(z,t) along one of these curves to find
the change rate of the solution along the characteristics:

d 0 0 ,
au(w, t) = au(x, t)+ %u(x, t)r' =w + auy =0,

which confirms that u is constant along the characteristics.

There is a fundamental property of linear hyperbolic equations: singularities
propagate only along characteristics.



7.4. Shocks and Rarefaction 235

Nonsmooth data: We consider the so-called vanishing-viscosity approach.
Let u° be the solution of
Up + AUy = EUgy. (7.24)

Then u° is smooth for ¢ > 0 even if 1, is not smooth, because it is the solution
of a parabolic equation.

Note that (7.24) simplifies if we make a change of variables to follow the char-
acteristics:
v (x,t) = u'(x + at,t).

Then ¢ satisfies the heat equation
vi (@, t) = evg,(w,1).

Thus, after solving the heat equation, we can compute u*(x,t) = v*(z — at,t)
explicitly. It is easy to verify that the vanishing-viscosity solution is equal to
uo(x — at):

lgr(l)u (x,t) = u(x,t) = ug(x — at).
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7.4.2. Weak solutions

A natural way to define a generalized solution of the inviscid equation that
does not require differentiability is to go back to the integral form of the con-
servation law. We say u(z,t) is a generalized solution if (7.17) is satisfied for
all z1, z9, t1, and ts.

There is another approach that results in a different integral formulation that
is often more convenient to work with.

Let ¢ € C}(R x R™). Multiply u; + f(u). = 0 by ¢ and integrate over space and

time to have o
/ / [pus + o f (w),] de dt = 0.
0 —00

Using integration by parts gives
/ / [pru + dp f (w)] d dt = / o(x,0)u(x,0)dx (7.25)

Definition} 7.10. The function u(z,t) is called a weak solution of u;+ f(u), = 0
if (7.25) holds for all ¢ € C}(R x RY).
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Known facts:

* Any weak solution satisfies the original integral conservation law.
* The vanishing-viscosity generalized solution is a weak solution.

* For nonlinear problems, weak solutions are often not unique, and there-
fore an additional problem is often considered to identify which weak so-
lution is the physically correct vanishing-viscosity solution.

* There are other conditions to avoid working with the viscous equation di-
rectly. They are usually called the entropy conditions. Thus the vanishing-
viscosity solution is also called the entropy solution.
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7.5. Numerical Methods

7.5.1. Modified equations

In this subsection, we briefly review accuracy and stability for the Riemann
problem of the linear advection equation:

ur+au, =0, zeR, t>0,
1, <0, (7.26)
uo(w) = 0, z>0.

The exact solution is given

u(z,t) = up(x — at). (7.27)

Consider the following numerical schemes:

urtt—up  Ur-ur,

- I 4! - I =0, (explicit one-sided)
ol _ UintUin n o _m
j - 2 +a ]+12h i=1 — 0, (Lax-Friedrichs)
e - (7.28)
J J +a J+1 Jj—1
k 2h

Un, —2U" + U
_§a2 J+l h; i1 —0. (Lax-Wendroff)
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Lax-Wendroff scheme: Note that
L T

ur(j, t") = I §utt - Euttt -
Since
Uy = —au,,
we have
Uy = (W) = (—QUg)t = =AUy = —QUyy
= —a(w), = —a(—auy), = a*uy,

Therefore, the Lax-Wendroff scheme can be obtained by taking care of u; =
a’u,, by the central scheme; its truncation error is

k? h? k? h?
_Euttt - agux:m' +- = Eagumcx - aguxmx +
W2 ok

Thus, when h and £ are sufficiently small, solving (7.26) by the Lax-Wendroff
scheme is equivalent to solving the following equation exactly:

ﬁa

Up + au, = %2a( — 1)umx. (7.29)

Equation (7.29) is called the modified equation of (7.26) for the Lax-Wendroff
scheme. By analyzing (7.29) in PDE sense, one can understand the Lax-
Wendroff scheme.
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Finite difference equation was introduced in the first place because it is easier
to solve than a PDE; on the other hand, it is often easier to predict qualitative
behavior of a PDE than difference equations.

Dispersion analysis: Equation (7.29) is a dispersive equation of the form
Up + AUy = PUlgry. (7.30)

To look at a Fourier series solution to this equation, take u(z,t) as

o) = [ ", Hese,

(.¢]

where ¢ is the wave number. Here the purpose is to see that the Fourier
components with different wave number ¢ propagate at different speeds (dis-
persion).

Due to linearity, it suffices to consider each wave number in isolation, so sup-
pose that we look for solution of (7.30) of the form

u(x,t) = e'ler=, (7.31)
where ¢ = ¢(§) is called the frequency. Plugging this into (7.30) gives
c(§) = af +ué’. (7.32)

This expression is called the dispersion relation for (7.30).
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Define

cp(&) = c(€)/€, (phase velocity)

cy(&) = (&). (group velocity)
The phase velocity is the speed of wave peaks or in single frequency, while the
group velocity is the speed of energy in wavetrain.

Then, for the modified equation of Lax-Friedrichs scheme in (7.29), we have
cp:a+,u52, Cqg = a+ 32 (7.33)
Recall that the CFL condition reads
laX| = |ak/h| < 1.

Thus, when the Lax-Friedrichs scheme is stable, the coefficient i for (7.29)
must be nonpositive, i.e.,

h? k2
= Ea<§a2 — 1) <0, (7.34)

which implies from (7.33) that both the phase velocity and the group velocity
are smaller than the actual velocity a.
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Remarks:

* For the step function in (7.26), the Fourier spectrum decays only as

up(§) = O(1/¢), as [§] — oo.

(For smooth solutions, its Fourier spectrum decays exponentially.)

® Thus for the Lax-Wendroff scheme, dispersion becomes visible near
x = c4t.

(although the scheme satisfies the stability condition.)

* The numerical solution is oscillatory in the upstream (behind).
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Beam-Warming scheme: This method is one-sided second-order venison of
the Lax-Wendroff scheme:

n+1 n n n n
k o (7.35)
_Ea : » = 0. (Beam-Warming)

Then the associated modified equation reads

(7.36)

U + Uy = fUyzy, M= —a|2———a+ 5a

o= T i)

Remarks:

e Since i > 0 for sufficiently small k, the group velocity will be larger than
the actual speed a; there must be oscillation propagating faster than the
shock speed.

e Here the point is that a upwind modification is not sufficient enough to
cure oscillation.
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Upwind (one-sided) scheme: For the explicit one-sided scheme in (7.28),
one can find its modified equation as

1 k
Up + AUy = € Uyy, € = 5ha<1 — Ea). (7.37)

Note that the stability requires ¢ > 0. This is a heat equation; the solution
must be diffusive.
When the dispersion analysis is applied for (7.37), the dispersion relation is
complex-valued as

c(€) = a& — ie€?,
It is not appropriate to analyze dispersive behavior of the solution. What we
can claim is that the solution is diffusive.
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7.5.2. Conservative methods

Consider the Burgers’s equation in conservation form:

u2

w + (7) —0. (7.38)

It can be rewritten in advection form

uy + uu, = 0. (7.39)

When we consider the advection form, a natural (explicit) numerical scheme
reads

ygrtl —pyn ur—yn
JTJ + UJnJ—J—l —0. (7.40)

h
When e.g. the initial value is given as

1. 7<0
0 __ y J )
Uj‘{o,jzo,

one can easily verify that
1_ 770 -
U, =U;, Vj.
For other initial values, the scheme easily involves a large error in the shock
speed. Why? Answer: It is not conservative.
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Conservative methods: Consider the following conservative form of conser-
vation law

u + f(u), = 0. (7.41)
Its simple and natural numerical method can be formulated as
n+1 n n n n n n n
Uj+ — U 4 F(Uj—p’ Uiy j+q> — F(Uj—p—l’UJ—pH’ o ’Uj+q—1) =0
k h ’
(7.42)

for some I’ of p + ¢ + 1 arguments, called the numerical flux function.

In the simplest case, p = 0 and ¢ = 1. Then, (7.42) becomes

k
Uit = Uy — CIF(UF,Uy,) — F(UR,, UD)L (7.43)
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The above numerical scheme is very natural if we view U as an approxima-
tion of the cell average u7,

1 e
u; = E/ u(z, t")dx.
Tj—1/2

Consider the integral form of the conservation law (7.17),

Tjt1/2 Tjt+1/2
/ u(z, " de = / u(x, t")dx

Tj—1/2 i Lj—1/2 b1 (744)

+ (u(wj_1/2,t))dt — / fu(zjiiye,t))dt.

tTL tn

Then, dividing by h, we have

tn—‘rl

1/ "
ﬂnJrl — ﬂ” - < (u($j+1/27 t))dt — (u(xj—l/Za t))dt) . (745)

J j h t'fL t?L

Comparing this with (7.43), we can see that the numerical flux F(U},U? )
plays the role of an average flux at © = x;,4/, over the time interval [t",¢"*!]:

tn+1

1
F(US, U = / Fu(j41/2,t))dt. (7.46)

tn

The Godunov’s method is based on this approximation, assuming that the
solution is piecewise constant on each cell (z;_1/2, Zj11/2)-
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Upwind scheme: For the Burgers’s equation (7.38), the upwind scheme in
conservative form reads

krl 1
n+1 n n\2 n 2
where .
U7 Up) = 5(U7)?

Lax-Friedrichs scheme: The generalization of the Lax-Friedrichs scheme
to the conservation law takes the form

n 1 n n k: n n
U; = §(Uj'—1 + U ) — o fWUy) = fU)], (7.48)
which can be rewritten in the conservation form by taking
n n h n n 1 n n
F(Uj ) j+1) = E(Uj - j+1) + §(f(Uj ) + f( j+1))' (7.49)
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7.5.3. Consistency

The numerical method (7.43) is said to be consistent with the original conser-
vation law if the numerical flux I’ reduces to the true flux f for the constant
flow. That is, if u(x,t) = u, say, then we expect

F(@,3) = f(@), VaeR (7.50)

We say F'is Lipschitz continuous at u if there is a constant K > 0 (which may
depend on ) such that

[F(v,w) — f(@)] < K max(|o - @, | — 1)),

Note that the Lipschitz continuity is sufficient for consistency.
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7.5.4. Godunov’s method

n n k n n
Uj+1 - Uj h[F(U ]+1) F(U}: j— 17U )], (7.51)
where
1 N
FU},Ujy) = A " fu(zji1y2,t))dt = f(u™ (U}, UL y)). (7.52)
Here

* u(x,t) is the piecewise constant representation of the solution, over the
grid cell (z;_1/9, 7;11/2)-

e w*(U7,U},,) is the Riemann solution on {z; 1/} x [t", "],

* The method is consistent.

e Stability of the method requires to choose k£ small enough to satisfy

k
o= Emﬁx\f’(U}?)] <1,

where o is called the Courant number.
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7.6. Nonlinear Stability

To guarantee convergence, we need some form of stability, just as for linear
problems. Unfortunately, the Lax-Richtmyer Equivalence Theorem no longer
holds and we cannot use the same approach to prove convergence. In this sec-
tion, we will consider one form of nonlinear stability that allows us to prove
convergence results for a wide class of practical problems. So far, this ap-
proach has been completely successful only for scalar problems. For general
systems of equations with arbitrary initial data, no numerical method has
been prove to be stable or convergent, although convergence results have been
obtained in some special cases.
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7.6.1. Total variation stability (TV-stability)

We first define the total variation (TV) over [0, T] by

TVr(u) = limsup— / / u(z +e,t) —u(x,t)| dedt

=0 (7.53)
+ lim sup — / / u(z,t+¢) —u(x,t)| dz dt.
e—0
Define
HUMT—/ |v||1 dt = / / (x,t)| dx dt
and

K={ueLr:TVr(u) <R and Supp(u(-,t)) C [-M,M], Yt € [0,T]}. (7.54)

When we consider numerical solution U = {U!'}, piecewise constant, then

~
~Z

koo
™) = Y Y [ n = U+ h|UT — U;ﬂ
j==00 (7.55)

= > [kTvEr) + ot - vg)h.

N3
= |
O

i
o
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Definition} 7.11. We will say that a numerical method is total variation
stable (T'V-stable), if all approximations U, for k < k, lie in some fixed set of
the form (7.54) (where R and M may depend on the initial data u, and the flux
function f(u), but not on k).

'Theorem |7.12. Consider a conservative method with a Lipschitz continuous
numerical flux F(U; j). Suppose that for each initial data u,, there exists some
ko, R > 0 such that

TV(U") <R, Vnkwithk<ky, nk<T. (7.56)

Then, the method is TV-stable.

'Theorem | 7.13. Suppose U, is generated by a numerical method in conser-
vation form with Lipschitz continuous numerical flux, consistent with some
scalar conservation law. If the method is TV-stable, then it is convergent in

the following sense
dist(Up, W) — 0, ask — 0, (7.57)

where W = {w : w(z,t) is a weak solution}.
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7.6.2. Total variation diminishing (TVD) methods

We have just seen that TV-stability of a consistent and conservative numer-
ical method is enough to guarantee convergence, in the sense in (7.57). One
easy way to ensure TV-stability is to require that the TV be nonincreasing as
time evolves, so that the TV at any time is uniformly bounded by the TV of
the initial data. This requirement gives rise to the very important class of
methods.

Definition}, 7.14. The numerical method U/ = H(U™; j) is called total vari-
ation diminishing (TVD) if

TV U™ <TV(U™) (7.58)

for all grid functions U".

It can be shown that the true solution to the scalar conservation law has this
TVD property, i.e., any weak solution u(z,t) satisfies

TV(U(’,tQ)) < TV(U(,tl)) for to > 1. (759)

Thus it is reasonable to impose TVD on the numerical solution as well, yield-
ing a TV-stability and hence convergence method.
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7.6.3. Other nonoscillatory methods

Monotonicity preserving methods|: A method is monotonicity preserving
if U™, n > 1, are monotone for a monotone initial data u,.

'Theorem |7.15. Any TVD method is monotonicity preserving.

Another attractive feature of the TVD requirement is that it is possible to
derive methods with a high order of accuracy that are TVD. By contrast, if we
define “stability” by mimicking certain other properties of the true solution,
we find that accuracy is limited to first order. Nevertheless, we introduce
some of these other concepts, because they are useful and frequently seen in
the literature.
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[;-contracting methods|: Any weak solution of a scalar conservation law

satisfies
lu(-,to)]lr < |lu(-t1)]1, forte > t. (7.60)

More generally: If u and v are both entropy solutions of the same conservation
law (but possibly with different data), and if uy — vy has compact support, then

[u(-,t2) —v(- )|l < fJul-,t1) — v t)ll,  forta >t (7.61)

This property is called L;-contraction. In discrete space [, for grid functions
U = {U;} we define the /;-norm by

WUl =h Y |Ujl.
Jj=—00

In analogy to the L-contraction property (7.61) of the true solution operator,
we say that a numerical method

Urtt =HU"; j) (7.62)

is li-contracting if any two grid functions U” and V" for which U" — V" has
compact support satisfy

U™ — v < U = VO (7.63)
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'Theorem |7.16. Any [,-contracting numerical method is TVD.

Proof. The proof depends on the following important relation between the
1-norm and TV: Given any grid function U, define V' by shifting U as

Vi=U;—1, V.

Then ]
TV(U) = LU = V]

Now, suppose the method (7.62) is [;-contracting. Define V" = U ;. Note that
the methods under consideration are translation invariant, i.e.,

n+1 __ n, ;
‘/jj - - %(V 7.])
Thus [;-contraction implies
1
Tv(Un—i—l) — EHUn—i—l o Vn+1H1
1
< —|\\U*=Vv"
< o= vl
= TV(U")
and hence the method is TVD. [

provided the CFL condition is satisfied.
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'Monotone methods|: Another useful property of the entropy-satisfying weak
solution is as following: If we take two sets of initial data ¢ and vy, with

vo(x) = uo(x), Va,
then the respective entropy solutions v and v satisfy
v(z,t) > u(z,t), Va,t. (7.64)
The numerical method U ;‘“ = H(U™; j) is called a monotone method if
an > U]’?‘ . an+1 > U}H—l’ Y. (7.65)

To prove that a method is monotone, it suffices to check that

0

n.i) > i U .
8U[‘H(U :7) >0, Vi, 5, U (7.66)

This means that if we increase the value of any U then the value of U}”‘“
cannot decrease as a result.

provided that the CFL condition is satisfied, because

HU™ ) = 507+ Ua) = o[£ = (U2

satisfies . "
5 ?(1+éf(Uj1)>a =71,
nH(Un;j):< (1 _Noprrm L
GUZ 2(1 hf( ]—i—l))u Z_]+1>
0

otherwise.

-~
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'Theorem |7.19. Any monotone method is l,-contracting.

To summarize the relation between the different types of methods considered
above, we have

monotone = [;-contracting = TVD

= monotonicity preserving

'Theorem | 7.20. A monotone method is at most first-order accurate.

'Theorem | 7.21. The numerical solution computed with a consistent mono-

tone method with k/h fixed converges to the entropy solution as k — 0.

Note that the numerical solution by a TVD method converges to a weak solu-
tion that may not be the entropy solution. However, the notion of TV-stability
is much more useful, because it is possible to derive TVD methods that have
better than first-order accuracy.

We close the chapter with the following well-known theorem:

'Theorem |7.22. (Godunov). A linear, monotonicity preserving method is at
most first-order accurate.
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7.7. Numerical Examples with Python

A Python code is implemented for the Lax-Wendroff scheme in (7.28), for solv-
ing
u + auy, =0, (x,t) € (—=1,6) x (0,2]
1, ze]0,2] (7.67)
w(w, 0) = { 0, elsewhere,

where a = 1.

Lo 1.2 . .
—  Exact r*\
1
1.0f| -- Lax-Wendroff | ———
0.8} n i |
1 I
1 1
0.8 I \
S |
506} |
2 5 09/ ‘.
8 -g I [
I S ‘ ‘
= G 04 [
g04f f
I
(
0.2t ! ‘
1
0.2} | .‘ \
0.0 ——
L| f
\J
007 0 1 2 3 Z 5 6 027 0 1 2 3 4 5 6
X X

Figure 7.3: The Lax-Wendroff scheme: (left) The initial solution and (right) the solution at
t=2.
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The following shows the main routine lax_wendroff .py:

def lax_wendroff (UO,ax,bx,nx,T,nt,a,level=0):
hx,ht = (bx-ax)/nx, T/nt
if level>=1:
print ("Lax-Wendroff: a=Yg, nx=%d, nt=}d, hx=lg, ht=lg")\
%(a,nx,nt,hx,ht)

U =np.ndarray((2,nx+1),float)
for i in range(nx+1):
U[0] [i]=U0[i]; U[1][i]=0.

alam = axht/hx
alam2= alam**2
for n in range(0,nt):

id0,id1 = n%2, (n+1)%2

for j in range (1,nx):

U[id1] [j1=U[id0] [j]-(alam/2.)*(U[id0] [j+1]1-U[id0] [j-11)\
+(alam2/2.)*(U[1d0] [j+1]1-2.xU[id0] [j1+U[id0] [j-11)

return U[id1]

261
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7.8. Homework

1. Find conditions on a and )\ with which the FD schemes in (7.7.a)-(7.7.c) are stable or
unstable.

2. Consider the leapfrog scheme (7.7.d).

(a) Derive the relation

oo
Z o2+ o[+ aX (oo, — o)

m=—0oQ

o0
= > fop P+ i P+ ad(uponh = v o)
m=—0o0
o0
= > (n P+ 0P+ aX(vh,vd,y — vh iy vh,)
m=—o0

(Hint: Multiply the leapfrog scheme by v + v"~! and sum over all m.)
(b) Show that

(L=laA)) D fomt P nl? < (L4 Jadl) D fol® + Jon .
(Hint: Use the inequality —3 (2% + y?) < zy < 3(2? + ¢?).)
(c) Conclude the scheme is stable if |a)| < 1.

3. Consider finite difference schemes of the form

n+l __ n n
vt =y, + B

(a) Show that they are stable if |a| + || < 1.
(Use the arguments as in Example 7.6 rather than the Von Neumann analysis.)
(b) Conclude that the Lax-Friedrichs scheme (7.7.e) is stable if |a\| < 1, where A = k/h.

4. Verify the modified equation of the Beam-Warming scheme presented in (7.36).

5. Derive the conservation form for the Lax-Friedrichs scheme applied to the conservation
law and presented in (7.48). (Use (7.49).)

6. Modify the Python code in § 7.7 to solve the one-way wave equation (7.67) by the Beam-
Warming scheme (7.35).



CHAPTER 8

Locally One-Dimensional Methods

Explicit schemes for parabolic equations are easy to implement, but they are
stable only if the time step size is chosen sufficiently small: At = O(Az?).

Implicit methods are often unconditionally stable; however, a large algebraic

system must be solved (directly or iteratively) for the time integration on each
of the space-time slices. In this chapter, we will introduce the locally one-
dimensional (LOD) methods such as the alternating direction implicit (ADI)
method and the fractional step (F'S) method, in order to solve the algebraic
system of equations efficiently. The LOD methods can be viewed as a pertur-

bation of standard implicit methods.
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8.1. Heat Conduction in 1D Space: Revisited

Let Q = (0,1) and J = (0,7, for some 7" > 0. Consider the following simplest
model problem for parabolic equations in 1D:

U — Uy = 0, (z,1) € QX J,
u=0, (x,t) € T x J, (8.1)
U = uy, x€eQ, t=0,
where I is the boundary of , i.e., I' = {0, 1}, and uy is the prescribed initial
value of the solution at ¢t = 0.

Let
At:T/TLt, tn :TLAt, n:0717"' s Tt

Ax=1/n,, x;=jAzx, j=0,1--- 5ny;

for some positive integers n; and n,. Define ufj = u(z;,t"). Let A; be the central
second-order approximation of —d,,, defined as

_an n_ .n
ui_y +2uf —ujy

Alu? =

Az?
Then the #-method for (8.1) is
" — Un—l
T + A1 [91}” + (1 - Q)Unil] = 0, 0 € [0, 1], (82)

or equivalently

(I 4+ OAtA)V" = [I — (1 — ) At A", 6€0,1]. (8.3)
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Forward Euler method (6 = 0): The algorithm (8.3) is reduced to
V" = (I — AtA)" L,

which is explicit and cheap to compute the solution in each time level. How-
ever, we shall see later that its stability requires to choose At small enough to

satisfy

At <1
M—sz—Q'

Backward Euler method (6 = 1): This is an implicit method written as

(I + At.A1)Un = "L

The method must invert a tridiagonal matrix to get the solution in each time
level. But it is stable independently on the choice of At.

Crank-Nicolson method (6 = 1/2):
At 0 At .
([+ 7A1)U = (I — 7./41)”0 .

It requires to solve a tridiagonal system in each time level, as in the backward
Euler method. However, the Crank-Nicolson method is most popular, because

¢ it is unconditionally stable
* its error = O(Az® + At?)

It is often called a semi-implicit method.
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Stability analysis
Components of the algebraic system (8.3) are

—Opvi_y + (1 +20p)vf — Opvj,,

2 N . (8.4)
=(1- (9),uvj,11 +[1=2(1 = O)ufvj (- ‘9)"“}#11’

where ;1 = At/Ax?.
For an stability analysis for this one-parameter family of systems, substitute
g"e'” for vl in (8.4) to have

g [—0u e 1 (14 20p) — Ou ew]
= (L=0)pe 7" +[1=2(1 = 0)u] + (1 - Ope?”,
i.e.,
= 1—2(1—60)u(1—cos?) _ 1—4(1—-0)u sinQ%
1+ 20u (1 — cost) 1+ 460p sin® 2
Because i > 0 and 0 € [0, 1], the amplification factor g cannot be larger than
one. The condition ¢ > —1 is equivalent to

1—4(1—-0)u sian > —|1+40p sin2§},

or

<

(1 —20)p sin® — <

[\
DO | —

Thus (8.3) is stable if

(1-20)u < (8.5)

N | —
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In conclusion:

* The #-method is unconditionally stable for § > 1/2, because every choice
of 1, satisfies the above inequality.

* When 6 < 1/2, the method is stable only if

At _ 1
Az? — 2(1-20)

w= 0cl0,1/2). (8.6)

* For example, the forward Euler method (¢ = 0) is stable only if
At < Ax?/2;

At must be chosen sufficiently small for stability.
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Maximum principle

For heat conduction without interior sources/sinks, it is known mathemati-
cally and physically that the extreme values of the solution appear either in
the initial data or on the boundary. This property is called the maximum
principle. It is quite natural and sometimes very important to examine if the
numerical solution satisfies the maximum principle, too.

'Theorem |8.1. (Maximum principle for the 6-method). Let the §-method
be set satisfying 6 € [0, 1] and

(I=0)u<

N | —

If the computed solution v has an interior maximum or minimum, then v is
constant.



8.1. Heat Conduction in 1D Space: Revisited 269

Error analysis
Let
e; =uj — vy,
where v} = u(z;,t") with u being the exact solution of (8.1). Define
E" = max|e}|, T77Y2 = max \Tu?_1/2\,
J J
where T u;}_l/ ? is the truncation error expanded at (z;,"'/?). Note that v =
uj, j =0, ,n,, and therefore £" = 0.

'Theorem | 8.2. Let the -method be set satisfying 6 € [0,1] and (1 — 0)p < 3
Then,

E" < Aty TH2 (8.7)

k=1
It follows from (8.7) that

& < nAtm]?XTk_l/2 <T mI?XTk_l/2,

where T is the upper limit of the time variable.
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8.2. Heat Equation in Two and Three Variables

Let 2 be a bounded domain in R, m = 2 or 3, with boundary I' = 0¢). Consider
the parabolic problem
u— V- (aVu) +cu=f, (x,t) € QxJ,
Uy, + Qo = g, (x,t) € I' x J, (8.8)
U = Ug, XEQ,t:O,

where

®* a>0,c>0,a; >0, and ay > 0 are given functions, oy + as > 0,
* the subscript v denotes the outer unit normal on I,
* ug is the prescribed initial value of the solution at t = 0, and

* f and g represent external sources and sinks.
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8.2.1. The /-method

Let 7, be the mesh of () consisting of elements of which the maximum edge
size is h. Let A be the approximation of —V - aV + ¢ on the mesh 7;, having
the p-th order accuracy, i.e.,

Au~ =V - (aVu) + cu + O(RP).

Then, the §-method for (8.8) reads’
" — Un—l

At

and the truncation error for the n-th time level is

+A+ (1 =0 = V2 6 eo,1], (8.9)

"2 =0 ((1—20)At + A + RP) .

Note that A is symmetric and nonnegative; it is positive definite when ¢ > 0
or ay > 0.

Let v" be the solution vector in the n-th time level. Then the method (8.9) in
its matrix representation reads

[T 4+ 0AtA| V" = Atf 12 4 [T — (1 — 0)AtAv" L. (8.10)

Here we used "~ '/2, instead of f"~*? for a simplier presentation.
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Notes:

* When 6 > 0, it is necessary to invert a matrix, either exactly or approxi-
mately, to get the solution in the new time level.

* When the domain is rectangular or cubic, the algebraic system (8.10) can
be perturbed to become a series of traditional systems; the resulting prob-
lem can be solved very efficiently. This is the basic idea of the locally
one-dimensional (LOD) methods to be treated in this chapter later.
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8.2.2. Convergence analysis for /-method

For a simpler presentation, we define

ot — ,Un—l

At

at'l}n:

Let
n __ n n
e'=u"—v",

where u" is the exact solution of (8.8) at the time level t". Then, the error
equation associated with the #-method (8.9) is

e + Alfe" 4+ (1 — f)en ] = "2, (8.11)
Choose 0,e" as a test function. Then, for n > 1,
(Oie™, 0re") + (Al + (1 — 0)e" '], De”) = (6712, B,e™). (8.12)
Note that

0" + (1 —0)e"* = ((e" + "N 4 (20 — 1)(e" — e”_l))

1
2

and therefore .
(Alge” + (1 — 0)e" '], De™) At

1
= 5| (e en) — (At e (8.13)
+(260 — 1)(A5te”,5te”)At2}, n>1.
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Multiply (8.12) by At and utilize (8.13) to have

_ 2% —1 _  _
H@te"HQAt—l— / (A@te",&ge”)AtQ

_l_% [(Aen’ en) o (Aen—l’en—l)] (814)
= (0" Y2, 9,e")AL, n> 1.

Summing (8.14) beginning at n = 1 reads

AR 20— 1~ — = 1
Z_;H(?tejH?At—k 5 ;(A@tej,(?te])AtQJr5(./46",6”)
i= ) =t (8.15)
= (A’ ") + > (6712, 9 A,
j=1

Now, we apply the inequality (Jab| < (a® + b?)/2) to the last term in (8.15) to
obtain the following inequality:

D 1O IPAL+ (20 — 1) (A, Dy’ ) AL + (A", €")
j=1 =1 (8.16)
< (A )+ > (167 P A
j=1

Thus, the estimation of the error generated by the #-method is reduced to
bounding the errors in v° and the truncation error.
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Note: The estimate (8.16) also indicates that

* The 6-method is unconditionally stable for 6 € [1/2, 1].
* When 0 € [0,1/2), it is stable if

1+ (20 — 1)p(A)At > 0,

where p(A) is the spectral radius of A (the largest eigenvalue of A in
modulus). Since
p(A) ~ dm[al|oc/F2,

where m is the dimensionality and |ja|. = max la(x)|, the -method is
re

le if
stable 1 Ay |

— <
h? — 41 —20)m||all’
The inequality in (8.17) is compared to the analysis in (8.6).

0e0,1/2). (8.17)

* The 6-method is particularly interesting when 6 = 1/2, because the trun-
cation error becomes second-order in time. This case is called the Crank-
Nicolson or semi-implicit method. The spatial derivatives can be approx-
imated to have a p-th order accuracy, p > 2, independently on 6 or At.
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8.3. LOD Methods for the Heat Equation

Over the last five decades or so, many time-stepping procedures have been
introduced to allow multidimensional parabolic problems to be approximated
accurately and efficiently. These procedures treat the spatial variables in-
dividually in a cyclic fashion; we shall call any such a procedure a locally
one-dimensional (LOD) method. Here we will be mainly concerned with two
families of these methods, namely the alternating direction implicit (ADI)
methods [14, 18, 56] and the fractional-step (F'S) procedures [20, 51, 71, 72].
These methods can be interpreted as perturbations of some underlying im-
plicit multidimensional numerical method, such as the Crank-Nicolson or the
backward Euler method. Recently, a unified approach of these LOD methods,
along with strategies for virtual elimination of the splitting error, has been
studied by Douglas and Kim [16].
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8.3.1. The ADI method

Consider the parabolic problem (8.8) defined on a rectangular domain 2 C R2.
Let 7, be a uniform mesh of rectangular elements of which the edge lengths
are h, and h,, h = max(h,, h,). Define

1 1
Aju = —(auy ), + ¢t Asu = —(auy), + S CUs

which are finite difference or finite element approximations on the mesh 7,
having a truncation error of O(h?), p > 2. Let

A=A + As.

Then the Crank-Nicolson difference equation for the heat equation (8.8) reads

n __ ,n—l1 1
o+ AW ) = T O+ AP, (8.18)

where

fn—l/Z _ %(f’n + fn—l).

The truncation error for the CN procedure (8.18) is

O(Ax? + At?).
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The original ADI method:

The ADI method of Douglas-Peaceman-Rachford [14, 18, 56] is a perturbation
of the Crank-Nicolson difference equation that has a splitting error of O(At?),
so that it is second-order correct in time.

Let us formulate it in an equivalent way that will coincide with the general
formulation in Douglas-Gunn [15] of ADI methods. Given an approximation
w to ug, find w", n > 1, by solving

wr— w1

+ —Al(’w* _I_wn—l) +A2wn—1 _ fn—1/2’
At 2 (8.19)

N __ ,n— 1 1
% + 5./41(11)* _|_wn—1) + §A2(w" +wn—1) _ fn—1/2’

or, equivalently,

(1 + %«41)71}* = (1 - %fh — At-Az) w" ™+ Atfn_1/27

At

(8.20)
At n * n—1
(1 + 7A2>w = w'+ 7./42@0 .

Here w* is an intermediate value.
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Splitting error of ADI: The intermediate solution w* can be found (implic-

itly) as
At
w* =w" + - Ao(w™ — w" ).

Thus, by plugging it into the first equation of (8.20), we have
At At n At _
(1 + 7«41) <1 + 7./42)10 = (1 — TA)UJ

At?
‘f’T.Al.Aan_l + Atfn_1/2.

Multiply out the left hand side and rewrite the result as

w' — w1 At 1 1/2
- 7 4z n n— — n_ w1 = 12 (8.21)
N + 2.A(w +w" ) + 1 A1 Ay (w" —w" ) = f

Thus, compared with (8.18), the splitting error is given by
At
IAlAQ(w” — "), (8.22)

which is O(At?) for a smooth solution.
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Notes:

* Some theoretical aspects of the method were treated in detail in Douglas
[14], while practical aspects of the method were considered in the com-
panion paper by Peaceman-Rachford [56].

* In each half of the calculation, the matrix to be inverted is tridiagonal, so
that the algorithm requires O(N := nyn,n,) flops.

* The ADI (8.19) can be equivalently formulated in many different ways.
The modelcode ADI_HEAT.CF.tar in GRADE [35] is implemented based on
the following formulation:

(1+%Al)w* - (1- %“‘b)“’”l Zt%tf o (8.23)

<1 + %Ag)w” = (1 - %Al)w* +
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General ADI procedure

Consider a parabolic problem of the form
ut Y Aw=f, (x,t)€QxJ (8.24)
i=1

with an appropriate initial data and boundary condition. If A = A, +---+ A,

then the basic Crank-Nicolson approximation to (8.24) is given by
wh — ,wn—l

At
(Here, we are interested in the time discretization of (8.24); consequently, we

shall ignore spatial discretization for the moment.)
The Douglas-Gunn algorithm [15] for ADI time discretization of (8.24) is as

1
+ A" + w' Y = Y2 > 1 (8.25)

follows: For xk = 1, ..., m, find w™" such that
Wt — w1 & - 1 - 1 1
- N X) n— =1 pn—1/2
A7 + 5 ;:1 Aj(w™ +w" ) 4 Z;Hl Aw f , (8.26)

and then to set
w" = w"™m. (8.27)

In the above,
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The Douglas-Gunn algorithm equivalently reads

At
( —A1> _ (1 _ —A1 AtZA) =l A2,
At At (8.28)
(1+—A,€)w"’” = Wl =AW k=2, m,
2 2
w" = w"m.
Splitting error: The intermediate values w™!,--- ,w™™ ! can be eliminated
by recursively operating on the second equation of (8.28) by (1 + %AK) for
k=m—1,---,1:
n__ ,,n—1 1
w w + —A(wn + wn—l) + BAt(wn . wn—l) _ fn—1/2’ (829)
At 2
where

Ba: = % > AAL+ M > ALALA

13

ISi<ism 1<y <in<iz<m (8.30)
+ ...+ o A1A2"'Am-

The splitting perturbation is given by Ba;(w" — w™!), and for sufficiently
smooth solutions u,
Bai(u" —u" 1) = O(A?), (8.31)

which is of the same order in At as the Crank-Nicolson truncation error. But
the splitting error can be much larger than the truncation error as shown in
the following.
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8.3.2. Accuracy of the ADI: Two examples

Let Q x J = (0,1)> x (0,1),a = a; = 1, and ¢ = a3 = 0 in (8.8). Consider two
different solutions:
uy = sin(2muyt) + sin(2nv,x) + sin(27y,y),

(8.32)

ux = sin(2muyt) - sin(2ry,x) - sin(2rvyy).
For the moment, take v, = v, = v, = 1.

The sources f and g are evaluated so that (8.8) is satisfied. Also, let n :=n; =
ny = n,. To compare computation cost and accuracy, we implemented three
algorithms:

¢ an LU-based algorithm,

¢ a PCG-ILUO procedure for the Crank-Nicolson equation derivable from
(8.9), and

* the ADI procedure of (8.19).

Here, PCG-ILUO denotes the conjugate gradient method preconditioned by
the zero-level (not allowing fill-in) incomplete LU-factorization. The PCG-
ILUO procedure was initialized at each time level by the extrapolation

w0 =2 — "2 p > 2

and the iteration stopped when the residual was reduced by a factor of 107°.
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n =40 n =80 n = 160
CPU [?-error | CPU L?-error | CPU [L?*-error
LU-based | 0.74 4.10e-3 | 9.07 1.00e-3 | 126 2.47e-4
PCG-ILUO | 0.46 4.11e-3 | 5.67 1.00e-3 | 53.4 2.47e-4
ADI 0.26 4.10e-3 | 2.16 1.00e-3 | 17.9 2.47e-4

Table 8.1: The performances of the LU-based, PCG-ILUO, and ADI methods for © = u,. The
elapsed time (CPU) is measured in seconds and the L?-norm of the error is evaluated at ¢t = 1.

n =40 n =80 n = 160
CPU L?-error | CPU [L*-error | CPU L’-error
LU-based 0.91 2.46e-4 | 10.5 b598e-5 | 136 1.47e-5
PCG-ILUO | 0.83 2.46e-4 | 12.5 5.97e-5 | 121 1.42e-5
ADI 0.45 8.44e-3 | 3.62 2.02e-3 | 29.0 4.90e-4

Table 8.2: The performances of the LU-based, PCG-ILUO, and ADI methods for u = u.

Table 8.1 presents the elapsed times and numerical errors for u = u, for var-
ious grid sizes. As one can see from the table, the three different algorithms
show the same errors and their second-order convergence.

Table 8.2 shows the results for © = u,. The computation cost for the ADI
method increases linearly as the number of grid points grows, while the PCG-
ILUO calculation shows a slight superlinearity in its computation cost. How-
ever, the ADI method produces an error approximately 34 times larger than
that for the LU-based or PCG-ILUO methods for the same grid size.
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Truncation error vs. splitting error: The truncation error for the Crank-
Nicolson difference equation is of the form

O*u J*u 3
20U 207U 207U
O(hwﬁx‘*) +O(hy(9y4> -I—(’)(At (%3),

while the splitting error of the ADI method is

0% 9% 0
AtP—————u ).
O( 02 92 Ot u)
This is, roughly speaking, why the ADI method introduces no splitting error
for u, and a large splitting error for u..

Now, since the operators A; usually represent second-order differential op-
erators in an z; direction, it should not be surprising that the higher-order
derivatives in Ba; contribute bigger errors than the truncation error. We shall
see in §8.3.4 that it is not only possible but also quite feasible to modify the
algorithm (8.26) in a rather simple fashion to reduce the splitting error to
O(AP).
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8.3.3. The general fractional step (F'S) procedure

We shall consider the same parabolic problem (8.24) for a F'S time discretiza-
tion. For reasons that will appear below, it is not the usual case to look for
an F'S procedure based on the Crank-Nicolson equation (8.25); however, it is
useful for us to do so.

The appropriate F'S algorithm is given by

w! ;twn—l N %A1(’wn’1 _|_wn—1) _ fn—1/27
W ‘A;“”’”_l P A ) = 0 k=2, (8.33)
w” _Au;n,m—l + %Am(w” + w”fl) = 0.
Equivalently,
(1 + %Al)wml = (1 —~ %Al)w"‘l + A2
(1 + %AH) Wt = Tl - %Aﬁwnl, k=2,...,m—1, (8.34)

At
(1 — 7Am> w' o= w4
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Splitting error of F'S procedure: Again, the intermediate values can be
eliminated:

n __ ,,m—1 1
% + §A(w" + ") + Bag(w" +w' ) = 2 (8.35)

with Ba; being the same as for the ADI; see (8.30).

Thus, for the Crank-Nicolson version of the F'S method, the splitting pertur-
bation term becomes Ba;(w" + w"~1). We know that

Bar(u™ +u" ) = O(AY); (8.36)

i.e., the splitting error term is worse than the inherent local error in the
Crank-Nicolson equation.

This is the reason that (8.33) is not common; the FS methods have been
employed for the backward Euler method rather than the Crank-Nicholson
method. However, we shall be able to modify the procedure (8.33) in an
equally simple fashion to reduce the splitting error to O(At’) below.
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8.3.4. Improved accuracy for LOD procedures

We present a strategy to reduce the perturbation error of ADI and F'S proce-
dures and essentially to recover the accuracy of the Crank-Nicolson difference
equation for an additional computational cost that is a small fraction of the
standard ADI or F'S cost.

Correction term for the ADI method: Observation from (8.26), (8.29), and
(8.30) is that

if the right hand side term of (8.26) is f"~'/2, then the right hand side
of (8.29) is also f"~'/? and the splitting error is given by Ba,(w" —

wnfl).

If we could add Ba;(w" — w"™1) to the right hand side of (8.29), then we could
cancel the perturbation term completely; but since we do not know w", we
cannot make this modification in the algorithm.

Our best estimate for (w” — w™ 1) is (W™ — w"2).
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Modification of the ADI: Let us modify the ADI algorithm to the following:
Forn > 2,

FED _ fn_l/2+BAt( n—1 _Zn—Q)7

( gm) = (1——A1 AtZA) L At FY,

At At
( —A,i)z = ””1+—Az" L k=2...,m,

Zn — Zn,m.

(8.37)

The evaluation of z! will be discussed below by interpreting the modified
method as an iterative procedure; for practical purposes, assume that 2! is
obtained by solving the Crank-Nicolson equation for this single time step.
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Splitting error: By eliminating the intermediate values (or referring to
(8.29)), we see that =" satisfies

2" — Zn_l 1 n n—1 n n—1 n—2
— —|—§A(z + 2" 4+ Bag(2" — 22"+ 2 (8.38)
— fn—l/Q’ n Z 9.
Now, for a smooth solution u of (8.8),
Bai(u" — 2u" "t + 4" %) = O(A), (8.39)

and the splitting error is now higher order in At than the truncation error of
the Crank-Nicolson equation.

We shall both prove the convergence of the solution of (8.37) to that of (8.8)
under certain circumstances and demonstrate that the error in the solution of
(8.37) is reduced essentially to that of the Crank-Nicolson procedure for the
example u, considered above, for which the splitting error was many times as
large as the Crank-Nicolson error.
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Algebraic interpretation: We will interpret (8.38) as the iterative proce-
dure related to the matrix splitting [67]

At At
1—|—7A: <1+7A+8At) — Ba;.

Consider the algorithm: Find {, > 1, by recursively solving

(1 + %A + BAt)g = Bal A+ <1 — %A)v + 12, (8.40)

The solution w” of the original ADI method (8.26) is the first iterate ¢! of (8.40)
for v = w"~! starting with the initial value

O =w L (8.41)

On the other hand, the solution 2" of (8.37) is the first iterate of (8.40) with
v = 2"~ and the initial value

CO — 2211—1 o Zn—2. (842)

Consequently, the algorithm (8.37) is called the alternating direction implicit
method with improved initialization (ADI-II) [16].

If the general time step code for (8.37) is written to perform the iteration
(8.40), then, for n > 2, (8.42) would be used to initialize the “iteration" and one
step of iteration calculated, while for n = 1, (8.41) would be used to initialize
the iteration and two or more iterations would give z' to the desired accuracy.
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Reformulation of ADI-II: As for ADI, ADI-II (8.37) can be formulated in a
various way. For the 2D problem (m = 2), the ADI-II routine in ADI_HEAT.CF.tar
is implemented based on

2
+EE 4, dpfat - ), (8.43)

(1+ 20— o

* It might seem reasonable to use a higher-order extrapolation than (8.42),

but experiments have shown that instability can result unless the time
step is small enough.

It has also been observed that (8.42) can over-correct for large time steps,
and it is possible that the use of

O =21t =2"2), 0<n<l1, (8.44)

could lead to better computational results for large time steps.

However, experiments have shown that, when the time step is reason-
ably chosen (e.g., At < ah), ADI-II methods have worked better than
ADI methods for various heterogeneous media; see Tables 8.3 and 8.4
in §8.3.6. So, (8.44) does not seem necessary for solving heat equations in
practice.
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Correction term for the FS method

The FS difference equation (8.35) preserves the right hand side of the FS
algorithm (8.34) and exhibits the splitting perturbation Ba;(w"+w""1). Modify
(8.34) as follows. For n > 2, let

Fig = V24 Ba(32" 1 — 2"72),

At At
) R (O RO R

At At (8.45)
1+ 714,@. 2 = Rl 714,%2"*1, K=2,-,m—1,

At At
(1 + 7Am) 2= gmel 7Amz”_1.

After the intermediate values are eliminated, we see that 2" satisfies
SN anl

At
which is identical to the equation (8.38) satisfied by the solution of the ADI-II

algorithm (8.37).

1
+ §A(z” + 2 4 Bag(2" — 22" 4 2072 = L2 (8.46)
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Remarks [16]:

* We have not only shown how to reduce the splitting errors for the ADI
and F'S methods but also discovered that their improved procedures lead
to identical results “(after several decades of being considered to be
different techniques)."

e Again, it is advisable to obtain z! as discussed earlier.

e If the values of A;2"~! are saved, then there is essentially no difference in
the implementation of algorithms (8.37) and (8.45). That being the case,
we shall address both algorithms as pertaining to the ADI-II method.
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8.3.5. A convergence proof for the ADI-II

Let || - | denote the L%(Q) or ?(2) norm and || - ||; the norm on either H'(f2) or
h'(Q)), as appropriate. (That is, depending on spatial discretization by finite
elements or finite differences.) Assume that the operators {A;} commute:

AA; = AjA, iwj=1,...,m, (8.47)
and that
(Aiz,2) > allz|?, a > 0. (8.48)
By (8.47) and (8.48), it follows that
(Batz, z) > 0.

Let 00" = (v" —v""!)/At and " = u" — 2". Then, the error equation associated
with ADI-ITI (8.38) is

— 1
D" + EA(e” + ")+ Bag(e" —2e" T ") = 6, (8.49)
where 0" is the truncation error on the n-th level, i.e.,
" =O(AE +hP),  p>2, (8.50)

for any reasonable spatial discretization. Choose 0;¢" as a test function. Then,
for n > 2,

(0:e", Dse™) + % (A(e" +e" 1), 0pe™) + AP (Bmgfe”,gte”> = (0", 0e"). (8.51)

Multiply (8.51) by At and sum beginning at n = 2 to have

n n

_ 1 o
>3 PAL + S(Ae ") + AP S " (Bad, el 9l At
=2 X n (8.52)
= 5(Ael, )+ (8, 9eh)At.
j=2

Now, since b> — ab > (1* — a?)/2, we have
Z(BAtgfej, 5t€]>At = Z(BAt[Etej — gtej_l],gtej)
o = (8.53)

1 . = 1=
> §(BAt8t€n, 8te”) - é(BAtatela 82561)'
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Apply the inequality (|ab| < (a*+b?)/2) to the last term in (8.52). Then utilizing
(8.53), one can obtain the following inequality:
Z 1067 ||PAt 4 (Ae™, e™) + At*(Ba;0se™, 0se™)
= (8.54)
< |[F AL+ (A€ ') + AP (BaDye!, Dre'), m > 2.

J=2

Thus, the estimation of the error generated by the ADI-II method is, in the
commutative case, reduced to bounding the errors in 2z° and 2!, thereby em-
phasizing the remarks above on the evaluation of z!. Try to compare the above
analysis with (8.16) when 6 = 1/2.
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8.3.6. Accuracy and efficiency of ADI-II

To check the accuracy and efficiency of the ADI-II algorithm, let us choose
the domain = (0,1)? and the time interval J = (0, 1], along with the four
diffusion coefficients

a1<x7y) - 17
as(z,y) = 1/(2+ cos(3wx) - cos(2my)),
1+0.5-sin(brz) + 3y,  ifz <0.5,

as(,y) = { 1.5/(1+ (z — 0.5)2) + 43, else, (8.55)
_ a2($7y) 0
a4(x,y) - [ 0 Clg(ZU,y) :

e The first time step to obtain z! for the ADI-II was made by following the
w!-ADI calculation by SOR iterations to get the Crank-Nicolson value.

* Here, we compare the results of four different algorithms, namely the
LU-based, PCG-ILUO, ADI, and ADI-II methods.
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a=a a=asy a=as

CPU [?-error | CPU L?-error | CPU [L?*-error
LU-based | 23.6 1.10e-3 | 27.2 3.52e-3 | 24.2 5.35e-3
PCG-ILUO | 21.6 1.09e-3 | 24.0 3.52e-3 | 24.7 5.36e-3
ADI 7.14 1.70e-2 | 10.9 1.02e-2 | 7.91 2.67e-2
ADI-II 7.77 1.10e-3 | 11.3 3.54e-3 | 8.46 5.35e-3

Table 8.3: The performances of the LU-based, PCG-ILUO, ADI, and ADI-II methods with
c=a=0,v,=1,v, =4, v, =3, n, =n, =n, =100 for v = u,.

Al =2h Al =T Al =1/2 Al = 1/4

CPU L?-error | CPU L?-error | CPU L?-error | CPU L?-error
LU-based | 28.4 2.12e-3 | 49.6 2.13e-3 | 92.1 2.13e-3 | 176 2.13e-3
PCG-ILUO | 24.9 2.14e-3 | 36.5 2.15e-3 | 57.6 2.14e-3 | 96.8 2.13e-3
ADI 8.19 2.0le-1 | 16.3 6.76e-2 | 32.4 1.75e-2 | 64.5 4.86e-3
ADI-II 880 1.10e-2 | 169 2.17e-3 | 33.2 2.13e-3 | 66.1 2.13e-3

Table 8.4: The performances of the LU-based, PCG-ILUO, ADI, and ADI-II methods with
a=ag,c=ay =0, =2.0,v, =6.25,v, =7, h=h, =h, =1/120, and u = u.

Table 8.3 presents the performances of the four algorithms for the first three
diffusion coefficients in (8.55) for u = u, with v, = 1, v, = 4, and v, = 3. The
error for the ADI method is 16, 3, and 5 times larger than the Crank-Nicolson
error for a = a1, as, and a3, respectively. The ADI-II method requires only
about 5-7% extra cost over the ADI method and its accuracy hardly differs
from that of the direct, LU-based solver, when At < h.

Table 8.4 shows numerical results for various time steps, when a = a4 (an
anisotropic diffusivity),c = oy =0, 4, =2, v, =6.25, and v, =7, and h = h, =
h, = 1/120. The ADI calculations show large splitting errors, even for small
time steps. Here again the improved initialization (8.42) greatly improves
the accuracy of the alternating direction procedure, for a few percent of extra
cost. However, as one can see from the table, the ADI-II algorithm generates a
splitting error that is a few times the Crank-Nicolson error for At = 2h. Thus
one has to choose At sufficiently small, although the splitting error is O(At%).
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8.4. Homework

1. Show that all of (8.19), (8.20), and (8.23) are equivalent to each other. Count and com-
pare the required operations for (8.20) and (8.23) in each time level.

2. Show that (8.28) is equivalent to (8.29)-(8.30), for m = 3.

3. Check if (8.37) is equivalent to (8.43), when m = 2. Count to compare the required
operations for them.

4. The given code in Matlab is an implementation for the ADI (8.20) solving the heat equa-
tion in 2D. Adjust the code for ADI-II (8.37) with m = 2.

(a) The major step you should fulfill is to adjust F in xy_sweeps.m.
(b) Perform error analysis comparing errors from ADI and ADI-II.
(c) Report your additions to the code.
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CHAPTER 9

Domain Decomposition Methods

The development of high-performance parallel computers has promoted the
effort to search for new efficient parallel algorithms for scientific computa-
tion rather than parallelize existing sequential algorithms. In the last two
decades, domain decomposition (DD) methods have been studied extensively
for the numerical solution of PDEs.

Contents of Chapter 9
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9.1. Introduction to DDMs

The earliest DD method for elliptic problems is the alternating method discov-
ered by Hermann A. Schwarz in 1869 [60], so it is called Schwarz alternating
method (SAM).

Schwarz used the method to establish the existence of harmonic functions on
the nonsmooth domains that were constructed as a union of regions where the
existence could be established by some other methods; see Figure 9.1.

Figure 9.1: The domain used by Schwarz to show the existence of harmonic solutions on
irregular domains.
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* Indeed, for a given initial value, SAM provided a convergent sequence
with a limit that is the harmonic function satisfying the given boundary
condition.

e Each iteration of the method consists of two fractional steps.

— In the first step, the previous approximation on €2 is replaced by the
harmonic function for which the Dirichlet data on flg (:= 001 NQ) is
given by the previous approximation on 2.

— The second step, in which new approximation is obtained on €),, is
carried out similarly.

* Therefore, an arbitrarily accurate approximation of the harmonic func-
tion in the domain €2; U )y can be computed by using only solvers for
circles and rectangles. The method of separation of variables can be used
for the solution of these subdomains.
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SAM: Historical Backgrounds

* SAM offers a process that can be carried out by a series of fast solvers on
relatively smooth subdomains.

* Over last two decades, Schwarz’s idea has been extensively applied to
various problems defined on general domains.

¢ It has offered a possibility of efficient numerical algorithms for poorly-
conditioned large-scale problems and of parallelism for the very large
systems of linear or nonlinear algebraic equations that arise from dis-
cretizations of elliptic problems in fluid dynamics, elasticity, wave propa-
gation, and other important areas.

* The main question for the classical SAM and its modern extensions has
been to show that the convergence rate of the iteration is satisfactory
and that it is independent or grows slowly when the mesh is to be refined
and/or when the number of subdomains increases.

¢ It is not surprising that reducing the amount of overlap without a dete-
rioration of the convergence rate has become an important issue in theo-
retical analyses and numerical simulations using SAM.
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0 } Qo

Figure 9.2: Nonoverlapping and overlapping partitions of ().

9.2. Overlapping Schwarz Alternating Methods
(SAMs)

9.2.1. Variational formulation

Let 2 be a bounded domain in R¢, d < 3, with Lipschitz boundary I' = 05).
Consider the following elliptic problem with a homogeneous Dirichlet bound-
ary condition: Find u € V = Hj(Q2) such that

Lu:= -V - (a(x)Vu) = f(x), x€Q,

(
u=0, x el ©.1)
where we assumed that 0 < a, < a(x) < a* < c0.
The problem (9.1) in its variational form reads
a(u,v) = (f,v), veV, (9.2)

where

a(u,v):/QaVu-VvdX, (f,v):/vadX.
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9.2.2. SAM with two subdomains

In the simplest form, SAM decomposes the original domain into two overlap-
ping subdomains (2; and (2,; see Figure 9.2. Let

‘Z:{UEV:UZO onQ\ﬁ_j}, j=1,2.

Then, V; are subspaces of V and V = V;+Vj. Let an initial guess u” = {u{,u)} €
V be given. Then, the iterate u"” € V is determined from «"~! by sequentially
solving
(@) Luy”?=f  inQ,
b) u*=0, onTly,
(c) U?_m =uy"!, on T,

- (9.3)
(d) Luy = f, in 2y,
(e) uy =0, on [y,
0  uf= Urfim, on I'yy,

where fj = (‘%N)J N o0f2 and fjk = 852] N Q..

* This multiplicative Schwarz method solves at each iteration a series of
smaller problems restricted on subdomains.

* These subproblems require an additional boundary condition on the inte-
rior (artificial) boundaries I';;.

* The Schwarz method is easy to implement and can be applied to more
general elliptic differential operators and domains.
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9.2.3. Convergence analysis

Let us consider the error propagation operator of (9.3); see [47, 70] for details.
In (9.3), one may extend «/ "/ by w2 on , and u} by u" "/? on ;. In the

variational form, (9.3) reads

a0y = (fu), vel, TPt e W,

= (9.4)
Since
(f,v):a(u,v), UGV}', j:1727
one can rewrite (9.4) as
a(u?ilﬂ —u" ) = alu—u"tv), wve ‘N/l, u?flp —ul e ‘71, (9.5)
a(uy — u”fl/Q,v) = a(u— u"*1/2,v), ve Vs uh— w12 e V. '

It is easy and convenient to describe the method in terms of two projections
P;, j = 1,2, onto Vj, defined by

a(Pv,w) = a(v,w), Ywe ‘77
Then, (9.5) obviously means

un71/2 o unfl — Pl(u . unfl)’
ut — un—l/Q — PQ(U _ un—l/Q)7

or equivalently o ( . y
u—u" = [—P)(u—u"""),
u—u" = (I —P)(u—u""1?),

where [ is the identity operator. Therefore, the error propagates as
u—u"= I —P) I —P)u—u"1). (9.6)

Domain Decomposition for FEMs: Now, let V" be the piecewise linear
FE subspace of V' corresponding to a regular triangulation 7,. Then the FE
method for the variational problem (9.2) can be formulated as follows: Find
u" € V" such that

a(u, o™y = (f, "), " eV (9.7)
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The FE procedure corresponding to the DDM (9.3) is formulated by finding
iterates {u"~ /2 u"} from V". One can consider analogous projections P;, j =
1,2, onto V" (:= V; N V") for FE methods. Then, the error for the FE methods

propagates as
u — = (I - P) (I - P) (u" —u"). (9.8)

So, the FE formulation of (9.3) can be viewed as an iterative method for solving
(P1—|-P2—P2P1)Uh:gh, (99)

with an appropriate right hand side ¢". Here the upshot/hope is that the
condition number of (P, + P, — P, P;) is much smaller than that of the original
algebraic system.
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Notes

* The multiplicative Schwarz method has an important variant, i.e., the
additive Schwarz method which decouples the subproblems (9.3.a)-(9.3.c)
and (9.3.d)-(9.3.1). In additive Schwarz method, (9.3.f) is replaced by

n n—1 - .

the additive algorithm is a simple iterative method for solving
(P + P)u" = gy, (9.10)

for some ¢'; see Exercise 9.1.

* Such Schwarz methods can be generalized immediately to any number of
overlapping subdomains (2; expanded from the original nonoverlapping
subdomains ;, j =1,2,--- , M.



310 Chapter 9. Domain Decomposition Methods
9.2.4. Coarse subspace correction

Let H; measure the size of 2; and

H = max Hj.
=1, .M
It is known that a DD preconditioner for which the new iterate is updated by
the former solutions on local subregions of diameter on the order of H has a
condition number which grows at least as fast as 1/H?; see [19] and references
therein.

To overcome this difficulty, one can introduce the coarse subspace correction
technique as a preconditioner. Then, our FE space is represented as the sum
of M + 1 subspaces

V=V VI V] (9.11)

where V" = V# the piecewise linear FE space on the coarse mesh defined
by the nonoverlapping partition {€2,}. (We have implicitly assumed that each
subdomain is triangle.)

The corresponding additive algorithm can be viewed as an iterative method
for solving
Puh:(P0+P1+---+PM)uh:Gh, (912)

for an appropriate G", where P, is the projection from V" to V.
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Known: Let A\, > 0 and \* > 0 be the minimum and the maximum eigen-
values for a symmetric positive definite (SPD) matrix A, respectively. The
condition number of A, k(A), is defined by

K(A) = N/,

The required iteration number for the CG method to solve SPD systems is
@, <~/ /ﬁ;(A)) for a given accuracy. (For more general systems, GMRES [59] and
QMR [24] can be used.) The following result was established by Dryja and
Widlund [19].

‘Theorem| 9.1. Let § = min dist(dQ; \ 89, 8%, \ Q) > 0. Assume the

J:L'“aM _
problem coefficient a is continuous on ). Then, the condition number of the

additive Schwarz method for solving (9.12) satisfies

k(P) < C(1+ H/$), (9.13)

where C' is independent of H, h, and §.
If there is no coarse subspace correction, (9.13) must be replaced by (see [45])

1 H
li(P)gC(l—l—HQ ?>,

min

where H,;, is the minimum diameter of the subdomains.
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Final Notes

* Introducing a global solver at a modest cost is the key to efficiency of
iterative algorithms.

* On the other hand, if the overlap is a fraction of H, the condition number
in (9.13) is bounded uniformly by a constant.

* In numerical simulations, however, the requirement on the amount of
overlap may degrade the algorithm due to a heavy cost of local solvers.
Consider the algorithm with a small overlap. The number of CG itera-
tions is higher in such a case, but this can be compensated for by cheaper
local problem solvers.

® The condition number for DD methods incorporating a small overlap to-
gether with a coarse subspace solver is often bounded by

k(P) < C(1+1log(H/h))", r=2,3, or4, (9.14)

where r depends on the amount of overlap and the regularity of the dif-
fusion coefficient a.

* The convergence analysis of Schwarz method is more complicated when
the subdomains overlap less. See [47] and the survey papers [19, 45] for
details.
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9.3. Nonoverlapping DDMs

9.3.1. Multi-domain formulation

Recall the model problem: Find v € V = H}(Q) such that

( f(x), x€Q,
u =0, x el

S
\ab
<
S

I

(9.15)

where we assumed that 0 < a, < a(x) < a* < 0.

Consider a nonoverlapping partition {€2; : j =1,2,--- M} of Q:

ﬁ = Uéyi1ﬁj; Qj N Qk = (Z), ] 7é k;

Let u; denote the restriction of u to €2;.
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Then, the problem (9.15) can be formulated as follows: Find {u;} such that

(a) Luj:fu XGQj,

(b) U; = 0, X € Fj,

(c) uj = U, X € ij, (9.16)
8uj 8uk

(d) Jor E x € L'jg,

where the conormal derivative is defined as
an

aVL’j

= aVu; - nj,
where n; indicates the unit outer normal from 0(2;.

¢ Equations (9.16.¢)-(9.16.d) are the transmission conditions which impose
the continuity of the solution and its conormal fluxes on the subdomain
interfaces.

* Nonoverlapping DDMs can be characterized depending on how the trans-
mission conditions are incorporated in the iteration procedure.

We first introduce the Steklov-Poincaré operator which is useful for the con-
vergence analysis for the variational formulation of the DDMs.
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9.3.2. The Steklov-Poincaré operator

Let )\j; be the unknown value of u on I'j;. Consider the following Dirichlet

problems:
ij =f, XE Qj,
w; =0, xely, (9.17)
w; = )\jka X € ij,

for j =1,---, M. Then, we can state that
wj = u) + uj, (9.18)
where {u}} and {u}} are defined as the solutions of

Lu) =0, x€Q;,
u! =0, xelj, (9.19)
U(J) = >\jk7 X € ij,
and .
Lu] - f, X € Qj)
u; =0, xely, (9.20)
u;‘ =0, xe€ ij,
Note that when a(x) = 1, v} is the harmonic extension of {\;;.} (for £’s such that
I'j; # () into Q;; for general coefficients, we still call it the harmonic extension

and denote by H;\;.. We will also write G, f instead of u}, j =1,--- , M.
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It follows from comparing (9.16) with (9.17) that

{uj=w;, Vj=1,--- M}
{811)]' 8w

= k such that I'
s ous V j, k such that jk#@}

(9.21)

The latter condition equivalently amounts to the requirement that each of
{\,1} satisfies the Steklov-Poincaré interface equation

SikAjk = Xk (9.22)

where S = {5} is the Steklov-Poincaré operator defined as

0 0
for n defined on I';(# 0), and
0 0
Xjk = _(a LJG il +3 ka). (9.24)

The operator S is symmetric, positive definite (coercive), and continuous.

Here the goal is to find {);;} such that \;; = u!r , Which must satisfy (9.22).
Some DDMs update the iterates {\}; } by 1terat1vely solving (9.22), of which
each step solves the subproblems in (9.19) and (9.20). The process can be
understood easily by considering the algebraic system of the discrete Steklov-
Poincaré operator, which is known as the Schur complement matrix.
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9.3.3. The Schur complement matrix

Consider the FE method for the variational form (9.7). Let N, denote the
number of interior nodes in Q;, 7 = 1,2,--- , M, and Np be the number of
nodal points on UI';;. Thus the total number of nodes are N; + - - - + Ny, + Np.
We order the interior nodes of {2;}'first and those on UI'j; next. Then, the
algebraic system of (9.7) can be written as

Au = [ A Ars ] [“I ] - [ £ ] (9.25)

Apr App | | up fp
where A;; is a block diagonal matrix and Ag; = A%y:
Arp = diag(Aq, Ao, -+ Ayr),
Apr = (Api1, A2, -+, Apwmr).

Here the sr-th entry of A;;, the ¢r-th entry of Ap;, and the ¢/m-th entry of App
are given by

Ao = a; (ﬁ) (J')7 s;r=1,--- N

Ji G\ Ps j

AB’ET:a'Qp(j)790(B)7 lea"'aNBa T:17"'7N'7
J I\Nr Y4 J

(ABB)Em:ZClj(SagnB):QOEB)% E;m:17.'. 7NB7

J

where a;(-,-) is the restriction of a(-,-) to 2;, and gpgj) and gpém are the basis
functions associated with nodes lying in 2; and UI';;, respectively.



318 Chapter 9. Domain Decomposition Methods

By eliminating all degrees of freedom that are associated with interior nodes
of subdomains, (9.25) reduces to the following interface problem:

Yup = fg — Al A 1, (9.26)
where Y is the Schur complement matrix defined as

Y= App — Al AL App.

The matrix ¥ is exactly the algebraic counterpart of the discrete Steklov-
Poincaré operator; it can be proved symmetric positive definite, as for the
Steklov-Poincaré operator.

In early substructuring techniques of the 1960’s, the interface problem (9.26)
was solved by a direct solver (for which a frontal method was often employed
mainly due to insufficient computer memory). Most of the recent iterative
nonoverlapping DDMs can be explained as preconditioning techniques for
solving the interface problem by the CG method.

Each matrix-vector multiplication with X involves M subdomain solves, i.e.,
Al_ll — diag(Al_117 T 7AX[1M)7

which can be carried out in parallel.
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Convergence

¢ As reported in Le Tallec [45], the condition number of ¥ is bounded as

H
K(E) S Ch?,

min

where H and H,.;, are respectively the maximum and minimum diame-
ters of the subdomains.

* Thus a mathematical challenge is to construct a preconditioner for X such
that the convergence rate of the preconditioned iterative method becomes
independent on both / and H.

* However, in practice the incorporation of such an optimal preconditioner
may not imply that the resulting algorithm is fastest in computation time.
We refer interested readers to Quarteroni and Valli [57].
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9.4. Iterative DDMs Based on Transmission Con-

ditions

9.4.1. The Dirichlet-Neumann method

As it is called, some subproblems are solved using Dirichlet data on the inter-

faces and the others use Neumann data. We may separate the subdomains
into two groups by a red-black coloring.

Let Ir and Ip be respectively the indices of the red and black subdomains.
Then, the method is formulated as follows: For given {\),}, find {u}}, n > 1,

by recursively solving

(a) <

(b) 1

\

Lu;’ =f xe€ Qj,
U?: ) XEFj’ jEIB,
—1
LU? = f, X & Qj,
u' = x eI
i Y VR .
, J€ IR
ouj Oy | ’
- , X € F]k’a
8VL,]- 6VL’;€
(C) )‘?k: = ij UZR + (1 — ij)kgk_l,

where {0;:} > 0 is an acceleration parameter and v}, denotes the

from the subdomains colored red.

(9.27)

solution
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The acceleration parameter is often set less than one; the method without
relaxation (i.e., §;, = 1) is not necessarily convergent, unless special assump-
tions are made on the size of the subdomains. We refer readers interested in
the Dirichlet-Neumann method to [4, 6, 52] and [57] for details.
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9.4.2. The Neumann-Neumann method

This method requires solving the subproblems twice, one with Dirichlet-Dirichlet
data and the other with Neumann-Neumann data: For given {\, }, find {u}},
n > 1, satisfying

((Luj=f, x€Q
(@) ¢ ui=0, x c Iy,
\ u?:)\?k_l, x € L',
([ Lv" =0, c Q.
" e (9.28)
(b) < Uj - 0, X & Fj,
o ou” ou
L= : g , X € F'k7
\ aVLJ' aVL’j aVL,k J

(c) )‘?k = )\?k—l _ ij (O'jk”l}‘? + (1 — O'jk;)”l}/?) |ij, 7>k,
where {6;;} > 0 is again an acceleration parameter and {o,;} is an averaging

coefficient.

The Neumann-Neumann method was studied in [1, 5, 12, 50]. It is known that
the method is efficient when the subdomains are similar [45]. The resulting
condition number (without a coarse grid solver) has been shown to be [12]

) C H\’

where M is the Neumann-Neumann preconditioning matrix for A.
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9.4.3. The Robin method

The method was first suggested by Lions [48] and has been applied to various
physical problems with a great efficiency; see e.g. [13, 17, 36, 38, 41, 42, 53].

For given {u)}, find {u/}, n > 1, satisfying

(a) Luj = f, x € (Y,

b) v =0 el

(b) uj =0, &L (9.29)
n 8un—1 -

(c) + iju = + ejkuk , X € F]k‘)

8L] aVLk

where {0;.} > 0 is an acceleration parameter with
ij; + Qk:j > 0.

Lions [48] proved the convergence of the method through an energy estimate
on the interfaces.

Note that (9.29.c) is defined twice on each of I'j; from both sides of the inter-
face:

aun aun 1
J
ov Oy = - Ov + O
L.j L.k
1
oul ou”~
-1
o E 4 G ul = — ayf + Oyl
L.k L.j

When the iterates converge, the limit {u;} would satisfy the above equations
in the same way (without the superscripts n and n — 1). By subtracting
and adding the equations, one can get the transmission conditions (9.16.c)-
(9.16.d).
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9.4.4. Remarks on DDMs of transmission conditions

¢ The DDMs based on transmission conditions ((9.27), (9.28), and (9.29)) re-
quire to choose appropriate acceleration parameters to either guarantee
or accelerate convergence. However, there is no guide line to be applied
to various problems; finding the acceleration parameter is problematic.

* For the Robin method applied, Kim [37, 44] suggested an automatic way
of choosing the acceleration parameter to solve the Helmholtz wave prob-
lem.

* A very important accuracy issue is related to the discrete transmission
conditions. Recall that the standard discretization methods such as the
FD and FE methods allow the conormal flux to be discontinuous at the
element interfaces.

* Since the transmission conditions impose the continuity of both the so-
lution and its conormal flux on the subdomain interfaces, there will be
a flux conservation error, i.e., the discrete solution u" would not satisfy

(9.16.¢)-(9.16.d) unless it is linear across the subdomain interfaces.
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Flux conservation error

¢ In practice, the flux conservation error can severely deteriorate accuracy
of the computed solution.

* Thus the conormal flux must be treated with a special care, in particular,
when the DDM is to be utilized as the main solver.

e When the DDM is used as a preconditioner, i.e., another algorithm such
as a Krylov subspace method is applied as an outer iteration, the flux
conservation error may affect the convergence speed of the resulting al-
gorithm; however, the required accuracy of the solution can be achieved
by the main solver (the outer iteration).



326 Chapter 9. Domain Decomposition Methods

N

W |]O E

S
Q; Lk Q.

Figure 9.3: The five point stencil at a grid point on the interface I'j;.

Discretization of the Robin boundary condition: To illustrate a way of
dealing with the conormal flux, consider the Robin method applied to the Pois-
son equation, [ = —A:

(a) —Au? = f, x € (Q,

b T=0 el

BT PEE 930
U n uk n—1

(c) (%i + pui = — aur + puy ", x €y,

where 5 > 0 is a constant acceleration parameter.

Let the domain be discretized into uniform cells of edge size h and the subdo-
main interfaces {I';;} coincide with parts of grid lines. Let 0, j,u; and 0O jru;
be the backward and forward differences for du;/0v; on I'j;, respectively. For
example, at the nodal point o € I'j; in Figure 9.3, they are defined as

Ov,jkuj(0) = (uj(o) —u;(w))/h, O jru;(o) = (u;(e) —u;(o))/h,
Ov kjur(0) = (ur(0) — ux(e) )/h, Oprjur(o) = (ur(w) — ug(o))/h.

(Here we have employed an exterior bordering of the subdomains.)



9.4. Iterative DDMs Based on Transmission Conditions 327

Let Aju; be the central five-point difference approximation of Au;. Then the
DD iterative algorithm in the FD formulation can be defined as follows: For
given {u)}, find {u}, n > 1, by recursively solving

(a) — Ay = f, x € (1,
(b) u; =0, x €Iy, (9.31)
(©) Opjruj + Buj = =0y uZ_l + 0 u};‘_l, x € L.

Note that (9.31.c) imposes the continuity of the discrete solution only, when
the algorithm converges. Such a treatment of the Robin condition, a forward-
backward difference matching, was introduced by Kim [36, 38] to enforce
equivalence of the DD method to the original discrete problem of the multi-
linear FE methods.
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Equivalence: In the following, we will check the equivalence of algorithm
(9.31) to the original discrete problem. It suffices to consider the algebraic
equations of (9.31) at interface grid points. At the point o (in Figure 9.3), the
equation (9.31.a) reads

4u?70 —u = —u u;-"N = h2fo, (9.32)

J,E J,w Js

where u}, = u(0), the value of u at the point o, and the others are similarly
defined.

The term v}, in (9.32) evaluated at a point out of the subdomain ); can be
substituted by using (9.31.c). Equation (9.31.c) is written as

n n n—1 n—1
uj,E - uj,o no__ uk‘,E - uk,o n—1
h +6U’j7o_ ]’L +ﬁuk7o y
or equivalently
wjy — (1= Bh)ully = wit — (1= Bh)upt. (9.33)

Adding (9.32) and (9.33) reads

[4— (1= Bh)|uj, —ujy —uis—ul = h%f, + uZ;l — (1 —pBh) uZ;l (9.34)

J,W J,8
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In the same manner, one can treat cross points arising in a box-type decompo-
sition of the domain. When the algorithm converges, the limit would clearly
satisfy the original algebraic equation

2
4UO_UE_UW_US_UN:th,

which proves the equivalence of (9.31) to the original discrete problem.

¢ It should be noticed that the standard FE formulation of (9.30) fails to get
the original discrete solution, unless the original solution is linear across
the subdomain interfaces. The forward-backward difference matching
can be incorporated into the FE formulation to overcome the difficulty.

See Exercises 9.2 and 9.3.

* For FD schemes, the normal derivatives in (9.30) can be approximated
by the central differences, without a failure for the original FD solution.
However, the convergence speed of the iteration may matter.
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9.5. Homework

1. Derive (9.10) for the additive Schwarz method for two overlapping subdomains.

2. Consider the bilinear FE method of grid size h on the unit square applied to the DD
method (9.30): Given {u/"}, u}* € V! :=V"| ,j=1,-- M, find {u}"}, n > 1, satisfying

(V™ Vo)g, + Zwu;?»", W, = (f,0)0,

auikz,n A . ) , (9.35)
+Z<— oo Jk+25u v)r,, veV
k

(a) Show that the algebraic equation of (9.35) at the boundary nodal point o as given
in Figure 9.3 reads

1 1 h? _ n—
(24 Bh) ufjo — ujw — §u?s - §U?N = Efo + UZ,El — (1 —ph) uk,olv (9.36)

provided that the mass-lumping quadrature rule is used.

(b) Show that (9.36) is equivalent to (9.34), in their limits, if the discrete solution is
linear across the subdomain boundary I';;.

3. A modification of (9.35) can be obtained incorporating the forward-backward difference
matching (9.31.c) as follows: Given {u?’o}, u?’o € th, j=1,---,M, find {u;l’”}, n>1,
satisfying

(Vuhn VU Q + Z cﬂcuh ) >ij = (f> U)Qja vE V;'ha

O jruy + Bul = _abkj Un_ +ﬁun_1, x € [y,

(9.37)

where 0, ; ku " is the central approximation of 7 ,1.e., Oc i = (Opjk + Orjr)/2. (We have
assumed the outer bordering.) Equations (9. 37) can be rewritten as

(VU?’H,V/U)QJ. —l—Z( 3bjkuhH+ﬁu ), V)L,
F (9.38)
+Z< abk] h,n— l+5un l):”)rj/w UE‘/;-h.
k

Prove that the algorithm (9.38) solves the original discrete solution if it converges.
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P.1. Coordinate Transformations and FDMs

Recall: Example 4.11, p. 104
Consider the Poisson equation defined on a trapezoidal domain:

Q={(r1,22) :0< 21 <1, 0 <2< (14+21)/2}. (P.1.1)

Define a new coordinate system & € (0,1)?,

2
51:961, 52:1_?11-
Then the Jacobian reads
1 0 1 0
J = = P.1.2
—2x5/(1 4 x1)° 2/(1+561)] [—fz/(1+£1) 2/(1+ &) (F12)
and
&
. T T _ 1+&
B=JAJ" =JJ" = & &2 44 (P.1.3)

1+4 (14 &1)?

The matrix B(£) is clearly symmetric and positive definite on the unit
square. The problem

—V-B)Vu=f(§), €€(0,1) (P.1.4)

can be approximated by the standard second-order FD method.

This project allows you to use coordinate transformations to experiment with
the finite difference method for solving PDEs on nonrectangular do-
mains.
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,,,,,,,,,,,,,, -
|

"'What To Do

L e e e e e e e - — o 4

¢ Consider
—Au=f, xe€Q=(01)>

u=yg, XE€Oo, (P.1.5)
where () is given as in (P.1.1).
* Set the exact solution as
u(x,y) = sin(mwz) sin(my), (P.1.6)

so that the right-hand side becomes

f(z,y) = 2% sin(mx) sin(7y).

* Implement code using the central finite difference method (FDM) to nu-

merically solve the coordinate-transformed partial differential equation
(PDE) in equation (P.1.4).

* Test for second-order error convergence in grid size h by doubling the
number of points in both directions (e.g. n = 20, 40, 80).

— To do this, calculate the reverse rule for the transformation.

* You may use Python functions implemented in Section 5.6.

Report: Please structure your report with a summary first, followed by
your code, results, and convergence analysis.
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P.2. High-order FEMs for PDEs of One Spacial
Variable

The provided Python code is implemented for solving

—Ugy = f7 LS (CL, b) (P.2.1)

u:g7 :E:a/7b7

using high-order Galerkin FE methods.
Through the project, you will modify the code for the numerical solution of
more general problems of the form

—(Kug), +ru=f, x € (a,b)

Ku, =g, x=a,b, (P.2.2)

where K = K(z) and r are prescribed continuous positive functions.
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Here are your objectives:

* Derive Galerkin FEMs for (P.2.2) of Neumann boundary conditions.

* Modify the code for the problem. You may have to spend a certain amount
of time to understand the code. Please save new functions in a new file;
do not add any extra functions to util_FEM_1D.py.

¢ Test your code for its convergence, for example, for

- (a,b) = (0, )
-Kx)=1+4=x
-r(x)=1

— The exact solution u(z) = sin(x).

You have to set f and g correspondingly; for example, ¢(0) = 1 and g(7) =
—(14 ).
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APPENDIX A

Basic Concepts in Fluid Dynamics

Physical properties of fluid flow under consideration must be known if one is
to either study fluid motion or design numerical methods to simulate it. This
appendix is devoted to introducing basic concepts of fluid flows.

Contents of Chapter A

A.1. Conservation Principles . . . . . . . . . . . . . . e e 337
A.2. Conservation of Mass . . . . . . . . . . . . e e 339
A.3. Conservation of Momentum . . . . . ... .. ... ... 339
A.4. Non-dimensionalization of the Navier-Stokes Equations . . .. .. ... ... ....... 342
A.5. Generic Transport Equations . . . . . . . . .. .. ... .. .. . e 344
A.6. Homework . . . . . . . e e e 345

A.1. Conservation Principles

Conservation laws can be derived by considering a given quantity of matter or
control mass (CM) and its extensive properties such as mass, momentum, and
energy. This approach is used to study the dynamics of solid bodies, where the
CM is easily identified. However, it is difficult to follow matter in fluid flows.
It is more convenient to deal with the flow in a certain spatial region, called
the control volume (CV).

We first consider the conservation laws for extensive properties: mass and mo-
mentum. For mass, which is neither created nor destroyed, the conservation

equation reads
dm

dat
where t is time and m represents mass. On the other hand, the momentum can

0, (A.1.1)

337
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be changed by the action of forces and its conservation equation is Newton’s
second law of motion

d(mv)
TR > f. (A.1.2)

where v is the fluid velocity and f is forces acting on the control mass.

We will reformulate these laws with incorporation of the control volume. The
fundamental variables will be intensive, rather than extensive, properties
that are independent of the amount of matter. Examples are density p (mass
per unit volume) and velocity v (momentum per unit mass).

For any intensive property ¢, the corresponding extensive property ® is by
definition given as

o — / 6 dQ, (A.1.3)
Qom

where ¢, is the volume occupied by the CM. For example, ¢ = 1 for mass
conservation, ¢ = v for momentum conservation, and for a scalar property, ¢
represents the conserved property per unit mass. Using (A.1.3), the left hand
side of each of conservation equations, (A.1.1) and (A.1.2), can be written as

i/ o dQ) = i/ po dS) —l—/ pp(v —vp) - ndS, (A.1.4)
dt Qcm d¢ Qov

ey
where Qcy is the CV, n denotes the unit outward normal to 0Q¢y, dS repre-
sents the surface element, v is the fluid velocity, and v; denotes the velocity of
the CV surface 0€)¢y. The equation (A.1.4) is called the control volume equa-
tion or the Reynolds’s transport equation. For a fixed CV, v, = 0 and the first
derivative on the right hand side of (A.1.4) becomes a local (partial) derivative:

i/ p¢dQ:Q/ pgbdQ—I—/ ppv-ndS. (A.1.5)
dt Qcum at Qcov INev

Note that the material derivative applied to the control volume is

d 0
EZE—FV()-V.

For a detailed derivation of this equation, see e.g. [54, 69].
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A.2. Conservation of Mass

The integral form of the mass conservation equation follows from the control
volume equation (A.1.5), by setting ¢ = 1:

Q/pdﬁ +/ pv-ndS =0, (A.2.1)
ot Jq 09

where we have omitted the subscript C'V from (). The above equation is also
called the continuity equation. Recall the Gauss’s divergence theorem

/V-AdQ: A -ndS, (A.2.2)
Q oN

for any vector field A defined in the control volume ). Applying (A.2.2) to
(A.2.1) and allowing the CV to become infinitesimally small, we have the fol-
lowing differential coordinate-free form of the continuity equation

% LV (pv) =0, (A.2.3)

and its Cartesian form

dp O(pvi) Op  O(pu)  O(pv)  O(pw) _
8t+ ox; _8t+ or + Ay + 92 =0, (A.2.4)

where z; (i = 1,2,3) or (z,y, z) are the Cartesian coordinates and v; or (u, v, w)
are the Cartesian components of the velocity v. Here we have utilized the
Einstein convention that whenever the same index appears twice in any term,
summation over the range of that index is applied.

A.3. Conservation of Momentum

Using (A.1.2) and (A.1.5) with ¢ = v, one can obtain the integral form of the
momentum conservation equation

7 ao |
— vdQ) + vv-ndS = . (A.3.1)
ot Qp an Zf

The right hand side consists of the forces:
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— surface forces: pressure, normal and shear stresses, surface tension, etc.;

— body forces: gravity, electromagnetic forces, etc..

The surface forces due to pressure and stresses are the microscopic momen-
tum flux across the surface. For Newtonian fluids, the stress tensor 7, which
is the molecular transport rate of momentum, reads

T:2uD+{</€—§u)V-V—p][a (A.3.2)

where p is the static pressure, 1 and « are respectively the shear coefficient
of viscosity and the bulk coefficient of viscosity, / is the unit (identity) tensor,
and D is the rate of strain (deformation) tensor defined by

D— %(VV (7)), (A.3.3)

The following notation is often used in the literature to denote the viscous
part of the stress tensor

oD+ [(,Q%M)v.‘,]], (A.3.4)

Thus the stress tensor can be written as

T=7—pl (A.3.5)
and its components read
Tij = Tij — pdij, (A.3.6)

where
2 1/ 0v; ov;
J A

Assume that gravity g is the only body force. Then, the integral form of the
momentum conservation equation becomes

0

—/pde+/ pvv - -ndS = T-ndS+/png. (A.3.7)
ot Jo o0 0 0
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A coordinate-free vector form of the momentum conservation equation is read-
ily obtained by applying the Gauss’s divergence theorem (A.2.2) to the convec-
tive and diffusive flux terms of (A.3.7):

d(pv)
ot

The continuity equation (A.2.3) and the momentum equations (A.3.8) are called
the Navier-Stokes equations.

+V-(pvv) =V T + pg. (A.3.8)

The corresponding equation for the ith component of (A.3.8) is

d(pv;
(g: ) + V- (pviv) =V - T; + pgi, (A.3.9)
where 7; in the Cartesian coordinates can be expressed as
(%i (%j 2
;= I — = v —pl| 1 A.3.10
Ti “(axﬁaxi) J+[</<; 3u>V v p] ( )

where [; is the Cartesian unit vector in the direction of the coordinate z;.
The integral form of (A.3.9) reads

g/pvidQ—F/ pv; v -ndS = 7E-nd5+/pgid9. (A.3.11)
ot Jq 09 09 0

In index notation, (A.3.9) can be rewritten as

A(pvi)  I(pv;vi) op | Ory
_ . A3.12
o ox, oz; | 0z; PP (A.3.12)

In approximating the momentum equations by finite difference schemes, it is
often more convenient to deal with the following non-conservative form

p@? v Vvi) =V T + pg;. (A.3.13)

Here we describe the momentum equations for the incompressible Newtonian
fluid of constant density and viscosity. In this case, since V- v = 0, (A.3.12)

becomes 5 5 5 -
V; Vi §Y U;
— — ) = — : . A.3.14
p( di ”Jaxj) oz, T P9 * oz o, (A.3.14)
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In 2D Cartesian coordinates, (A.3.14) reads

2 2
(a) p<%+vl%+v %> :—@+pgl+u<8 u, O

8t ax 2 8y ax axQ ayQ 9
b o020 owY _ op (0P O (A.3.15)
ot T T, ) = oy TPt g T )

Thus the complete set of the Navier-Stokes equations for incompressible ho-
mogeneous flows becomes (in Gibbs notation)

(a) V-v=0,
(A.3.16)
(b) ?9_‘; +(v-V)v=-Vp +g+rvAv.

where p' = p/p and v = u/p is the kinematic viscosity coefficient.

In the case of frictionless (inviscid) flow, i.e., © = 0, the equation of motion
(A.3.16.b) reduces to the Euler’s equation,

ov

e + (V . V)V = —Vp/ +g. (A.3.17)

A.4. Non-dimensionalization of the Navier-Stokes
Equations

Now we will discuss some scaling properties of the Navier-Stokes equations
with the aim of introducing a parameter (the Reynolds number) that mea-
sures the effect of viscosity.

Let L be a reference length L and U a reference velocity. These number are
chosen in an arbitrary way. For example, if we consider a free-stream flow
past a sphere, L can be either the radius or the diameter of the sphere and U
can be the magnitude of the fluid velocity at infinity. The choice determines a
time scale 7' = L/U. We measure x, v, and ¢ as fractions of these scales, i.e.,
we introduce the following dimensionless quantities

th =
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Consider the change of variables e.g. for the x-component of the Navier-Stokes
equations in 2D Cartesian coordinates (A.3.15.a):

o(Uvy) ot! ,0(Uv)) 0x' o(UvY) oy
COALI (ax/na_g: U;@ (ag{)a_?
Op Ox' 0*(Uvy)  0*(Uv
T v ar MY +”(a(m/)2 a(fo)Q)’
or
U (ov, ,0vy ,0v) 1 dp U (%] 0%
PI(W”%”@) Z‘z%+f’gl+“ﬁ(w+ ay>
Thus we have
Qﬁ+dgﬁ+dgﬁ:——ng+le+l/<y%+a%g.
o ltox | oy pU2ox U7t T LU\ 9x? ' oy

It is straightforward to apply the change of variables to the x-component (and
also the other ones) of the Navier-Stokes equations in 3D. It follows from the
change of variables that (A.3.16) becomes

(a) V'-v =0,
ov’ 1 (A4.1)
(b) W _|_ V/ . v/vl — _v/p/ _|_ g/ _|_ EA/V/’
where
b g le LU
p pUQ’ U27 V N

Here the dimensionless quantity R is the Reynolds number. The equations
(A.4.1) are the the Navier-Stokes equations in dimensionless variables. (The
gravity term g’ is often ignored.)

When R is very small, the flow transport is dominated by the diffusion/dissipation
and the convection term (sometimes, called inertia) v - Vv becomes much
smaller than the diffusion term %Av, 1.e.,
1
- Vv] < | 5av)
v - Vv]| ROV
Ignoring the convection term, we have the Stokes’s equations
(a) V-v=0,

ov 1
— = —Av.
m)at Vp+g+R \'%

(A.4.2)
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A.5. Generic Transport Equations

The integral form of the equation describing conservation of a scalar quantity
¢ is analogous to the previous equations and reads

0
E/ngbdg+/ pov-ndS =31, (A5.1)

o0

where f, represents any sources and sinks and transport of ¢ by mechanisms
other than convection. Diffusive transport fg is always present and usually
expressed by a gradient approximation

fi= [ DV¢-nds, (A.5.2)
o0

where D is the diffusivity for ¢. The equation (A.5.2) is called Fick’s law for
mass diffusion or Fourier’s law for heat diffusion. Since the sources/sinks can

f;;=/q¢dﬂ,
Q

setting f, = fg + f; and applying the Gauss’s divergence theorem, one can
obtain the generic transport equation, the coordinate-free form of the equation
(A.5.1):

be expressed as

N9) LV (pov) = V- (DY) 4, (A5.3)

The lecture note will first focus on the numerical methods for (A.5.3). More
precisely, we will consider numerical methods for the convection-diffusion
equation of the form

(a) @—FV-(VC)—V-(DVC):f, (x,t) € Q x J,

ot (A.5.4)
(b) (DVe¢)-v =0, (x,t) € I" x J, "
(c) c = ¢, xe, t=0,

where c is the unknown (e.g. concentration), ) ¢ R¢, 1 < d < 3, is a bounded
domain with its boundary I' = 092 and J = (0,7] the time interval, " > 0.
Here v = v(c) is the fluid velocity, v is the outward normal to I', and f = f(c)
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denotes chemical reactions and source/sink. The diffusion tensor D = D(v,¢)
is symmetric and positive definite:

D" =D; D.y]> < y'D(x)y < D*ly]>, VxeQ, VyeR’

for some positive constants D, and D*. The velocity either can be obtained
by solving another equation such as the pressure equation or is given from
experiments.

Special features of the continuity and momentum equations (Navier-Stokes
equations) will be considered afterwards as applications of the numerical meth-
ods for the generic equation.

A.6. Homework

1. Use V- (pv;v) = v,V - (pv) + pv - Vv; to derive (A.3.13) from (A.2.4) and
(A.3.9).

2. Derive (A.3.14).
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B.1. Orthogonal Polynomials

Let w be a given function defined on (—1,1) and positive there. (The function
w is often called a weight function.) Let f and ¢ be defined on the interval
(—1,1). Define the scalar product of the functions f and g on (—1,1) as

(f. ) = / Fa)gle)ule)ds B.1.1)

Then, the orthogonal polynomials on (—1,1) with respect to the weight func-
tion w are a series of polynomials { P} } ;-0 12,.. satisfying

P.€Py; (P, Pyn)w=0, k#m, (B.1.2)

where P denotes the space of polynomials of degree < k.

Those orthogonal polynomials satisfy a three-term recurrence relation of the
form

Pk+1($) = Ak(x - Bk)Pk(x) - Ckpk_l(l'), k= 0, 1, 2, e, (B13)

347



348 Appendix B. Orthogonal Polynomials and Quadratures

where
P_l = 0,
A, = 04k+17
(vhe, Po)
Ll Ik )w
B, = —
k Sk )
arbitrary, k=0,
Cy = ApSy ks 0
Ap1Sk-1’ '

Here oy, is the leading coefficient of P, and S;, is defined as

Sk = (Pr, Py)w-

With this choice of the weight function, starting with Ly(z) = 1, one can get

2k +1

k—|—17 k ) k

k
g k+1

where a normalization is applied for L;(1) = 1. Thus the Legendre polynomi-
als satisfy the following three-term recurrence relation

(2k + 1)xLi(z) — kLk_l(x).

— B.1.4
A few first Legendre polynomials are
Lo(SC) = ].,
Ll (x) = 7T,
L) = (- 3),
2 3 (B.1.5)
Ls(z) = > - §a:
3 9 5 )
35 6 3
Li(z) = (a2t =222+ 2 ).
dz) = 3 (I 75T 35>



B.2. Gauss-Type Quadratures

Relevant properties are

[Li(x)] <1, Vaoe|-1,1],
Ly(£1) = (£1),

Ly (2)] < k(k+1)/2, Vre|-11],
Ly(£1) = (£1)*k(k + )/2

(L, L)1 = (k+1/2)71

w(z) = (1 —2%)712

349

(B.1.6)

With this choice of the weight function, one can get the three-term recurrence

relation for the Chebyshev polynomials
Tii1(x) = 22T () — To1 ().
A few first Chebyshev polynomials are

To(z) = 1,

Ti(z) = =,

Ty(z) = 2% —1,

Ts(z) = 4a° — 3u,

Ty(z) = 8x*—8x* +1.

Relevant properties are
Tp(z)| <1, Vzel[-1,1],
Ti(+1) = (£1)",
Tp(2)| <&, Vael-1,1],
Ti(+1) = (£1)"4?,
w, ifk=0,

(T, Tiyw = { n/2, ifk>1.

B.2. Gauss-Type Quadratures

(B.1.7)

(B.1.8)

(B.1.9)

There are close relations between orthogonal polynomials and Gauss-type in-

tegration quadrature formulas on the interval [—1,1].

Gauss-type integration formulas.

We first review the
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'Theorem | B.3. Gauss Integration. Let {zo,x1,--- ,x,} be the zeros of the
(n + 1)-th orthogonal polynomial P, ;. Let {wy,w,--- ,w,} be the solution of
the linear system

n

1
Z(:Cj)iwj = / v'w(z)dr, i=0,1,---,n.

j=0 !

Then, (1). w; > 0,5 =0,1,--- ,n, and
1 n

[ s@u@) = 3 fa)u VF€ P (B.2.1)
! j=0

(2). There is no x; and wj, j = 0,1,--- ,n, such that (B.2.1) holds for all f €
Ponio.

The Gauss integration formula is well known. However, the zeros of P, | are
all in the interior of [—1, 1]. Thus, it shows a drawback when a boundary con-
dition is to be imposed. In particular, most finite element methods require the
continuity of the solution on element boundaries and introduce nodal points
on the boundary. The following Gauss-Lobatto formula is more useful than
the Gauss formula in numerical PDEs.

]Theorem\ B.4. Gauss-Lobatto Integration. Let zp = —1, z, = 1, and z;,
j=1,2,--- . n—1, be the zeros of the first-derivative of the n-th orthogonal

polynomial, P). Let {wy,wy,--- ,w,} be the solution of the linear system
Z(xj)le = / zw(x)dr, i=0,1,--- n.
j=0 -
Then,
1 n
[ s@u@) = 3 fau VFEPa (B2.2)

For the Legendre polynomials, the explicit formulas for the quadrature nodes
are not known. Thus the nodal points and the corresponding weights must be
computed numerically as zeros of appropriate polynomials and the solution of
a linear system, respectively. On the other hand, for Chebyshev series, the
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points and weights are known explicitly. Here we collect those formulas and
explicit expressions:

Legendre-Gauss:

z; (=zerosof L), j=0,1,---,n,
2 o1 (B.2.3)
y  J=U, L.
(1= 23)[L] 4 ()]

Legendre-Gauss-Lobatto:

wj; =

ro=—1, ¥, =1, z; (=zerosof L)), j=1,2,--- ,n—1,

B 2 ol (B.2.4)
YTl DL T

Chebyshev-Gauss:

2741
xj:_cos<u)7 w; = =01, ,n. (B.2.5)

2n+ 2 n+1

Chebyshev-Gauss-Lobatto:

T; = —Cos <‘E>, wj = { m/(2n), ]:: 0,1, (B.2.6)

n /n, j=1,---,n—1.

The following shows a few examples for the Legendre-Gauss-Lobatto points
and the corresponding weights on the interval [—1, 1]:

Legendre-Gauss-Lobatto points | weights
n=1—-1 1 1 1
n=21-1 0 1 141
3 3 3 (B.2.7)
1\1/2 1\ 1/2 1 5 5 1
OGN L
5 o 5 o 61 64 6 6
n—d|_1 _(§> 0 (§> L a1
7 7 10 90 90 90 10




352 Appendix B. Orthogonal Polynomials and Quadratures



APPENDIX C

Some Mathematical Formulas

Contents of Chapter C
C.1. Trigonometric Formulas . . . . ... . ... ... . . ... . . e 353
C.2. Vector Identities . . . . . . . . . . . . e e e 353

C.1. Trigonometric Formulas

The following trigonometric formulas are useful

(a) sin(z + y) = sinx cosy + cos z siny,
(b) cos(z + y) = cosxcosy — sinxsiny,

(c) sinx+smyzgsin( ;F?J> ( y)

(d) sinx —siny = 2cos ($; ) sin ( — Y (C.1.1)
(e) cosx + cosy = 2cos <x—;—y) ( y)
(f) cosx —cosy = —2sin (x—i—y) sin( )
2 2
By setting x = 20 and y = 0 in (C.1.1.e), one also can have
2sin?f = 1 — cos(26), 2cos*d = 1+ cos(26). (C.1.2)

C.2. Vector Identities

Let A, B, C, and D be vectors in R? and f is scalar. Let
A-B= AlBl -+ A2B2 + Ang

353
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and

AxB = (AQBg — AgBQ, AgBl — AlBg, AlBQ — AQBl)
noJ s
Al Ay Aj
By By Bs

= det

Y

where J; is the unit vector in the z;-direction. Then
A-B=|A||B|cosf, A xB=]A||B|sinfn,

where 0 is the angle between A and B and n is the unit normal vector from the
plane containing A and B whose orientation is determined by the right-hand
rule. (When four fingers grab directing from A to B, then the direction of the
thumb determines n.) Let V x denote the curl operator defined as

0A3 0Ay 0A; 0As; 0Ay, 0A
oy 0z’ 9z Oz Or (9y>'

VxA:(

Then,
A- BxC)=B-(CxA)=C-(AxB),
Ax(BxC)=(A-C)B- (A -B)C,
(AxB)-(CxD)=(A-C)(B-D)—-(A-D)(B-C),
VIA-B)=AXx(VxB)+Bx(VXA)+(A-V) B+ (B:-V)A,
V- (AxB)=B-(VxA)—A-(VxB),
V x (fA) = f(V x A) — A x (V).
VXx(AxB)=(B-V)A-—(A-V)B+A(V-B)-B(V-A),
V- (VxA)=0,
V x (V) =0,
Vx(VxA)=V(V-A)-V?A.

(C.2.1)

Associated with vectors are the following integrals.

Gauss’s divergence theorem:

/V-dezygB-nds
v A
/(VxB)-nds:§£B-dl
A c

Stokes’s theorem:



APPENDIX D

Finite Difference Formulas

Contents of Chapter D

Here we summarize second- and fourth-order finite difference formulas. In
the following, i (> 0) is the spatial variable and w; = u(zg + ih).

Central 2nd-order FD schemes:

(S iV |
wlo) -~ T
Ul — 2’LLO +u_q
Uzr(Tg) & 3
U — 201 + 2u_1 — u_o (D.0.1)
Ug — AUy + 0ug —4u—1 +u_2
u®(zg) =~ o
Central 4th-order FD schemes:
(z0) —Ug + 8uy — 8u_q1 + u_s
Uy (x ~
0 12h
—uy + 16u; — 30ug + 16u_1 — u_s
Uaz(o) A 1212
—u3z + 8ug — 13u; + 13u_; — 8u_9 + u_3 (D.0.2)
u;mx(xO) ~ 8h3
) —ug + 12uy — 39u; + 56wy — 39u_1 + 12u_9 — u_3
uM(xg) = i
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One-sided 2nd-order FD schemes:

—3uy + 4us — uso

uz(rg) ~ =+

2h
 2up — dugy + duys — fi3
o) = 1 (D.0.3)
—dug + 18uy; — 24u4s + 14fi3 — 3U44 o
u;m::(;(xO) ==

2h3
Sug — 1duyq + 26uq9 — 24fi3 + 11uyy — 2uys

h4

S
S

=

N
Q
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