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Preface

This book provides a fundamental introduction to numerical analysis suitable for ur
dergraduate smdents in mathematics, computer science, physical sciences, and eng.-
neering. It is assumed that the reader is familiar with calculus and has taken a struc-
tured programming course. The text has enough material fined modularly for either a
single-term course or a year sequence. In short, the book contains enough material so
instructors will be able 1o select topics appropriate to their needs.

Students of various backgrounds should fird numerical methods quite imeresting
and useful, and this is kept in mind throughout the book. Thus. there is a wide vari-
ety of examples and problems that help to sharpen one’s skill in bath the theory and
practice of numerical analysis. Computer calculations are presented in the form of ta-
bles and graphs whenever possible so that the resulting numerical approximauons are
easier wo visualize and interpret. MATLAB programs are the vehicle for presenting the
underlying numerical algorithms.

Emphasis 1s placed on understanding why numerical methods work and their lim-
itations. This is challenging and involves a balance between theory, error analysis,
and readability. An error analysis for cach method is presented in a fashion that is
appropriate for the method 21 hand. yet does not tarn off the reader. A mathematical
derivation for each method is given that uses elementary results and builds the student’s
understanding of calculus. Computer assignments using MATLARB give students an
opporamity to practice their skills at scientific programming.

Sherter numerica! exercises can be carried out with a pocket calculator/computer.
and the longer ones can be done using MATLAB subroutines. It is left for the instruc-
tor to guide the students regarding the pedagogical use of numerical computatiors
Each instructor can make assignimeris that are appropriate to the available comput
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ing resources. Experimentation with the MATLAB subroutine [ibraries is encouraged.
These. materials can be used to assist students in the completion of the numerical anal-
ysis cormponent of computer Jaboratory exercises.

This Third Edition grows out of much polishing of the narrative for the Second
Edition. For example. the ¢ R method has been added to the chapter on Eigenvalues
and Eigenvectors. New 1o this edition is the explicit use of the software MATLAB.
An appendix gives an introduction to MATLAB syntax. Examples have been added
throughout the text with MATLAB and complete MATLAB programs are given in
each section. An instructor's disk is available upon request from the publisher.

Previously we took the attitude that any sofiware program that students mastered
would work fine. However, many students entering this course have yet to master a
programming language (computer science students excepted). MATLAB has become
the 100l of nearly all engineers and applied mathematicians, and its newest versions
have improved the programming aspects. So we think that studenis will have an easier
and more productive time in this MATLAB version of our text.
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Preliminaries

Consider the function fix) = cos(x). 1ts derivative f'{(x) = —sin(x). and its an-
liderivative F(x) = sin(x) + C. These formulas were studied in calculus. The former
is used to determine the slopem = f'(x9) of the curve y = f(x)atapoint (x3. f(xp)).
and the latter is used 1o compute the area under the curve fora < x < b.

The slope at the point {x/2,0)ism = f'{m/2} = — 1 and can te used to find the
tangent line at this point (see Figure 1.1(a)):

.)'ran=m(1—%) +O=_f’(r-2r)(x—%)=—x+%.

[

Figure 1.1 (a) The tangent hine to
the curve ¥ = cos(x) at the poini
{m/2.0).
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Figure 1.1 (h) The area under the
curve y — cos{x) over the interval
0. 7t /2).

The area under the curve for 0 < 1 < 7/2 is compuied using an integral (see Fig-
ure 1.1(b)):

area — '/(')1/3 cos{xydx = F (%) - F(0) = sin (%) —0=

These are some of the results that we will need to use from calculus.

Review of Calculus

Itis assurned that the reader is tamiliar with the notation and subject matter covered in
the undergraduate calculus sequence, This should have included the topics of limits.
continuity, differentiation, integration, sequences, and series. Throughout the book we
refer 1o the following results.

Limits and Continuity

Definition 1.1. Assume that f(x) is defined on a set § of real numbers, Then f is
said to have the fimif L at x = xq, and we write

1 —=ap

if. given any € > 0, there exists a § > () such that, wheneverx € S,0 < lx —xg| < §
implies that | f(x) — L] < ¢. When the h-increment notation x — xg + k& is used,
equation (1) becomes

(@) lim f(xg+h)=L. A
b-f]

Sec. 1.1 REVIEW OF CALCULLS 3

Definition 1.2, Assume that f(x) is defined on a set § of real numbers and legxg € S.
Then f is said 1o be continueus af x = xp it

(3) lim f(x) = f(xg).
Eaa® (]

The function f is said t be continuous on § if it is continuous at each point x € S.
The notation C"(S) stands for the set of all functions f such that f and its first n
derivatives are continzous on §. When § is an interval, say [a, b]. then the nowation
C"la.b] is used. As an example, consider the function f(x) = x*3 on the imter-
val [—1, 1]. Clearly, f{x) and f'(x} = (4/3)x"/3 are continuous on [~1, 1), while
FU(x) = (4/9)x ~%3 is not continuous at x = 0. A

Definition 1.3.  Supposc that {x,};2 | is an infinite sequence. Then the sequence is
said to have the limit L. and we write

4 lim x, — L,

Ry OC
if, given any € > 0, there exists a positive integer ¥ = V(e ) such that s > A implies
that |x, — L] < €. A

When a sequence has a limit, we say that it is a convergent sequence. Another
commonly used notation is “x, > L as n — 20" Equation (4) is equivalent to

(5) ”irlgo(xn L) =0.

Thus we can view the sequence ie,,.}g‘;_,l = {x, — LY, as an error sequence. The
following theorem relates the concepts of continuiry and convergent sequence.

Theorem 1.1.  Assume that f(x) is defined on the set § and xg € S. The following
statements are equivalent:

® (a) The function f is continuous at xg.
) (BT Hm x, — xo. then lim f(xn) = f(x0-

Theorem 1.2 (Intermediate Value Theorem), Assume that J € Cla,b]and L is

any number hetween f{a) and f(b). Then there exists a number ¢, with ¢ € (a, b).

such that f(ec) = L.

Example 1.1.  The function f{(x) = cos(x — 1) 1s continuous over [0, 1), and the constant
L — 0.8 € (cos(0), cos(})). The solution to f(x) = 0.8 aver [0. 1]is ¢1 = 0.356499.
Similarly, f(x} is continuous over {1, 2.5], and L = 0.8 € (cos(2.5}, cos(1}). The solution
to f(x) = 0.8 over [1,2.5] is c2 — 1.643502. These two cases are shown in Figure 1.2. m
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10 1

Theorem 1.3 (Extreme Value Theorem for a Continuous Function), Assume that
f & Cla, b]. Then there exists a lower bound M, an upper bound M, and two
numbers x|, x2 € {a, b] such that

(N My = f{x)) = f(x) £ fx2) = M2  whenever x € [a, b]
We sometimes express this by writing

) My = flx) =ar<rligb{f(x)} and Mz = f(x2) = Jnax {f ().

<x<b

Differentiable Functions
Definition 1.4. Assume that f(x) is defined on an open interval containing xp. Then
£ is said to be differentiable at xg if
© i @ = 00
sk X — X

SEC. 1.1 REVIEW OF CALCULUS 5

exists. When this limit exists, it is denoted by f'(xq) and is called the derivative of f
at xp. An equivalent way i¢ express this limit is 10 use the A-increment notation:

. flxa+h) = flxe)
1 - =
(10) f:»mo h
A function that has a derivative at each point in a set § is said to be differentiable

on 5. Note that, the number m = f/(x5) is the slope of the targent ine 10 the graph of
the function y = f{x) at the point (xqy, f(xq)). A

S (xo).

Theorem 1.4. If f(x) is differentiable at x = xp, then f(x) is continuous at x = xp.

It follows from Theorem 1.3 that, if a function f is differentiable on a closed
interval |a, £], then its extreme values occur at the enc points of the interval or at the
critical points (solutions of f'(x) = 0) in the open interval {a, b).

Example 1.2, The function f(x) = 15x2 —66.5x259.5x 435 is differentiable on [0, 31.
The sotutions to f'(x) = 4517 — 123x + 59.5 = D are x| = 0.54955 and x2 = 2 40601.
The maximum and minimum values of f on [{). 3] are:

min{ f£(0), £{3), f(x1), f(x2)} = min{35, 20. 50.10438, 2.11850] = 2.11850
and
max{ f(0), f(3), f(x1). fix2)}] = max{35, 20, 50.10438, 2.11850§ = 50.10438. m
Theorem 1.5 {Rolle’s Thearem}. Assumethat ' € Cla, b} and that /(x} exists for

allx € (a, £). If fia) = f(b) = 0, then there exists a number ¢, with ¢ ¢ (a. ), such
that '(c) = 0,

Theorem 1.6 tMean Value Theorem). Assume that f € Cla, #] and that f'(x)
exists for all x € (a. b). Then there exists a number ¢, with ¢ € (a. b), such that

(1n flic) = M.
b—a

Geometrically. the Mean Value Theorem says that there is at least one number
¢ € {a. b) such that the slope of the tangent line 10 the graph of y = f(x) at the point
(¢, f(c)} equals the siope of the secant line through the points (a. f(a)) and (b, J(b)).

Example 1.3. The function f{x) = sin{x) is continuous on the closed interval [00.1, 2.1]
and differentiable on the open interval (0.1, 2.1). Thus, by the Mean Value Thegrem, there
is a number ¢ such that

_ f@21) - F0.1) 0863209 - 0.099833

foy=—q=57 = 3T=0.1 = 0.381688.
The solution to f'{c) = costc) = (.381688 in the interval (0.1, 2.1) s ¢ = 1.179174.
“he graphs of f{x). the secant line y = 0.381688x + 0.099833, and the tangent line
»=0.381688x + 0.474215 arc shown in Figure 1.4. u
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m=f’'{(c)

1.04 (¢, f(e))
f(b) 1

-
-

Pt ¥ [0
0.5

““(a, f(a))

T T T T L
a 0.5 1.0 ¢ 1.5 2.0b

fa) 4

X

Figure 1.4 The mean value theorem applied to f{x) =
sin(x ) over the interval {0.1, 2.1].

Theorem 1.7 (Generalized Rolle’s Theorem). Assume that f € Cla, b] and that
Flx), £700, ..., £™(x) exist over (o, b) and xp, x;, ..., xn € la, b]. If f(x;)) =0
for j = 0, 1,...,n, then there exists a number ¢, with ¢ € (a, b), such that " {c) = 0.

Integrals
Theorem 1.8 (First Fundamental Theorem). If f is continuous over [a, #] and F
is any antiderivative of fon [a, b], then

b
(12) f f(xX)dx = F(b) — F(a) where F'(x) = F(x).

Theorem 1.9 (Second Fundamental Theorem). If f is continuous over [a, b] and
x € {a, b}, then

(13) a,if frde = f(x).
X Ja

Exampie 1.4. The function f(x) = cos(x} satisfies the hypotheses of Theorem 1.9 over
the interval [0, /2], thus by the chain rule

2
;-‘- f cos(?) dt = cos(x2)(x%) = 2x cos(x?). =
x Jo

Theorem 1.1¢ (Mean Value Theorem for Integrals). Assume that f € Cla, b].
Then there exists a number ¢, with ¢ € (a, b), such that

1 b
—_f fxydx = f(c).
b—af,

The value f(c) is the average value of f over the interval {a, &].

Sec. 1.1 REVIEW OF CALCULUS 7

wl X"

Figure 1.5 The mean value
theorem for integrals applied to

— X f(x) = sin(x) + % sin(3x) over the
0.0 0.5 1.0 1.5 2.0 2.5 interval {0, 2.5].

Example 1.5. The function f(x} = sin(x} + 31{ sin(3x) satisfies the hypotheses of The-
orem 1.10 over the interval [0, 2.5]. An antiderivative of f(x) is F(x) = —cos(x) —
%cos(3x). The average value of the function f(x) over the interval [0, 2.5] is:

1 2-5f( yax = F@3) —FO) _ 0762629 - (~1.111111)
25-0f, ‘YT T s T 25
1.873740
= — =1L 96_.
g = 0.7494

There are three solutions to the equation f(c) = 0.749496 over the interval {0, 2.5]:
¢1 = 0.440566,¢; = 1.268010, and c3 = 1.873583. The area of the rectangle with
base b —a = 2.5 and height f(c;) = 0.749496 is f(c;)(b — a) = 1.873740. The area
of the rectangle has the same numerical value as the integral of f(x) taken over the inter-
val [0, 2.5]. A comparison of the area under the curve y = f(x) and that of the rectangle
can be seen in Figure 1.5. u

Theorem 1.11 (Weighted Integral Mean Value Theorem). Assume that f, g <
Cla, b] and g(x) = 0 for x € [a, b]. Then there exists a number ¢, with ¢ € (a, &),
such that

b b
(14) f fxigxydx = f(c)f gx)dx,
a a
Example 1.6. The functions f(x) = sin(x} and g(x) = x? satisfy the hypotheses of
Theorem 1.11 over the interval [0, /2]. Thus there exists a number ¢ such that

S x%sin(x)dx _ 1.14159

= = 0.883631
[P 2 dx 1.29193

sin(¢) =

or ¢ = sin~'(0.883631) = 1.08356. »
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Series
Definition 1.5, Let [a, )2 | he a sequence. Then y o0 | ay is an infinite series. The

nth partial sum is §, = 37}, ac. The infinitc scries converges if and only if the
sequence {S,)52 | converges to a limit S, that is,

(15) n%s,:ﬁli%‘gaizs.
If a series does not converge, we say that it diverges. A

1 oc
Example 1.7. Consider the infinite sequence {aa}32, = { _— ] . Then the sth
partial sum is n(n +1)

5 " 1 (1 1 )_] 1
"_,;kowii“k):.k E+1/" a+1

Therefore, the sum of the infinite series is

S = lim Sn=1in{}c(l ! )=1. =

n-»2C ntl

Theorem 1.12 (Taylor's Theorem). Assume that f € C"t'[a.b] and let xo €
[a. b]. Then, for every x € (a.b), there exists a number ¢ = c(x) (the value of ¢
depends on the value of x) that lies between xg and x such that

(16) f(x) = Py(x) + Rpix).

where

(7N Patx) — 3 L:f[—ujf-r - xg)*
k=0 :

and

(I8 Rylx) = -";:—:)i-(si;l(x—xg)“" L

Example 1.8. The function f(x) = sin(x) satisfies the hypotheses of Theorem 1.12. 1%
Taylor polynomial P (x) of degree n = 9 expanded about xo = 0 is obtained by evaluati;- -

SBc. 1.1 REVIEW OF CALCULUS 9

¥
1.0
¥ = P(x)

0.5

0.0

—
[

-0.5 F

-1.0

Figure 1.6 The graph of f(x) = sin(x) and the Taylos
polynomial P(x) — x — x3/3t + x3/5' - x7/1 +x%/9,

the following derivatives at x = @ and substituting the numerical values into formula (171

fx) =sin{x), Fih =0,
f'(x) = cos(x), S =1,
£ (x) = —sin(x), Fo =0,

P — —costx),  FP0) - -1,

f‘g)(x) = cos(x), f(9)(0) =1

A graph of both f and Py over the interval [0. 2] is shown in Figure 1.6, ]
Corollary L.1. If P,(x) is the Taylor polynomial of degree A given in Theorem 1,12,
then

(1% P8 (xg) — fPxg) for k—0, 1, ..., n

Evaluation of a Polynomial
Le1 the polynomial P(x)} of degree n have the form

20) P(3) — anx" +anoyx" ' o+ ax? + ayx +ap.
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Horner's method or synthetic division is a technigue for evaluvating polynomiats, It
can be thought of as nested multiplication. For example, a fifth-degree polynomial can
be written :n the nested multiplication form

Ps(x) = ({{(asx + ag)x + a3)x + a)x — a))x + ay,.

Theorem 1.13 (Horner’s Method for Polynomial Evaluation). Assume that P(x)
is the polynomial given in equation (20) and x = ¢ is a number for which £(c) is to be
evaluated.

Set b = a, and compute

2n by=w+cbp.y Tork=n—i,n-2,...,1 0
then by = P(c¢). Moreover, if

(22) Q0(x) = bnx" "+ bp1x" - 4 byi? ~ byx + by
then

(23) P(x) = (x — €}Qo(x) + Ro,

where Qo(x) is the quotient polynomial of degreen — 1 and Ry = by = P(c) is the
remainder.

Proof.  Substimting the right side of equation (22) for Qg(x) and g for Rp in equa-
tion (23) yields

Px)=(x —cWbpx" 1w by X" P 4 Bax? byx 4+ br) + By
(24) = bpx" + (bt~ chp)x" " 4o+ (B2 — cby)x?
+ (b —ch)x + (by — ¢cby).
The numbers b, are detenmnined by comparing the coefficients of £* in equations (20)
and (24), as shown in Table 1.1.

The value P(c} = by is easily obtained by substituting x = c into equation (22)
and using the fact that Ry = by:

25) P(c) = (¢ — e)Qglc) - Ry = by. .

The recursive formula for by given in (21) is casy to implement with a computer,
A simple algorithm is

b(n) = ain):
fork=n—-1:-1:0

blk) = a(k) + c *blk ~1);
end

SEC. 1.1 REVIEW OF CALCULLS 11

Table 1.1 Coefficients b for Homer's Method

x* Comparing (20} and (24) Solving for &;
x" an =by bn =an

=1 Ap_) =by—3—Cbn by_| =Gy_y+chy
o : :

* O =bi ~chiy by =ag+cbyy |
x° ag=by—chy by =ag + ch|

Table 1.2 Homer's Table for the Synthetic Division Procass

Input -‘ [ P | An-3 vee aj fe a2 ay ag
x | xby  xby_y -+ xbeyy -0 xby xbg xby
by but bua - by - By b hy= P(x)

' Output

When Homer's method is performed by hand, it is easier to write the coefficieats of
£{x) on a linc and perform the calculation &z = ai + chy+ below a; m a columa.
The format for this procedure is itlustrated in Table 1.2,

Example 1.9. Use synthetic division (Homer’s method) to find P(3) for the polyaomiz|

P(x) = x> — 6x* + 8x% — 8x% + 4x ~ 40.

as a4 as a2 a1 ao
Input 1 -6 8 8 4 —40
x=3 3 —9 -3 15 57
< 1 -3 -1 5 19 17 = P(3) = &g
by by b3 b b Output N
Thercfore, £(3) = 17 .
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Exercises for Review of Calculus

6

(@) Find L =limy .o (dn + 13/{2n - 1}. Then determine {e, } = {L

xr} and find
My eso €a-

(b) Find L = LMo oo (2n2+6n- 1)/(4n2+2n+1). Then determine {ey} = {L—xz}
and find limp oo €1

. Let {x;]* | be a sequence such that lima.co Xn = 2.

(a) Find limn_. 50 sinxg). (b) Findhm,,_,»,cln(xf).

. Finc the number(s) ¢ referred 10 in the intermediate value theorem for each function

over the indicated interval and for the given value of 1.
() fix}p= —12+2x+30vcr[——1.0] using L = 2
(b} flv)= \/xj - Sx--2over[6,8Jusing L =3

. Find the upper and lower bounds referred to in the extreme value theorem for each

function over the indicated interval.
(@)  f{x)=x% - 3x + tover|—1.2]
by fix) = cos*(x) — sin{x) over [0, 271}

. Find the number(s; ¢ referred to in Rolle’s theorem for each function over the indi-

cated interval,

(@) fxy=x?—4x%over|-2.2]

() fix} =sin{x) + sin(2x) over |0, 27 ]

Find the number(s) ¢ referred 1o in the mean value theorem for each function over the
indicated interval.

(@ flx)= J/xover[0,4]

2
b) fio)=

: over [0, 1]

X -

. Apply the generalized Rolle’s theorem to f{x} = x(x — 1)(x — 3) over [0, 3].

by

Apply the first fundamental theorem of calculus to each function over the indicated
interval,
(a} fix)=uxe' overiQ 2]

b} fix)= Gl 0 1.1
{ = Pt -1,
) fx) 2 ver § !

. Apply the second fundamental theorem of calculus to each function.

14.

11

b £ J']x“ e dr

Find the number(s} ¢ referred 1o in the mean value theorem for integrals for each
function, over the indicated interval.

ia) f(x)=6x"over|-3.4

{b) f(x) = xcos(x) over {0, 3m/2|

{a) % J—(: 12 cos() dt

IFind the sum of each sequence or series.

1.2
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o )] o [

a . l

2 n=0 3 a=|
) 24&2’_1

(© ;; nin - 1)
12. Find the Taylor polynomial of degree n =. 4 for each function expanded about 2!
given value of xg.
@ flor=yx,x=1
M fxy=x+a?+3kx+1x=0
) flxy=cos(x}, xp=0
13. Given that f(x) = sin(x) and P(x) = x —x3/3!+ x*/5 = x7 /71 + x¥/9!, Show 1}:
PO = fROO) fork=12,....9
14. Use synthetic division (Horner's method) to find P(c).
@ P=x*+x3-13x"—-x—-12,c=3
) Plx)=2xT+x%+2° ~ 2t 423, c=—1
15. Find the average area of all circles centered at the origin with radii between 1 and 3.

16. Assume that a polynomial, P(x), has n real roots in the interval [a, b]. Show tha
P51 (x) has al least one real root in the interval [a, b].

17. Assume that f, f', and f” are defined on the interval [2. b}; f(a) = f(b) = 0; anc
f(c) > Oforc € (a. b). Show that there is & number d € (a, &) such that f"(d) <0

Binary Numbers

Human beings do arithmetic using the decimal (base 10) number system. Mast com
puters do atithmetic using the binary (base 2) number sysiem, It may seem otherwise
since commun:cation with the computer (input/outpat) is in base 10 numbers. Thi:
transparency ¢oes not mean that the computer uses base 10. In fact, it converts input.
ta base 2 (or perhaps base 16), then performs base 2 arithmetic, and finally translate
the answer into base 10 before it displays a result. Some experimentation is require
to verify this. One computer with nine decimal digits of accuracy gave the answer

100,000
) Z 0.1 = 999999447,
k-1

Here the intent was to add the number 1—'5 repeatedly 100, 000 times. The mathematica
answer is exactly 10, 000. One goal is to understand the reason for the computer’s ap
parently flawed calculation. At the end of this section, it will be shown how somethin;

is ost when the computer translates the decimal fraction '1']h mto a binary number.
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Binary Numbers

Base 1 numbers are used for most mathematical purposes. For illustration, the number
1563 is expressible in expanded form as

1563 = (1 x 10%) ~ (5 x 10%) + (6 x 10') + (3 x 10%).

In general. let & denote a positive integer; then the digits ag, aj. ..., e exist so that
N has the base 10 expansion

N = (ay x ]U")—'-(ak_| X 10"“1')+<-'q-(a1 X 10')-r(ao x ]00).

where the digits «; are chesen from [0, 1,..., 8, 9}. Thus N is expressed in decimal
notation as
(2} N =axax-1- - ara1ag,, (decimatl)

If it is understood that 10 is the base, then (2) is written as
N =agay_1 - -ara149.

For example, we understand that 1563 = 1563,¢,.
Using powers of 2, the number 1563 can be written

1563 = (1 x 2" + (1 x 2% + (0% 28) + (0 x 27) + (0 x 2%)
(3 X2+ (Ix2MH+Ax2)+O0x2D+ U x2)
+ ¢l x20).

This car be verified by performing the calculation
1563 =1024+ 5124+ 16 + 8+ 2+ 1.

in generzl. let N denote a positive integer; the digits b, by, ..., by exist so that N
has the base 2 expansion

4) N=(hy x 2+ Bra x 277 4 4 (B x 21 + (B x 29,
where each digit &, is cither a O or 1. Thus N is expressed in binary notation as
(5) N=byhj_i - bbby,  (vinary).
Using the notatior: (5) and the result in (3) yields

1563 = 1100001101 L we.

Remarks. The word “two™ wili always be used as a subscript at the end of a binary
number. This will enable the reader to distinguish binary numbers from the ordinary
Dase 10 usage. Thus 111 means one hundred eleven, whereas 111y, stands for seven,
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It is usually the case that the binary representation for N will require more digits
than the decimal representation. This is due 10 the fact that powers of 2 grow much
more slowly than do powers of 10,

An efficient algorithm for finding the base 2 represeniation of the integer N can be
derived from equation {4). Dividing both sides of (4) by 2 yields

N b
& '3 =y x2 by x2) Y+ ik 2°J+?".

Hence the remainder, upon dividing N by 2, is the digit by. Now determire &y I{ (6
is written as N /2 = (g + by/2, then
(7N Qo= x 2+ x2! B+ 4y x 2+ (b x 20,
Now divide both sides of (7) by 2 to get
- _ b
B0 by ey x4
Hence the remainder, upon dividing Qg by 2, is the digit 5, This process is continued
and generates scquences { Oy and {b;} of quatients and remainders, respectively. The
process is terminated wher an integer J is found such that Q; = 0. The sequences
ohey the followirg formulas:
N =200~by
Qo=20Q ~ b
(8) ;
Qr2=20,1+b;
Qi1=20,+b; (Qs=0).

Example 1.10. Show how to obtain 1563 = 1100001101 1.
Start with N = 1563 and construct the quotients and remainders according to the
equations in (8):
1563=2x7814+1, by=1
Ml=2x3904+1, b =1
0=2x195+0, £2=0
195=2x 97+1. bh1=1
97=2x 4841, ba=1
48=2x 2440, bs=0
24=2x 12+0, bg=10
12=2x 6+0, b =0
6=2x 340, bg=0
3=2x 141, b=
Il=2x 0+1, bp=_.
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Thus the binary representation for 1563 is

1563 = biobaby - - - bab1byyye = 1100001101 |y, .

Sequences and Series

When rational numbers are expressed ir. decimal form, it is often the case that infinitely
mary digits are required. A familiar example is
(9 03

k 3 = M.
Here the symbol 3 means that the digit 3 is repeated forever to form an infinite repeating
decimal. It is understood that 10 is the base in (3). Mareover, it is the mathematical
intent that (9} is the shorthand notation for the infinite series

S=Gx10 D +@x107H+ +Bx107+. .-
(10 = _
=2 2007 =

[f only a finite number of digits is displayed, then an approximation to 1/3 is obtained.
For example, 1/3 &~ 0.333 = 333/1000. The error in this approximation is /3000,
Using (10), the reader can verify that 1/3 = 0.333 — 1/3000.

It is important to understand the expansion in {10). A naive approach is to multiply

both sides by 10 and then subtract.

10S=34+(3x10 H+@Bx107)+- .+ 3 x 107+
—S= —3x100H-3x10) .. —(3x107)—...

0§ =3+ (0 x 10")+(n>< l0‘2)+- A Ox 10y .-

Therefore, § = 3/9 = 1/3. The theorems necessary to justify taking the difference
between two infinite series can be found 1n most calculus books. A review of a few of
the concepts follows. and the reader may wart to refer to a standard text on calculus 10

fill mn all the details.

Definition 1.6 (Geometric Series). The infinite series

o
(1) Zcr"=<.'-+cr+cr7'-------cr"+---

n=0
where ¢ # 0 and r # 0, is called a geometric series with rauo r. A
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Theorem 1.14 (Geometric Series). Tne geomerric series has the following proper-
ties:

s 4]
c
(12) If!r;<1.lhen"2=;)cr"= T
(13) If |7| > 1, then the series diverges.

Proof. 'The summation formula for a finite geometric series is

) - 1_ ne
(1) S,,=c+cr-‘-cr“+---+cr"=f{l—r-2 for r # 1.
To establish (12), observe that
{15) lr. <1  implies that lim +"*! = Q.
=0

Taking the timit as a1 — oc, use (14) and {15) to get

(1= jim 1) = -5

n—00 1—7

Im §, =
e 1—r
By equation {15) of Section 1.1, the limit above establishes (12).
When r| = I, the sequence {#"~!} does not converge. Hence the sequence {S,}
in (14) does not tend to a limit. Therefore, (13) is established. .

Equation (12) in Theorem 1.14 represents an efficient way to convert an infinite
repeating decimal into a fraction.

Example 1.11.

_ oC oc

03= Z (10)* = -3~ 7300

k=1 k=) -
1
=-3+ o =3+ TO = l n
-5 3

Binary Fractions

Binary (base 2) fractions can be expressed as sums involving negative powers of 2. If
R is a real number that lies in the range 0 < R < 1, there exist digits 4y, 4z, .. .,
dn, ... sothat

(16) R=(d x2 )~ (dax2 Nt +idgx2 ™5,

where d; € {0, 1}. We usually express the quantity on the right side of (16) in the
binary fraction notation

(17) R=0d1dr-- dy o
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There are many real numbets whose binary representation requires infinitely many
digits. The fraction 7/10 can be expressed as 0.7 in base 10, yet its base 2 representa-
tion requires infinitely many digits:

7 —_—
8 — =0. .
(18) m 0.101 10w
The binary fraction in (18) is a repeating fraction where the group of four digits 0110
is repeated forever.

An efficient algorithm for finding base 2 representations can now be developed. If

both sides of (16 are muitiptied by 2, the resuit is
{19) R=di+(dz x 27+ (dy x 277 ),

The quantity in parentheses on the right side of (19) is a positive number and is less
than 1. Therefore d; is the integer part of 2R, denoted d) = i1 (2R). To continte the
process, take the fractional part of (19) and write

(20) Fl=fract2Ry = (dz x 22 4+ (dy x 277 ) .

where {rac(2R) is the fractional pan of the rea! number 2R. Multiplication of both
sides of (20) by 2 results in

(21) Ri=di+Udzs x2 - (dy % 27742y 4.y,

Now take the integer part of (21) and obtain d2 = int(2 Fy).

The process is continued, possibly ad infinitum (if R has an infinite nonrepeating
base 2 representation), and iwo sequences {di ] and { £y} are recursively generated:

dp = Int(2F ).
Fp = frac(2F,_ 1),

where d| = int(2R) and £\ = frac{2R). The binary decimal representation of R is
then given by the convergent geometric series

e s
R=3 dj2/
j=1

Example 1.12. The binary decimal representation of 7/10 given in (18) was found using
the formulas in (22). Let R = 7/10 = 0.7; then

2R =14 di=int(l.4) =1 Fy =frac(1.4) =04
2R = 0.8 dy =in{0.8) =0 F7 =1{raci0.8) = 0.8
2Fr = 1.6 di=mt(l16)=1 F3 = fracil.6) - 0.6
2Fi=1.2 ds =mt{1.2) =1 Fq = frac(1.2) = 0.2
=04 ds = in(0.4) =0 Fs =frac(0.4) =04
2 =0.8 de = int{(0.8y =0 Fy — frac{0.8) = OR
2Fa=1.6 dy =in1.6) =1 Fr = fraci1.6) = 0 6
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Note that 2F; = 1.6 = 2Fg. The patterns dy = di—g and Fy = Fy,4 will accurfork = 2,
3.4, .. Thus 7/10 = 0.101 1O1ye. ]

Geometric series can be used to find the base 10 rational number that a binary
number represents.

Example 1.13. Find the base !0 rational number that the binary number 0.0lrwo repre-

sents. In expanded form,
~n—i

00Twe=0x2" )+ x2H~Ox 24U x27% -

x> OC
=) e =—1+3 2H
k=1 k=0

1

l 1+4
o— - = . L]
3

XY

1
-z

Binary Shifting

1f a rational nurmber that is equivalent wo an infinite repeating binary expansion is to be
found, then a shift in the digits can be helpful. For example, let § be given by

25 S = 0.000001 1000ws.

Muitiplying both sides of (23) by 2° will shift the binary point five places to the right.
and 325 hus the form

{2 325 = 0.11000wq.

Sirifarly. multiplying both sides of (23) by 2'C will shift the binary poini ten places to
the right and 10245 has the form

(25 10245 = 11000.11000w.

The result of naively taking the differences between the lefi- and right-hand sides of

(24 and (25) 15 99285 = 11000y, or 9925 = 24, since 11000y, = 24. Therefore.
S - 8,".;?‘.

Scientific Notation
A standard way to present a real number, called scientific notation, is obtained by
shiling tie decimal point and supplying an appropriate power of 10. For example,
0.0000747 = 7.47 x 107,
31.4159265 = 3.14159265 x 10.

9,700,000,000 = 9.7 x 10°.

In chemistry, an important constant is Avogadro’s nuinber, whick: is 6.02252 x 10, I
is the number of atoms in the gram atomic weight of an element. In computer science,
PE — 1024 % 103,
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Table 1.3  Decimal Equivalents for a Set of Binary Numbers with 4-Bit Mantissa and
Exponentof n = ~3,-2,...,3,4

Exponent
Mantissa n=-3 n=-~2 n=-—1 n=0|n=1|n=2|n=3]| n=4
0.1000mwo | 0.0625 0.125 0.25 0.5 1 2 4 8
0.100ywo | 0.0703125 | 0.140625 | 0.28125 | 0.5625 | 1.125 | 2.25 4.5 9
0.1010wo | 0.078125 | 0.15625 | 0.3125 0.625 1.25 25 5 10
0.1011pwo | 0.0859375 | 0.171875 | 0.34375 | 0.6875 | 1.375 | 2.75 5.5 11
0.1100wo | 0.09375 0.1875 0.375 0.75 1.5 3 6 12
0.1100wo | 0.1015625 { 0.203125 [ 0.40625 | 0.8125 | 1.625 | 3.25 6.5 13
0.1110wo | 0.109375 | 0.21875 | 0.4375 0.875 1.75 35 7 14
G111 lgwo | 0.1171875 | 0.234375 | 0.46875 | 0.9375| 1.875 | 3.75 1.5 15

Machine Numbers

Computers use a normalized floating-point binary representation for real numbers.
This means that the mathematical quantity x is not actually stored in the computer,
Instead, the computer stores a binary approximation to x:

(26) x & g x 2",

The number g is the mantissa and it is a finite binary expression satisfying the inequal-
ity 1/2 < g < 1. The integer n is called the exponent.

In a computer, only a small subset of the real number system is used. Typically, this
subset contains only a portion of the binary numbers suggested by (26). The number
of binary digits is restricted in both the numbers ¢ and n. For example, consider the
set of all positive real numbers of the form

27 0.d\dad3dae x 27,

where d; = 1 and d2, d3, and d4 are either Qor 1, andn € {-3, -2, —-1,0,1, 2, 3, 4).

There are eight choices for the mantissa and eight choices for the exponent in (27), and
this produces a set of 64 numbers;

(28)  {0.1000mw0 X 272,0.1001 o x 272, ..., 0.1110mo x 2%, 0.11 1 11y x 2%,

The decimal forms of these 64 numbers are given in Table 1.3. It is important to learn

that when the mantissa and exponent in (27) are restricted the computer has a limited

number of values it chooses from to store as an approximation to the real number x.
What would happen if a computer had only a 4-bit mantissa and was restricted

to perform the computation (% + %) + é? Assume that the computer rounds all real

numbers to the closest binary number in Table 1.3. At each step the reader can look at
the table to see that the best approximation is being used.
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%~ 0.1101n, x 27° 0.0110] 1o x 272
29 1~ 01101y x 272 0.1101gwo x 272
# 0.0011 1w % 272

The computer must decide how to store the number 0.0011 1,0 x 272, Assume that 11
is rounded to 0.1010yyo x 2~ 1. The next step is

5 % 01010wo x27' = 0.1010p, x 27
(30) b o™ 0101w x 272 = 0.01011o x 27!
& 0.1111 1y x 271

The computer must decide how to store the number 0.1111 1, x 27!, Since rounding
is assumed to take place, it stores 0.10000,,, x 20, Therefore, the computet's solution
to the addition problem is

(1) %»"JO.]OOOOMO x 20,
The error in the computer’s calculation is

.
(32) G- 0.100000, == 0.466667 — 0.500000 ~ 0.033333.

Expressed as a percentage of 7/15, this amounts to 7.14%.

Computer Accuracy

To store numbers accurately, computers must have floating-point binary numbers with
at least 24 binary bits used for the mantissa; this translates to about seven decimal
places. If a 32-bit mantissa is used, numbers with nine decimal places can be stored.
Now, again, consider the difficulty encountered in (1) at the beginning of the section,
when a computer added 1/10 repeatedly.

Suppose that the mantissa ¢ in (26) contains 32 binary bits. The condition 1/2 < ¢
implies that the first digit is ) = 1. Hence g has the form

(33) g =0.1d2d3 - - - d31832tw0-
When fractions are represented in binary form, it is often the case that infinitely
many digits are required. An example is

1 —_—
(34) 0= 0.0001 1wo.
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When the 32-bit mantissa is used, truncation occurs and the computer uses the ifiternal
approximation

(35) T16 2 (,11001100110011001100110011001100, x 27°.

The error in the approximation in (35), the difference between (34) and (35) is
(36) 0.1100,, x 2777 = 2.328306437 x 10711,

Because of (36), the computer must be in error when it sums the 100,000 addends
of 1710 in (1}. The etror must be greater than (100,000)(2.328306437 x 10~11) =
2.328306437 x 1079, Indeed, there is a much larger error. Occasionally, the partial
sum could be rounded up or down. Also, as the sum grows, the latter addends of 1/10
are small compared to the current size of the sum, and their contribution is truncated
more severely. The compounding effect of these errors actually produced the error
10,000 — 9999,99447 = 5.53 x 1073,

Computer Floating-point Numbers
Computers have both an integer mode and a floating-point mode for representing num-
bers. The integer mode is used for performing calculations that are known to be integer
valued and has limited usage for numerical analysis. Floating-point numbers are used
for scientific and engineering applications. It must be understood that any computer
implementation of equation (26) places restrictions on the number of digits used in the
mantissa ¢, and that the range of possible exponents n must be limited.

Computers that use 32 bits to represent single-precision real numbers use 8 bits
for the exponent and 24 bits for the mantissa, They can represent real numbers with
magnitudes in the range

2938736E -39 to 1.701412E+38

(i-e., 27128 10 2127y with six decimal digits of numerical precision (e.g., 272 = 1.2 x
1077).

Computers that use 43 bits to represent single-precision real numbers might use
8 bits for the exponent and 40 bits for the mantissa. They can represent real numbers
in the range

2.9387358771E -39 o 1.7014118346E + 38

('1,e.,22ng to 2!27) with 11 decimal digits of numerical precision (e.g., 2% = 1.8 x
10712).

If the computer has 64-bit double-precision real numbers, it might use 11 bits for
the exponent and 53 bits for the mantissa. They can represent real numbers in the range

5.562684646268003E — 309 to  8.988465674311580E + 307

(i.e., 27102 tg 21023y with about 16 decimal digits of numerical precision (e.g., 272 =
2.2 x 10716y,

SEC, 1.2 BINARY NUMBERS 23

Exercises for Binary Numbers

1. Use a computer to accurnulate the following sums. The intent is to have the computer
do repeated subtractions. Do not use the multiplication shortcut.

(@) 10,000 — ¥;%000q (b) 10,000 — T{%0.125

2. Use equations (4) and (5) to convert the following binary numbers to decimal
(base 10) form.
(a) 10101o (b) 1110000
(c} lllll]lotwo (d) lOOOOOOlthD

3. Use equations (16) and (17) to convert the following binary fractions to decimal
(base 10) form.
(@) 0.11011wo (b) 0.10101wo
© 0.1010101w0 (@) 0.1101101 10

4. Convert the following binary numbers to decimal (base 10) form.
(a) 1.0110101wo (b} 11.00100100014w,
5. The numbers in Exercise 4 are approximately +2 and #. Find the error in thesc
approximations, that is, find
@ V2 —1.0110101y, (Use +/2Z = 1.41421356237309 - - )
(b) 7 — 11.001001000 1, (Use m = 3.1415926535897% - - -)

6. Follow Example 1.10 and convert the following to binary numbers.
(a) 23 by 87 (c) 378 (d) 2388

7. Follow Example 1.12 and convert the following to a binary fraction of the form
0.d1dz- - ‘dmwo-
(a 7/16 (b) 13/16 (c) 23732 (d) 75/128

8. Follow Example 1.12 and convert the following to an infinite repeating binary frac-
tion.
@ 1/10 {b) 1/3 © 177

9. For the following seven-digit binary approximations, find the error in the approxima-

tion R ~ 0.dydz2d3dadsdedy .-
(@) 1/10 = 0.0001100, (b) 1/7 =2 0.0010010wo

10. Show that the binary expansion 1/7 = 0.0011w, is equivalentto § = § + & + 55 +
---. Use Theorem 1.14 to establish this expansion.

11. Show that the binary expansion 1/5 = 0.001 L is equivalentto 1 = & + 52 +
a5z + - - - Use Theorem 1.14 to establish this expansion.

12. Prove that any number 2-¥ where N is a positive integer, can be represented as a

decimal nurber that has ¥ digits, that is, 2™V = Q.d1dzds - - - dn. Hint. 1/2 = 0.5,
1/4 =025, ....
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i3. Use Table 1.3 to determine what happens when a computer with a 4-bit mantissa
performs the following calculations.

@ (3+1)+4 ® (f+3)+1
© (F+4)+4 @ (F+i)+1

14. Show that when 2 is replaced by 3 in all the formulas in (8) the result is a method for
finding the base 3 expansion of a positive integer. Express the following integers in
base 3.
(a) 10 M) 23 (c) 421 (dy 1784

15. Show that when 2 is replaced by 3 in (22) the result is a method for finding the base 3
expansjon of a pogitive pumber R that Lies in the interval 0 < R < 1. Express the
following numbers in base 3.
(a) 1/3 b 172 {0 1/10 W 11727

16. Show that when 2 js replaced by 5 in all the formulas in (8) the result is a method for
finding the base 5 expansion of a pasitive integer. Express the following integers in
base 5.
(a) 10 M) 35 () 721 dy 734

17. Show that when 2 is replaced by 5 in (22) the result is a method for finding the base 5
expansion of a positive number R that lies in the interval 0 < R < 1. Express the
following numbers in base 5.
(@) 173 ®) 172 (e) 1710 (d) 154/625

Error Analysis

In the practice of numerical analysis it is important to be aware that computed solutions
are not exact mathematical solutions. The precision of a numerical solution can be
diminished in several subtle ways. Understanding these difficulties can often guide the
practitioner in the proper implementation and/or development of numerical algorithms.

Definition 1.7. Suppose that P is an approximation to p. The absolute error is
Ep = {p — Pl. and the relaive error is B, = {p — PY/|p), provided that p 0. A

The error is simply the difference between the true value and the approximate
value, whereas the relative error is a portion of the true value.

Example 1.14. Find the error and relative error in the following three cases, Let x =
3.141592 and ¥ = 3.14; then the error is

(1a) E; = Ix — X1 = |3.141592 — 3.14] = 0.001592,

and the relative error is
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Let y = 1,000,000 and ¥ = 999,996 then the error is
(1) Ey=iy—37]=|l,000,000—999, 996| = 4,

and the relative error is

[y =31 4
R, = = = (.000004,
Y 1,000,000 = 0

Let z = 0.000012 and Z = 0.000009; then the error is
(1c) E; = |z — 2} = [0.000012 — 0.000009| = 0.000003,
and the relative error is

lz—71  0.000003

R, = = ——— =10.25.
2T Tz T 0.000012 .

In case (1a), there is not too much difference between E, and R,, and either could
be used to determine the accuracy of ¥ In case (1b), the value of y is of magnitude 105,
the error Ey is large, and the relative error R, is small. In this case, ¥ would probably
be considered a good approximation to ¥. In case (1¢), z is of magnitude 107 and
the error E; is the smallest of all three cases, but the relative error R, is the largest.
In terms of percentage, it amounts to 25%, and thus 7 is a bad approximation to z.
Observe that as | p| moves away from 1 (greater than or less than) the relative error R,
is a better indicator of the accuracy of the approximation than E,. Relative emor is
preferred for floating-point representations since it deals directly with the mantissa.

Definition 1.8. The number 7' is said to approximate p to d significant digits if 4 is
the largest positive integer for which

_ —d
lp Iﬂ<10 _

@ [Pl 2

Example 1,15, Determine the number of significant digits for the approximations in
Example 1.14.

(3a) ¥ x = 3.141592 and ¥ = 3.14, then [x — ¥j/|x| = 0.000507 < 1022, Therefore,
X approximates x to two significant digits.

(3b) I y = 1,000,000 and § = 999,996, then |y — F1/iy} = 0.000004 < 1075;2.
Therefore, ¥ approximates y to five significant digits.

(3¢) If z = 0.000012 and 7 = 0.000009, then |z - 7]/)z] = 0.25 < 10~0/2. Therefore, T
approximates z to no significant digits. ]
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Figure 1.7 The graphs of y =
X flx)=e". y = Pa(x), and the ares
under the curve for 0 < x < 4.

Truncation Error

The nution of truncation error nsnally refers to crrors mtroduced when a more com

plicated mathemancal expression is “replaced” with a more elememary formula, This
terminology originares from the technique of replacing a complicated function with a
truncated Taylor serics. For example, the infinite Taylor series

- x4 t’ﬁ ‘S x.2!1

al ol A SR
e—lﬁx+2,+ +4!+ +n'+
might be replaced with just the first five terms 1 + o+ F + 3 + 7. This might be
done when approximating an integral numerically.

Example 1.16. Given that /% "' dx = 0.544987104184 = p, determine the accuracy
of the approximation obtamcd by replacmg tbc integrand f(x) = &* ? with the truncated
Taylor series Pg{x) — 1 -~ x2 +-§- + 3 1'r + 4 &

Term-by-term integration produces

=l,2

152 , xt x® x x! 2\
et oy i A
f (' et 3 sa2'1+7(3!)+9(4!) .
i

1 1
=37 ﬂ*ﬁ 5376 ° 110,592
_ 2109491

= 086720817 =
,! R70.720 0.544986720817 = p.

Since 107572 > |p—pl/ip| = 7.03442x 10~/ > 1075/2, the approximatiou j agrees with
the true answer p = 0.544987104184 to five significant digits. The graphs of f(x) — "
and y = Pg(x) and the area under the curve for0 < 1 < 1/2 are shown in Figure 1.7 =
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Round-Off Error

A computer's representation of real numbers is limited to the lixed precision of the
mantissa. True values are sometimes not stored exactly by a computer’s represen-
taron This is called round-off error. In the preceding section the real number
210 - 0.000] Lywo was truncated when 1t was stored in a computer. The actual num-
ver that is stored in the compiter may undergo chopping or rounding of the last digir,
Therefore, since the computer hardware works with only a limited number of digits in
machise Lumbers, rounding errors are introduced and propagated in successive com.
putaons.

Chopping off Versus Rounding Off
Consuder any real number p that is expressed in a avrmalized decimal form:
i+ p=x0didyds. . dpdpp... x 10"

where | < d) < 9and 0 < d; = 9forj > 1. Suppuse that & is the maximum aumber
«7 decimal digits carried in the floating-point computations of a2 computer. then the real
number p is represented by flinep (7). which is given by

™ Slepop(p) = £0.diehads .. i » 107,
where ' <y < 9and 0 = d; = 9for b « j < k. The number fig,,(p) is called
tne chopped floasing-point represeniation of p. In this case the kth digit of flg,,(p)

agrees with the &th digit of p. An altemnative k-digit represcnzation is the rounded
Sfvating-point represemation [1.,,.4(p). which s given by

‘) Flomatp) — xldidady .. o1 % 0.

where 1 < d) < 9and 0 < d, < 9for 1 < j < & and the last digit. ry, is obtained
bv rounding the number d;\d“ 12 - - o the nearest mteger. For example, the real
numher

22
p="5 = 314285714285 1142857

has the followirg six digit representations:

Flenop(p) = 6.314285 > 101,
f round(P) 0.314286 = ]0'
For commeon pirrposes the chopping and rounding would be written as 3,14285 and

3.14286. respectively. The reader should note that essentially all computers use some
form of the rounded floating point representation: method.
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Loss of Significance

Consider the two numbers p = 3.1415926536 and ¢ = 3.1415957341, which are
nearly equal and both carry 11 decimal digits of precision. Suppose that their differ-
ence is formed: p — g = —0.0000030805. Since the first six digits of p and ¢ are
the same, their difference p — g contains only five decimal digits of precision. This
phenomenon is called loss of significance or subtractive cancellation. This reduction
in the precision of the final computed answer can creep in when it is not suspected.

Example 1.17. Compare the results of calculating £(500) and g(500) using six digits
and rounding. The functions are f(x) = x (vx +1— Vx) and g(x) = m For the
first function,,

£(500) = 500 (+/501 — +/500)
= 500(22.3830 — 22.3607) = 500(0.0223) = 11.1500

For g(x),

500
+/301 + /500
B 500 500
T 2238304+ 22.3607 447437

2(500) =

= 11.1748.

The second function, g(x), is algebraically equivalent to f(x), as shown by the computa-
tion

* (VEFT = ) (VAT T+ J3)

fx)y=

VEF T+ /%
(A1)’ - ()
I EWVF
x
e
The answer, g(500) = 11.1748, involves less error and is the same as that obtained by
rounding the true answer 11.174755300747198 . .. to six digits. =

The reader is encouraged to study Exercise 12 on how to avoid loss of significance
in the quadratic formula. The next example shows that a truncated Taylor series will
sometimes help avoid the loss of significance error.

Example 1.18. Compare the resulis of calculating f(0.01) and P(0.01) using six digits
and rounding, where
e~ 1—x 1 x

2
f(x)=—72-—— and P(x)= +6+24
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The function P(x) is the Taylor polynomial of degree n = 2 for f(x) expanded about
x =0.
For the first function
1-0.01 1.010050-1-0.01

OO
f(0.01y = 0012 = 0.001 =0.5.

For the second function

1 0.
b0 = |+ 200, 001

= 0.5 + 0.001667 + 0.000004 = 0.50167¢.

The answer P{0.01) == 0.501671 contains less error and is the same as that obtained by
rounding the true answer 0.50167084168057542 . . . to six digits. =

For polynomial evaluation, the rearrangement of terms into nested multiplication form
will sometimes produce a better result.

Example 1.19, Let P(x} = x> = 3x2 +3x — [ and Q(x) = ({x — 3)x + 3)x — 1.
Use three-digit rounding arithmetic to compute approximations to P(2.19) and Q(2.19).
Compare them with the true values, P(2.19) = 0(2.19) = 1.685159.

P(2.19) & (2.19)° = 3(2.19)* + 3(2.19) — 1
=10.5-144+6.57 - 1 = 1.67.
02.19) = ((2.19 - 3)2.19 + 3)2.19 — 1 = 1.69.

The errors are 0.015159 and —0.004841, respectively. Thus the approximation 0(2.19) ~
1.69 has less error. Exercise 6 explores the situation near the root of this polynomial. »

0 (1") Order of Approximation

o0
Clearly the sequences [ e ] and { } are both converging to zero. In addition, it
n= n=]

should be observed that the ﬁrst sequence Is converging to zero more rapidly than the
second sequence. In the coming chapters some special terminology and notation will
be used to describe how rapidly a sequence is converging.

Definition 1.9. The function f(k) is said to be big Oh of gth), denowed fih) =
(g(h)), if there exist constants C and ¢ such that

o [f(h)| < Clg(h)]  whenever h <c, "

Example 1.20. Consider the functions f(x) = x2 +1 and g(x) = x>. Since x* < x> and
| < x3 for x = 1, it follows that x2 + 1 < 2x> for x > 1. Therefore, f(x) = O(g(x)). =



30 CHAP.1 PRELIMIMARIES

The big Oh notation provides a useful way of describing the rate of growth of a function
in terms of well known elementary functions (x". x'/. a*, log, x, etc.).
The rate of convergence of sequences can be described in a similar manner,

Definition 1.10. Let {x,}7° | and {¥s}3S | be two sequences. The sequence (x,} is
said to be of order big Oh of {¥n} denozed xn — O(yn), if there exist constanis C
and ¥ such that

8 |xn] < Clyel whenever n = N. i
2z 2__ 2
Example 1.21. "3 = 0 (;—) smee "L < & — ] whenevern > 1. .

(ften a funiction f(h) is approximated by a functior p(4) and the error bound is
known to be M (h"). This leads to the following definition.

Definition 1.11.  Assume that f{4) is approximaied by the function p(h) and that
there exist a real constant M > () and a positive integer # so that

hy —
% lf()lTlp—(ﬂ <M for sufficiently small A.
We say that p(#) approximates f (%} with order of approximation £ (k") and write
(10) FhY = p(h) + O(R"). A

When relation (9) is rewntten in the form | f(A) — p(h)i < M|A"|, we see that the
netation O (k") stands in place of the ermor bound MA%|. The following results show
how to apply the definition to simple combinations of two functions.

Theorem 1.15.  Assume that f(h) = p(h) + Oh"). g(h) = g(h) + O(h™), and
+ = min{m, n}. Then

{11 fh)y + glh) = pthy v qth) + O(A7),
(12) fthigh) = pihyg(h) + Oh").
and
flh) plh) .
(13) RO O(h")  provided that g(h) £ 0 and g(k) # 0.

It is instructive to consider p(x) to be the nth Taylor polynumial approximauon
of f(x); then the remainder term is simply designated O(h™*!), which stands for the
presence of omitted terms starting with the power 3"+ 1. The remainder term converges
10 zero with the same rapidity that 2" ' converges to zero as k approaches zero, as
expressed in the relationship

L)

14 OhR" "y =~ MA™H =
(14 ( ) 1 T
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for wufficiently small . Hence the notation O (A7) stands in place of the quantity
MR t' where M is a constant or “behaves like a constant.”

Theorem 1.16 (Taylor’s Thenrem). Assume that f € C"*lja, b. If both xp and
X o xp+ /thien [a, b], then

" f""(xn) :
IEN 4+ h) = B+ ot
ftxo + h) ; P (h™).

The foltowing example illustrates the above theorems. The computations use the
addition properties (i) O(h?) + O(hP) = O(hP), (i) O(hP) + Oh?) = O,
where - — min{p, g}, and the multiplicative property (iii) G (RP)Q (A7) = O(h*).
wheres =p 1 gq.

Example 1.22. Consider the Taylor polynomial expansions

2 h') hZ hd
e —1+h= ’;+—+ouﬂ) and cos(h)=l——2—'-+z-=—0(h6)

Determine the order of approximation for their sum and product.
For the sum we have

h'-_’ h3 k? I4 6
& +costh)=14+h+ --‘-3—+O(h)4~l—?+—-0(h
3
_2;h+§—+0(h)+h + O(kY).

Since O{h™) + %:r = @h%) and O + QRS = O (), this reduces to
3

h
e +costhy =2+ h+ 3 L O

and the order of approximation is O(h*).
The product is treated similarly.

TR EE
e”cos(h)=(1+h+h—+—~ +-0(h" 1_?"'1[ + 0k

21 3l
z h-i
7 + 4—5)

EE &
=(I+h+j!+“3—! 1-

' Pt R gt
(l+h+‘é' —3—') O(hb)+(1—i+'a‘ O(h4)

+ O(KHYO(HS)
. B 5Kt B hf' g by
=lth-g - ntmt

L 0% + 0hY + ORHORY).

&

.
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Siace OAHYO®) = OH°) and
skt wS R A s s 0 .
—2—4'—_54+a§+m+0(h)+0(h)+0(h ) = O™,

the preceding equation is simplified to yield

’13
ecosth) =1+ h — T au).

and the order of approximationis O (#*). n

QOrder of Convergence of a Sequence

Numerical approximations are often arrived at by computing a sequence of approxi-
mations that get closer and closer to the desired answer. The definition of big Oh for
sequences was given in Definition 1.10, and the definition of order of convergence for
a sequence is analogous o that given for functions in Definition 1.11.

Definition 1.12. Suppose that limp_ oo xx = x and {r,j22, is a sequence with
limy—eorn = 0. We say that {xn]?l';l ‘converges to x with the order of conve:r-

gence U (ry}, if there exists a constant K > 0 such that

1%y ~ x|

17l

< K for n sufficiently large.

This is indicated by writing x, = x 4+ O(ry), or x, — x with order of conver-
gence O(ry). i

Example 1.23, Letx, = cos(n)/n? and r, = 1/n?; then lim, o x, = 0 with a ratc of
convergence O (1/n?Y. This follows immediately from the relation

2

LC%%%'L[ =tcosln)l <1 for all n. ¥

Propagation of Error

Let us investigate how error might be propagated in successive computations, Con-ider
the addition of two numbers p and g (the true values) with the approximate values 7
and g, which contain errors €, and &, respectively. Starting with p = 5 + ¢ and
q = g + ¢€g, the sum is

(16} PHg=Ftep)+ G +ei=(F+q) +E+ ek

Hence, for addition, the error in the sum is the sum of the errors in the addends.

$%8C. 1.3 ERROR ANALYSIS 3
The propagation of error in multiplicatior: is mare complicated. The produc: is

(n P@ =P+ €)iP + €g) = PG + Peg + Gep + € pey.

Hence. if §and 7 are larger than 1 in absolute value, terms pe, and ge, show that there

is & possibifity of magnification of the original errors €, and ¢;. Insights arc gained if
we loek at the relative error. Rearrange the terms in (17) to get

8 pg — Bg = Peg + Gep + €€y

Suppose that p £ 0 and ¢ # O; then we can divide (18) by pg to obtain the relative
error in the procuct pg:

(19) R, = Pe—Pq _ Péqtqep tepeq  Pég + 9 4 €pfq
P4 pq Pe  Pq P9

Furthermor@, suppose that § and ¢ are good approximations for p and g: then
Bipx 1,?;?}4 ~ |,and Ry Ry = {€p/p)(e4/q) ~ O (R and Ry, are the relative errors
in the approximations p and g). Then making these substitutions into (19) yields tw
simplified relaticnship

Pe—pq

20) Rpo =
pe Pq

€ €
f+‘§+0=ﬁq4‘Rp-

This shows that the relative error in the product pq is approximately the sum of the
relative errors in the approximations p and §.

Often an ininial error will be propagated in a sequence of calculations. A quality
that is desiranle tor any numerical process is that a small error in the initial conditions
will produce sonill changes in the final result. An algorithm with this feature is called
stable; otherwise. it is called unstable. Whenever possible we shall choose methods
that are stable. The following definition is used 1o describe the propagation of error.

Definition 1.13.  Suppose that € represents an initial error and &(n) represents the
growth of the enior after z1 steps. If le(n)] =2 ne, the growth of arror is said 1o be linear.
If {¢‘n)! = K"e. the growth of error is called exponential. If K > |, the exponential
ercor grows without bound as n — oc, and if 0 < K < 1, the exponential error
dirminishes to 7oro as n — OC. A

“he next two examples show how an initial error can propagaie in eithicr a stable
or an unstable fashion. In the first example, threc algorithms are introduced. Each
algorithm recursively generates the same sequence. Then, in the second example, small
changes will be made to the initial conditions and the propagation of error will be

analyzod,
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Table 1.4 The Sequence {x,} = {1/3"} and the Approximations {r,}. {p«} and {gn}

n Xn n Pn 4n
0 1= 1.0000000000 | 0.9999600000 10000000000 1.0000000000
1 1=03333333333 | 0.3333200000 0.3333200000 0.3333200000
2 §=0.1111111111 | 0.1111066667 0.1110933330 0.1110666667
3| £ =00370370370 | 0.0370355556 | 0.0370177778 0.0369022222
4l F=00123456790 | 00123451852 0.0123259259 0.0119407407
5] gh=00041152263 | 00041150617 | 0.0040953086 0.0029002469
6| gip=00013717421 | 0.0013716872 | 0.0013517695 | —0.0022732510
7| a7y =00004572474 | 0.0004572291 0.0004372565 | —0.0104777503
8| oz =00001524158 | 0.0001524097 0.0001324188 | —0.0326525834
9 | 1oy =0.0000508053 | 0.0000508032 0.0000308063 | —0.0983641945
10 | gyhuy =00000169351 | 0.0000169344 | —0.0000030646 | —0.2952280648

Example 1.24. Show that the following thres schemes can be used with infinite-precision
arithmetic to recursively generate the terms in the sequence {1/3"}7¢,.

1
(21a) ro=1 and rp= §r,,_1 forn=1,2,...,
1 4 1
@2ib) po=1,p1 = 3 and p,,=§p,,_1 — 3Pn-2 forn=2,3,...,
1 10
2le) qo=1,q1 = 3 and q,,"——"—:;—q,,_[—qn..z forn=23,....

Formula (21a) is obvious. In (2ib) the difference equation has the general solution p. =
A(1/3") 4+ B. This can be verified by direct substitution:

4 i 4 A 1 A
G (A ) (A s
3Pn-1 7 3Pn2 3(3n-1+ ) 3(3"-2+ )

4 3 4 1 1
=(3—n—-3-;)A\—(———)B=A—+Bﬁp,,.

3 3 3n
Setting A = 1 and B = 0 will generate the desired sequence. In (21c) the difference
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Table 1.5 The Error Sequences {xp, — ra}, (xn — pn}. and {x5 — gn}

# Xn —'rn Xp — Pn Xn — gn
4] 0.0000400000 0.0000000000 0.0000000000
1 0.0000133333 0.0000133333 0.0000013333
2 0.0000044444 0.0000177778 0.0000444444
3 0.0000014815 0.0000192593 0.0001348148
4 0.0000004938 0.0000197531 0.0004049383
3 0.0000001646 0.0000199177 0.0012149794
& 0.0000000549 0.0000199726 0.0036449931
7 0.00000001383 0.0000199909 0.0109349977
8 0.0000000061 0.0000199970 0.0328049992
9 0.0000000020 0.0000199990 0.0984149998
i0 0.0000000007 0.0000199997 0.2952449999

equation has the general solution g, = A(1/3")+ B3". This too is verified by substitution:

10 10/ A A
Tdn—l —dn-2= 7 ( + B3"“') - (3,,_2 + 33"—2)

3 3 \ 3!
10 9 —2
= (3—’1—?)14—(10——1)3" B
1
= A37 + 33" =Gn.
Satting A = 1 and B = 0 generates the required sequence. n

Example 1.25. Generate approximations to the sequence {x,} = {1/3"} using the
schiermes

22a) rg=1099996 and ry, = -¥a-1 forn=1,2, ...,

3
4 1
22b) po=1,p =033332, and p,= Ep,,q - Epn_z forn=2 3, ...,

22¢) go=1,41=033332, and g, = 1—30q,,_; — Gn-2 forn=2,3, ....

In (22a) the initial error in rg is 0.00004, and in (22b) and (22¢) the initial errors in p|
and gy are 0.000013. Investigate the propagation of error for each scheme.

Table 1.4 gives the first ten numerical approximations for each sequence, and Table 1.5
zivesthe error in each formula, The error for {r, } is stable and decreases in an exponential
manner. The error for {p,} is stable. The error for {gx} is unstable and grows at an expo-
nential rate, Although the error for {p,] is stable, the terms p, — 0 asn — ©0, so that
lhe error eventually dominates and the terms past pg have no significant digits. Figures 1.8,
1.9, and 1.10 show the errors in {r,}, {px}. and {g,], respectively. n
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x" - rﬂ
0.000015 .
0.000010
0.000005 hd
— : t——s -— n
2 4 6 8 10

Figure 1.8 A stable decreasing error sequence {x, — r,}.

Xp =Py
0.000020 PO T S S
0.000015 .
0.000010
0.000005
n
' 2 4 6 8 10

Figure 1.9 A stable ervor sequenice {x, — p,}.

Uncertainty in Data

Data from real-world problems contain uncertainty or error. This type of error is re-
ferred to as noise. It will affect the accuracy of any numerical computation that is based
on the data. An improvemment of precision is not accomplished by performing succes-
sive computations using noisy data. Hence, if you start with data with d significant
digits of accuracy, then the result of a computation should be reported in o sigaificant
digits of accuracy. For example, suppose that the data p; = 4.152 and p2 = 0.07931
both have four significant digits of accuracy. Then it is tempting to report all the digits
that appear on your calculator (i.e., p| + p2 = 4.23131). This is an oversight, because

Xy~ 4y
03 .
0.2

0.1 *

2 4 6 8 10

Figure 1.10  An unstable increasing error sequence {x, — gn}.
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you should not report conclusions from noisy data that have more significant digits
than the original data. The proper answer in this situation is p) + py = 4.231.

Exercises for Error Analysis

|8

Lt

4,

¥

6.

Find the error E, and relative error Ry. Also determine the number of significant
digits in the approximation.

(@) x=271828182,x =2.7182

(b) y =98 350, ¥ = 98,000

(¢} z =0.000068,7 = 0.00006

Complete the following computation

4, 1/4 22 x6
x ~ 2 o
fo e dx .[o (l+x +—2! +-—3! dx =p.

State what type of error is present in this situation. Compare your answer with the
true value p = 0.2553074606.

. (a) Consider the data p; = 1.414 and p> = 0.09125, which have four significant

digits of accuracy. Determine the proper answer for the sum p; + p; and the
product pj pa.

{b) Consider the data p; = 31.415 and p; = 0.027182, which have five significant
digits of accuracy. Determine the proper answer for the sum p; + p» and the
product p pa.

Complete the following computation and state what type of error is present in this

situation.
sin{§ +0.00001) —sin (§) _ 0.70711385222 — 0.70710678119 _

@) 0.00001 0.00001
) 'M2H000005) ~In) _ 069317218025 — 0.69314718056 _
0.00005 - 0.00005 -

. Sometimes the loss of significance error can be-avoided by rearranging terms in the

function using a known identity from trigonometry or algebra. Find an equivalent
formula for the following functions that avoids a loss of significance.

(a}) In(x + 1) — In(x) for large x

(B x4 1 ~xforlarge x

(®) cos?(x) ~ sin®(x) for x = /4

(d) 1;‘—1—-'_—02(’@ forx ~

Polynomial Evaluation. Let P(x) = x*—3x?4+-3x — 1, Q(x) = (x = 3)x +3x ~ 1,

and R(x) = (x — 1)*.

(a) Use four-digit rounding arithmetic and compute P(2.72), 0(2.72), and R(2.72).
In the computation of P(x), assume that (2.72)° = 20.12 and (2.72)% = 7.398.
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{b) Use four-digit rounding arithmetic and compute P(0.975), Q(0.975), and
R{0.975), In the computation of P(x), assume that (0.975)3 = 0.9268 and
(0.975)% = 0.9506.

7. Use three-digit rounding arithmetic to compute the following sums (sum in the given
order):
@ Yook ) TP
8. Discuss the propagation of error for the following:
{a) The sum of three numbers:
pra+r=F+e)+@+e) +F+e)

p+ep

b) The quotient of two numbers
® 1 T Fte

(¢) The product of three numbers:
par = (F+ )@ +€)FT+¢).

9. Given the Taylor polynomial expansions

l—l—h=l+h+h2+h3+0(h4)

and
2 h4
cos(h) = 1 — "— +or+ Oh5).

Determine the order of approximation for their sum and product.

10. Given the Taylor polynomial expansions

B2 K
L - 5
e_1+h+2,+ +4,+0(h

and
h3
sin(h) = h — ot oF).

Determine the order of approximation for their sum and product.

11. Given the Taylor polynomial expansions

LI 6
cos(h) = l-7+—-+0(h)
and
W 7
sm(h)—h—“a—'-!-?*'()(h)

Determine the order of approximation for their sum and product.
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12. Improving the Quadratic Formula. Assume thata # 0 and b2 —4ac > 0 and consider
the equation ax2+bx+¢ = 0. The roots can be computed with the quadratic formulas

. —b 4+ Vb2 —dac —b— /b2 —dac
4] = and x; = —
a a

Show that these roots can be calculated with the equivalent formulas

(ii) o= — =2 and "k
1 = X2 = .
b+ /b2 - dac : b — Vb — dac

Hint. Rationalize the numerators in (i). Remark. In the cases when |b] = v/b2 — dac,
one must proceed with caution to avoid loss of precision due to a catastrophic can-
cellation. If b > 0, then x; should be computed with formula (i) and x2 should be
computed using (i). However, if & < 0, then x| should be computed using (i) and x,
should be computed using (ii).

13. Use the appropriate formula for x| and x> mentioned in Exercise 12 to find the roots
of the followin g quadratic equations.
(a) x2-1,00000lx+1=0
) x?—10,000.0001x 41 =10
(©) x?—100,000.00001x + 1 =0
(d) x?—1,000,000.000001x +1 =10

Algorithms and Programs

1. Use the results of Exercises 12 and 13 to construct an algorithm and MATLAB pro-
gram that will accurately compute the roots of a quadratic equation in all situations,
including the troublesome ones when |b| =~/ 4ac

2. Follow Example 1.25 and generate the first ten numerical approximations for each
of the following three difference equations. In each case a small initial error is in-
troduced. If there were no initial error, then each of the difference equations would
generate the sequence {1/2"}7° .. Produce output analogous to Tables 1.4 and 1.5 and
Figures 1.8, 1.9, and 1.10.

(a) rp=0.9%and r, = %r,..q, forn=1,2,...
(b) po=1.p1=0497,a0d pp = }pai — pp-2, forn=2.3,...
©) go=1,4q1=0497, and g, = ;_'Qn-l —gn—2, forn=24,. ..



The Solution of Nonlinear
Equations f(x) =0

Consider the physical problem that involves a spherical ball of radius 7 that is sub-
merged to a depth d in water (see Figure 2.1). Assume that the ball is constructed from
a variety of longleaf pine that has a density of p = 0.638 and that its radius measures
r = 10 cm. How much of the ball wiil be submerged when it is placed in water?

The mass M,, of water displaced when a sphere is submerged to a depth d is

d 2
/ w=f Jr(r2~(x—r)2)dx=m—(33r—_-f—i—)~,
g

and the mass of the ball is M, = 47r30/3. Applying Archimedes’ law M, = M),
produces the following equation that must be solved:

m(d —3d* +4r3p)

3 0.

Figure 2.1 The portion of a
i_ sphere of radius r that is to be sub-
merged to a depth d.
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y
y=2552 - 30d% + d?
2000
1000
0 d
5 10 15 20
-1000

Figure 2.2 The cubic y = 2552 — 3042 + &°.

In our case (with r = 10 and p = 0.638) this equation becomes

(2552 — 3042 + d%)
3 =0

The graph of the cubic polynomial y = 2552 — 304> + 4° is shown in Figure 2.
from it one can see that the solution lies near the value d = 12.

The goal of this chapter is to develop a variety of methods for finding nume
approximations for the roots of an equation. For example, the bisection method ¢
be applied to obtain the three Toots d; = —8.17607212, d; = 11.86150151
d3 = 26.31457061. The first root 4 is not a feasible solution for this problem, bex
d cannot be negative. The third root d5 is larger than the diameter of the sphere :
is not the desired solution. The root d2 = 11.86150151 lies in the interval {0, 20
is the proper solution. Its magnitude is reasonable because a little more than on¢

of the sphere must be submerged.

Iteration for Solving x = g(x)

A fundamental principle in computer science is iteration. As the name sugge
process is repeated until an answer is achieved. Iterative techniques are used t
roots of equations, solutions of linear and nonlinear systems of equations, and soh
of differential equations. In this section we study the process of iteration using reg
substitution.

A rule or function g(x) for computing successive terms is needed, together
starting value pg. Then a sequence of values {p,} is obtained vsing the iterativ



42 CHAP.2 THE SOLUTION OF NONLINEAR EQUATIONS fix) =0

Pi+1 = g(px). The sequence has the pattern

Po (starting value)
m = g(po}
P2 =g(p1)

i :
Pk = g{pi—:)
Pr-1 = g(pe)

What can we learn from an unending sequence of numbers? 1f the numbers terd
1o a limit, we feel that something has been achieved. But what if the numbers diverge
or are periodic? The next example addresses this situation.

Example 2.1. The iterative rule pyp = 1 and pyy1 = 1 001 pg fork = 0, 1. ... produces
a divergent sequence. The first 100 terms look as follows:

p1=1.001pp = {1.001)(1.000000) = 1,001000,

p2=1.001p; = (1.001)(1.001000) = 1.002001,

p3=1.001p2 = (1.001)(1.002001) = 1.003003,

3

proo = 1.001 pgg = (1.001){1.104012) = 1.105 16.

The process can be continued indefin:tely, and it is easily shown that limy ., p, = ~ .
In Chapter 9 we will see that the sequence { p;} is a numerical solution 10 the differential
equaton ¥’ = 0.001y. The soluton is known to be v(x) = ¢°%0%* Indeed, if we compare
the 100th term :n the sequence with y (100}, we see that piog = 1.105116 =~ 1195171 =
& = y(100). -

In this section we are concerned with the types of functions g{x) that produce
convergent sequences { ).

Finding Fixed Points

Definition 2.1 (Fixed Point). A fixed point of a function g(x) is a real number #
such that A = gi(P). A

Geometrically, the fixed points of a funciior. y = g(x} are the points of intersection:
of v = g{x}and y = x.

Definition 2.2 (Fixed-point Iteration). The reration p,.1 = g(p,) forn = 0,
I.... is called fixed-point iteration. A
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Theorem 2.1.  Assume that g is a continuous function and that { Pr}i o is a sequence
generated by fixed-point iteration. If lim, o, p, = P, thea P is a fixed poin of gix).

Frogf. 11 lim,_ o p, = P, then imu_, o pyyy = FP. 1t follows from this result, the
cantinyity of g, and the relation ppyg = g (pa) that

@ sP=s{im ) = lim xpnr < fim pay = P
Thetefore, P i a fixed point of g(x). ¢

Example 2.2, Ccensider the convergent iteration
po=05 and piy=e P fork=0.1. .,
The firg & 10 terms are obained by the calculations

p1 = e 0300000 — 0 606531
p2 = e V852 _ 545235
p3 = e”035239 0 579703

po = e~ 036649 _ (3 567560
pro = 05873680 _ 0 566007

The sequence is converging, and further calculations reveai that

M pa = 0567143 . ..
A— 00

Thus we have found an approximation for the fixed poiat of the function y = ¢~*. n

The followir.g two theorems establish conditions for the existence of a fixed point
and the convergence of the fixed-point iteration process to a fixed paint.

Theorem22.  Assume that g € Cla, b,

{3) I the range of the mapping y = g(xj satisfies y € {a. #] forall x ¢ {a. &), then
§ has a fixed poiatin {a, b].

(4) Furthérmore, suppose that g'(x) is defined over (a, b) and that a positive constant
K < 1exists with |g'(x)t < K < 1 forall x € (a, b), then g has a urique fixed
point P in ja. &].
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Proof of (3). If gla) = a or g(b) = b, the assertion is true. Otherwise, the values
of g(a} and g({b) must satisfy g(a) € (a, b] and g(b) € [a, &). The function f(x) =
x — g{x) has the property that

flay=a—-gla)y<0 and fB)=b-g(b)>0.

Now apply Theorem 1.2, the Intermediate Value Theorem, to f(x), with the constant
L = 0, and conclude that there exists a number P with P € (a, b) so that f(P) = 0,
Therefore, P = g(P) and P is the desired fixed point of g(x).

Proof of (4). Now we must show that this solution is unique. By way of contradic-
tion, let us make the additional assumption that there exist two fixed points P, and P».
Now appiy Thecrem 1.6, the Mean Value Theorem, and conclude that there exists a
number d € (a, b) so that

g(Py) —g(P1)
P—-P

Next, use the facts that g(Py) = Py and g(P2)} = P» to simplify the right side of
equation (5) and obtain

(5) g =

Pz—Pl
’d =———=l<
g(d P -5A

But this contradicts the hypothesis in (4) that [g(x)| < 1 over (a, b), so it is not
possible for two fixed points to exist. Therefore, g(x) has a unique fixed point P
in [a, b] under the conditions given in (4). .

Example 2.3. Apply Theorem 2.2 to rigorously show that g(x) = cos(x) has a unique
fixed point in [0, 1].

Clearly, g € C[0, 1]. Secondiy, g(x) = cos(x) is a decreasing function on [0, 11, thus
its range on [0, 1] is [cos(1), 1] € [0, 1]. Thus condition (3) of Theorem 2.2 is satisfied and

g has a fixed point in [0, 1]. Finally, if x € (0, 1), then [g'(x)| = | — sin(x)] = sin(x) <
sin(l} < 0.8415 < 1. Thus K = sin(l) < 1, condition (4) of Thecrem 2.2 is satisfied, and
g has a unique fixed point in [0, 11. ]

We can now state a theorem that can be used to determine whether the fixed-point
iteration process given in (1) will produce a convergent or divergent sequence.

Theorem 2.3 (Fixed-point Theorem). Assume that (i) g, g’ € Cla, b), (i) K is a
positive constant, (i} po € {a. b), and (iv) g(x) € [a, b] for all x € [a, b].

(6) If |[g'(x)} < K < 1 forall x € [a,b], then the iteration p, = g{py—)} will
converge to the unique fixed point P € [a, b]. In this case, P is said to be an
attractive fixed point.

(7) If 1g'(x}f > 1 for all x € [a,b], then the iteration p, = g(pp-1) will not
converge to P. In this case, P is said to be a repelling fixed point and the iteration
exhibits local divergence.
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[~ 1P~ p)—] 1P~ pol——{

P Py b

a 13

Figure 2.3 The relationship among P, po, p1, [P — pol,
and |P — p1.

Remark 1. Tt is assumed that pp # P in statement (7).
Remark 2. Because g is continuous on an interval containing P, it is permissible to use
the simpler criterion [g'(P)! < K < 1and [g'(P)] > 1 in (6) and (7), respectively.

Progf. We first show that the points | p, 12, all lie in (a, &}. Starting with po, we

apply Theorem 1.6, the Mean Value Theotem. There exists a value ¢ € (a, &) so that

I[P — pil = |g(P) — g(po)| = |g'(co}(P — pp)!

(8) ,
= (g (o}l P — pol < KIP — pol < |P — pgl.

Therefore, p| is no further from P than py was, and it follows that p1 € (a, b) (see
Figure 2.3). In general, suppose that p,_| € (a, b); then

IP ~ pal = [g(P} — g(pn-1)| = |g'(cn=1)(P ~ pa—y)|

9 ’
=g (cn-DIIP = pn_1| = K|P ~ pu_i] < |P = pp-1.

Therefore, p, € (a. b) and hence, by induction, all the points {p, }fj"=0 lie in (a. b).
To complete the proof of (6), we will show that

(10) Jim (P — p,| = 0.

First, a proof by induction will establish the inequality

(11) [P — pal = K*|P — pol.

The case n = | fallows from the details in relation (8). Using the induction hypothesis
[P — pa_1} < K" 1P — py| and the ideas in ¢9), we obtain

IP—pul <KIP — pyy| SKK"'|P ~ po|l = K"|P — pyl.

Thus, by induction, inequality (11) holds for all n. Since 0 < K < 1, the term K*
goes to zero as n goes to infinity. Hence

12) 0= lim [P ~pyl < lim K"|P— pol=0.

The limit of [P — p,| is squeezed between zero on the left and zero on the right, so we
can conclude that lims— oo | P — py| = 0. Thus limy— oo pr = P and, by Theorem 2.1,
the iteration p, = g(p,—1) converges to the fixed point P. Therefore, statement (6) of
Theorem 2.3 is proved. We leave statement (7} for the reader to investigate. .
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¥
¥y =\x‘
(Po» 8(po))
(Pl_Pl) ___________
Pl g
y=2g{x)
/
n x
Pp p Py

Figure 2.4 {(a) Monotone convergence when 0 < g'(P) < 1.

y=x
¥ =g(x)

\ (PQ, g(Pg))

P L

, \ N
Po py P op

Figure 2.4 (b) Oscillating convergence when —1 < g’(P) < 0,

Corollary 2.1. Assume that g satisfies the hypothesis given in (6) of Theorem 2.3.
Bounds for the error invelved when using p, to approximate P are given by

(13) |P — pul < K"|P —pol for all n =1,
and
(14) |P—p,,|§¥;{—p(ﬂ for all n > 1,
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¥y
y=glx) \/_
]
(Po 8(P)) y=x
P -
/l f P pypy Py Figure 2.5 (a) M’onotone diver-
gence when 1 < g'(P).
¥
Pt
) -
Y .
Papy P1 Py N Figure 2.5 (b} Divergent oscilla-
tion when g'(P) < —1.

Graphical Interpretation of Fixed-point Iteration

Since we seck a fixed point P 1o g(x), it is necessary that the graph of the curve
y = g{(x) and the line y = x intersect at the point (P, P). Two simple types of
convergent iteration, monotone and oscillating, are illustrated in Figure 2.4(a) and (b),
respectively.

To visualize the process, start at py on the x-axis and move vertically to the point
(po, 1) = (po, g(po)) on the curve y = g(x). Then move horizontally from (py, p1)
to the point (py, p1) on the line y = x. Finally, move vertically downward to p; on
the x-axis. The recursion p,41 = g(py) is used to construct the point (Pn, Pns1) On
the graph, then a horizental motion locates (p41, Prt1) on the line y = x, and then a
vertical movement ends up at p,1 on the x-axis. The situation is shown in Figure 2.4,
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If |g'(P)| > 1, then the iteration p,,1 = g(pn) produces a sequence that diverges
away from P. The two simple types of divergent iteration, monotone and oscillating,
are illustrated in Figure 2.5(a) and (b), respectively.

Example 2.4. Consider the iteration p,; = g(p,) when the function g(x) = 14+x—x2/4
is used. The fixed points can be found by solving the equation x = g(x). The two solutions
(fixed points of g) are x = —2 and x = 2. The derivative of the functionis g’(x) = 1~x/2,
and there are only two cases to consider.

Case (i); P=-2 Case (ii): P=2

Start with po= — 2.05 Start with po=16

then get pr = — 2.100625 then get =19
p2 = — 220378135 P2 =1.9996

py= — 2.41794441 py = 1.99999996

i pn = oo i P =2

Since {g’(x){ > % on [~3, —1], by The- Since |g'(x)] < 4 on [1,3], by Theo-
orem 2.3, the sequence will not converge rem 2.3, the sequence will converge to
o P =-2 P=2

Theorem 2.3 does not state what will happen when g’(P) = 1. The next example
has been specially constructed so that the sequence {p,} converges whenever py > P
and it diverges if we choose pg < P.

Example 2.5. Consider the iteration p,,; = g(p,) when the function g(x) = 2(x - 1)!/2
forx = 1is used. Only one fixed point P = 2 exists. The derivative is g'(x) = 1/(x —1}1/2
and g°(2) = 1, so Theorem 2.3 does not apply. There are two cases to consider when the

starting value lies to the left or right of P =2, N

Case (i}: Start with pg = 1.5, Case {if): Start with pp =15,
then get P1= 141421356 then get pr = 2.44948974

P2 =1.28718851 p2 =2.40789513

P35 =1.07179943 p3=2.37309514

P4 =0.53590832 P4 =2.34358284

e 1/2 ; -

ps =2(—0.46409168)!/2, Lim pn=2.
Since py lies outside the domain of This sequence is converging too slowly
g(x), the term ps cannot be computed. to the value P = 2; indeed, Pjgop =

2.00398714.
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Absolute and Relative Error Considerations
In Example 2.5, case (ii), the sequence converges slowly, and after 1000 iterations the
three consecutive terms are

Proog = 2.00398714, Plol = 2.00398317, and P00z = 2.00397921.
This should not be disturbing; after ail, we could compute a few thousand more terms

and find a better approximation! But what about a criterion for stopping the iteration?
Notice that if we use the difference between consecutive terms,

|p1oo1 — p1oozl = |2.00398317 — 2.00397921| = 0.00000396.
Yet the absolute error in the approximation pjo00 is known to be
[P ~ piooo| = |2.00000000 — 2.00398714| = 0.00398714.

This is about 1000 times larger than |pipo1 — p1oo2| and it shows that closeness of
consecutive terms does not guarantee that accuracy has been achieved. But itis usually
the only criterion available and is often used to terminate an iterative procedure.

Program 2.1 (Fi'xed-Point Iteration). To approximate a solution to tlie equation
x = g{(x) starting with the initial guess pp and iterating pp41 = g(p,).

function [k,p,err,P]=fixpt(g,p0,tol,max1)
% Input - g is the iteration function input as a string ’g’

% - p0 is the initial guess for the fixed point

% - tol is the tolerance

% - maxl is the maximum number of iterations

%Output - k is the number of iterations that were carried out
% - p is the approximation to the fixed point

% - err is the error in the approximation

* - P contains the sequence {pn}

P(1)= p0;

for k=2:maxl
P(x)=feval(g,P(k-1));
err=abs (P(k)-P(k-1));
relerr=err/(abs(P(k))+eps);
p=P(k};
if (err<tol) | (relerr<tol),break;end
end
if k == max]
disp(’maximum number of iterations exceeded’)
end
=P * H
Remark. When using the user-defined function fixpt, it is necessary to inpat the
M-file g.m as a string: 'g’ (see MATLAB Appendix).
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Exercises for Iteration for Solving x = g{(x)

1. Determine rigorously if each function has a unique fixed point on the given interval

4

(follow Example 2.3).

fa) glx)=1-x%/40n[0.1]
(b) g(x)=2""on[01]

() glxy=1/xon[0.552]

. Investigate the nature of the fixed-point iteration when

1
glx) = —4+4x — Exz.

Solve g(x) = x and show that P = 2 and P = 4 are fixed points.

Use the starting value pg = 1.9 and compute py, p3, and ps.

Use the starting value pg = 3.8 and compute py, p3, and ps.

Find the errors E and relative errors Ry, for the values pg in parts (b) and (c).
What conclusions can be drawn from Theorem 2.37

(a)
(b)
(©
d)
(e)

. Graph g(x), the line y = x, and the given fixed point £ on the same coordinate

-

system. Using the given starting value pg, compute p; and p,. Construct figures
similar to Figures 2.4 and 2.5. Based on your graph, determine geometrically if fixed-
point iteration converges.

@ gx)=6+x)"2 P=3andpy=7

(by glx)=1+4+2/x,P=2,and pp =4

() gx)=x%3, P=3and py=35

@ gly=—-x>+2x+2,P=2,and pp=25

Let g(x) = x>+ x — 4. Can fixed-point iteration be used to find the solution(s) to the
equation x = g{x}? Why?

2.2

+ Let g{x) = xcos(x). Solve x = g(x) and find all the fixed points of g (there are in-

finitely many). Can fixed-point iteration be used to find the solution(s) to the equation
x = g(x)? Why?

. Suppose that g (x) and g’(x) are defined and continwous on (a, b); pg, p1, p2 € (a, b);

.

and p; = g(po) and pp = g(p1). Also, assume that there exists a constant X such
that |g'(x)| < K. Show that |p; — p1| < K|p; — pol. Hint. Use the Mean Value
Theorem.

Suppose that g(x) and g’(x) are continuous on (a, ) and that |g’(x)| > | on this
interval. If the fixed point P and the initial approximations pg and p) lie in the interval
(a, b), then show that p) = g(pg) implies that |E(| = |P — pt| > |P — py| = | Ey|.
Hence statement (7) of Theorem 2.3 is established (local divergence).

. Let g(x) = —0.0001x2 4 x and pp = 1, and consider fixed-point iteration.

(a) Showthatpy > p1 > -+ > py > Pnyt > - -.
(b) Show that p, > Oforall n.
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(c) Since the sequence {px} is decreasing and bounded below, it has a limit. What
is the limit?

9. Let g(x} == 0.5x + 1.5 and py = 4, and consider fixed-point iteration.

(a} Show that the fixed pointis P = 3.

(b) Showthat |P — py| = |P — pp—sl/2forn=1,2,3,...

(€} Showthat |P — py|=|P — poi/2"forn=1,2,3,....

Let g(x) = x/2, and consider fixed-point iteration.

(a) Find the quantity |pe+1 — pil/|pe+al.

(b) Discuss what will happen if only the relative error stopping criterion were used
in Program 2.1,

10.

11. For fixed-point iteration, discuss why it is an advantage to have g'(P) ~ 0.

Algorithms and Programs

1. Use Program 2.1 to approximate the fixed points (if any) of each function. Answers
should be accurate to 12 decimal places. Produce a graph of each function and the
line y = x that clearly shows any fixed points.

(8) gx)=x%-3x3—2x2+2
{(b) g(x) = cos(sin(x))

(© g(x)=x?—sin(x +0.15)
(d) glx) = x* o0

Bracketing Methods for Locating a Root

Consider a familiar topic of interest. Suppose that you save money by making regular
monthly deposits £ and the annual interest rate is /; then the total amount A after N

deposits is
I\2 F\N-
ﬁ) +---+P(1+E) .

The first term on the right side of equation (1) is the last payment. Then the next-to-last
payment, which has earned one period of interest, contributes £ (1 + é) The second-

from-last payment has earned two periods of interest and contributes P (1 + %)2 and
so on. Finally, the last payment, which has earned interest for ¥ —1 periods, contributes

(1) A=P+p(1+1—"2)+P(1+

P(l+ ‘LI)N’_I toward the total. Recall that the formula for the sum of the N terms of
a geormetric series is

2, .3 o1 L=V
2) l+r+r4+r'+- +r =T
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We can write (1) in the form

I ] 2 I N-1
A P(l+(1+12)+(1+12)+ +(+12) )

and use the substitution » = (1 + 7/12) in (2) to obtain
1—(1+ )Y
1—(+5)

This can be simplified to obtain the annuity-due equation,

A= P 1 i)N—l
(3) Iy} (+12 .

The following example uses the annuity-due equation and requires a sequence of
repeated calculations to find an answer.

Example 2.6. You save $250 per month for 20 years and desire that the total value of
all payments and interest is $250, 000 at the end of the 20 years. What interest rate [ is
needed to achieve your goal? If we hold N = 240 fixed, then A is a function of 7 alone;
that is A = A(J). We will start with two guesses, fp = 0.12 and [} = 0.13, and perform a
sequence of calcuiations to narrow down the final answer. Starting with /o = 0.12 yields

250 0.12*%
. = — —_ —1] =247,314.
AQ.12) 0.12/12 ((1 tT12 )

Since this value is a little short of the goal, we nexttry I; = 0.13:

250 0.13)*%
= —_— -1} =282 311
AQI) =513/ ((I+ 12) )
This is a little high, 50 we try the value in the middle [ = 0.125:

250 0.1253\#0
= ) — 1) =264, 623.
A4(0.125) 0.125/12((1+ 12) )

This is again high and we conclude that the desired rate lies in the interval [0.12, 0.125].
The next guess is the midpoint 73 = 0.1225:

250 0.1225\ 24
=29 BN 1) =255, 803,
AQ1229) = 59535712 ((” 12 ) )

This is high and the interval is now narrowed to {0.12, 0.1225]. Our last caiculation uses
the midpoint approximation [y = 0.12125:

250 0.12125)240
- ~1) =251,518.
AQ12129) = 5o s ((1 12
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(a, fla)) (a, fta))

{c. fe)

Y= y =10
L. (r, O) 1
N ; U
e, fleh)
(5. fib)) b, fb)

(a) If f(a) and f(c} have
, opposite signs then
squeeze from the right.

(b) If f(c) and f(b) have
opposite signs then
squeeze from the left.

Figure 2.6 The decision process for the bisection process.

Further iterations can be done to obtain as many significant digits as required. The
purpose of this example was to find the value of / that produced a specified level L of the
function value, that is to find a solution to A(J) = L. It is standard practice to place the
constant L on the left and solve the equation A(J) — L = 0. n

Definition 2.3 (Root of an Equation, Zero of a Function). Assume that fix)isa
continuous function. Any number r for which f () = 0is called a root of the equation
f(x) = 0. Also, we say r is a zero of the function f(x). A

For example, the equation 2x% 4+ 5x — 3 = 0 has two real roots r; = 0.5 and
r2 = —3, whereas the corresponding function f(x) = 2x2 4 5x —3 = (2x — 1)(x +3)
has two real zeros, ) = 0.5and r» = —3.

The Bisection Method of Bolzano

In this section we develop our first bracketing method for finding a zero of a continuous
function. We must start with an initial interval [a, b], where f(a) and f(b) have
opposite signs. Since the graph y = f(x) of a continuous function is unbroken, it will
cross the x-axis at a zero x = r that lies somewhere in the interval (see Figure 2.6). The
bisection method systematically moves the end points of the interval closer and closer
together until we obtain an interval of arbitrarily small width that brackets the zero.
The decision step for this process of interval halving is first to choose the midpoint
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¢ = (a + #)/2 and then to analyze the three possibilitics that might arise:

(4} If f(ajand f{c} have opposite signs. & Zero lies in [a. c].
(3) If f{c)and f(b) have opposite s1gns, a zero lies in [c, &].
{6) if f(e) =0, then the zerois .

If either case (4) or (5) occurs, we have fotnd an interval half as wide as the original
interval that contains the root. and we are “squeezing down on it” (see Figure 2.6). To
continue the process, relabel the new smaller interval {a. b] and repeat the process until
the interval is as small as desired. Since the bisection process involves sequences of
nested intervals and their midpoints. we will use the following notation to keep track
of the details in the process:

g, bo) is the starting 1nterval and ¢p = 252 is the midpoint.

la. b1]is the second interval, which brackets the zero r, ané ¢ is its mudpoint;
(7 -he interval [aj. &] is half as wide as [ap. bp).

After arriv:ng at the rth interval {a,, b,], which brackets  and has midpoint

¢y the interval [an.1. buyi] is constructed, which also brackets r and is half

as wide as [an, bnl.

It is left as an exercise for the reader to show that the sequence of left end points is
increasing and the sequence of right end points 1s decreasing; that is,

(8) << fap s ErEShy b < by

where ¢, = J"z’—"’ﬂ and if f(ap—1}f(bn+1) < 0, then

(9) [2ne1, Bos1]l = lan.cn]l  of  {ane1,bro] = [cr. ba]l  for all n.

Theorem 2.4 (Bisection Theorem). Assume tha: f € C[a, b] and that there exists
anumber r € [a, #] such that f(r) = 0. If f(a) and ftb) have opposite signs, and
ieg ]3¢, represents the sequence of midpomnts generated by the bisection process of (8)
and (9}, then

(10 f‘—(ni‘:--—‘? forn=0,1, ...,

an:
Fe S o [ — .
and therefore the sequence {¢q])5, converges to the zero x = r; that 1s,

(1) lim ¢, =1

n—od
Proaf.  Since both the zero r and the midpoint ¢, lie in the interval {a,. 4], the dis-
lance between ¢, and r cannot be greater than half the width of this interval (see Fig-
ure 2.7). Thus

b, — an

(12) lr—enl =< for alt n.
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Figure 2.7 The root » and midpoint ¢, of [ax, b,] for the
bisection method.

Observe that the successive interval widths form the pattern

—a
b1—01=b021 0,
by—ay  bo—ao
h—a=— = ——.

2 2
It is left as an exercise for the reader 1o use mathematical induction and show that

by —ap
2

(13) by —a, =

Combining (12) and (13) results in

for all n.

(i4) lr —cp =

New an argument similar to the one given in Theorem 2.3 can be used 1o show that
{14) implies that the sequence {c.} " 5 converges to 7 and the proof of the theorem is

complete. .

Example 2.7. The function #{x) = xsinix) occurs in the study of undamped forced
oscillations. Find the value of x that lies in the interval [Q, 2], where the function takes on
the value #(x} = { (the function sin(x) (s evaluated in radians).

We use the bisection method 10 find a zero of the function f(x) = x sin(x) - 1. Startirg
with ag = 0 and b3 = 2, we compie

f(0y=-1.000000 and f{(2) =0.818595,

so a root of f(x) = 0 lies in the interval (0. 2]. At the midpoint cg = 1, we find that
f({1) = —0.158529. Hence the function changes sign on [co. bo] = (1. 2].

To continue, we squeeze from the left and set ay = ¢p and by = by. The midpoint
s 1 = 1.5 and f(c1) = 0.496242. Now, f(1) = —0.158529 and f(1.5) = 0.496242
imply that the root lies in the imerval [@1. ¢;] = [1.0, 1.5]. The next decision is to squeeze
from the right and set @, = «; and b7 = ¢|. ln s manner we obtain & sequence {cy ) that
convergestor =z 1.114157141. A sample caleulation is given in Table 2.1. n



Table 2.1 Bisection Method Sotution of x sin(x) — | =0

Lefi Right Function value,

k end point, a Midpoint, cg end point, by Jlcr)

0 0 1. 2. —0.158529
1 1.0 1.5 2.0 0.496242
2 1.00 1.25 1.50 0.186231
3 1,000 1.125 1.250 0.015051
4 1.0000 1.0625 1.1250 —0.071827
5 1.06250 1.09375 1.12500 —0.028362
6 1.093750 1.109375 1.125000 —0.006643
7 1.109375¢ 1.1171875 1.1250000 0.004208
B 10937500 1.11328125 1.E1718750 —0.001216

A virtue of the bisection method is that formula {10} provides a predetermined
estimate for the accuracy of the computed solution. In Example 2.7 the width of the
starting interval was by — ap = 2. Suppose that Table 2.1 were continued to the
thirty-first iterate; then, by (10), the error bound would be :E31 = (2 — 0)f232 B
4.656613 x 107", Hence c3) would be an approximation 1o 7 with nine decimal places
of accuracy. The number ¥ of repeated bisections needed to guarantee that the Nth
midpoint ¢y is an approximation (o a zere and has an error less than the preassigned
value § i3

) . {In(b—a) — In(3)
{15 N =int (——ln(Z) )

The proof of this formula is left as an exercise.

Anather popular algorithm is the method of false position or the regula falsi
method. 11 was developed because the bisection method converges at a fairly slow
speed. As before, we assume that f(a) and f{b} have opposite signs. The bisection
method used the midpoint of the interval {a, b as the next itzraie. A better approxi-
mation is obtained if we tind the point {c, 0% where the secant line L joining the points
(a, f{a)) and (b, f(b)) crosses the x-axis (see Figure 2.8). To (ind the value ¢, we
write down two versions of the slope m of the line L.

_fh) - fa)
(16) m= ————b —
where the points (a, f{a}) and (b, f(})) are used, and

an m=9:—'£@,
c—b

{a. flay) (a fla)

T )
[ r \\\‘(C'lo) \\\\\
T 7 t et
a o ~
Sal b a {c. D) Y
\“‘ L ~
(c. flen
y=fx)
b, fibyy b fib))

(2) If f(r) and ftc) have
opposite signs then
squeeze from the right.

(b) If f(c) and f(b) haveé
opposite signs then
squeeze from the left.

Yigure 2.3 The decision process for the false positior: method,

where the points (¢, 0) and (&, f (b)) are used.
Ezuating the slopes in (16) and (17), we have

Sb)y— fla)y 0— fb)
b-a T oe—b

which is easily soived for ¢ to get

fb)b—a)

(18) — = —
fiby— fa@)

The three possibilities are the same as before:

19) If f{a) and f(c) have apposite signs, a zero lies in [e, ¢].
{20y i fic)and f{(b) have opposite signs, a zero lies in jc, b1
zn If f(c) =0, then the zerois r.

Convergence of the False Position Method

The decision process implied by (19) and (20) along with (18) is used to construc
a sequence of intervais {|a., b;]} each of which brackets the zero. At each step the
approximation of the zero r is

_ f(bn)(bn — ap}
S(ba) — f(an)’

(22 Cn = bp
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Figure 2.9 The stationary endpoint for the false position
method,

and it can be proved that the sequence {c,} will converge to r. But beware; although
the interval width b,, — a, is genting smaller, it is possible that it may not go to zero. If
the graph of y = f(x) is concave near (r, 0), one of the end points becomes fixed and
the other one marches into the solution (see Figure 2.9).

Now we rework the solution o x sin{x) — | = 0 using the method of faise posi-
tion and observe that it converges faster than the bisection method. Also, notice that
b ~ an )52, does not go 1o zero.

Example 2.8. Use the false position method to find the root of x sin(x) — | = O that is
located in the interval [0, 2] {the function sin(x) is evaluated in radians).
Surting with ap = 0 and bg = 2, we have f{0) = —1.00000000 and f(2) =
0.81859485, so a root ties in the interval [0, 2), Using formula (22), we get
0.81859485(2 - 0)
0.81859485 — (—=1)
The function changes sign on the interval [cg, o] = [1.09975017, 2), so we squeeze from
the left and set a; = cp and by = by. Formula (22) produces the next approximation:
0.81859485(2 — 1.6%975017)
0.81859485 — (—0.02001921)

L‘l=2

= 1.12124074

and
fler) = 0.00083461.

Next f(x} changes sign on {a;, c1] = [1.09975017, 1.12124074]. and the next decision is
10 squeeze from the right and set a2 = aj and b; = ¢1. A summary of the calculations is
given in Table 2.2. =

The termination criterion used in the bisection method is not useful for the false
position method and may result in an infinite loop. The closeness of consecutive iter-
ates and the size of | f (¢,,)" are both used in the termination criterion for Program 2.3.
In section 2.3 we discuss the reasons for this choice.
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Table 2.2 False Position Method Solution of x sin{x) — 1 =0

Left Right Function value,
k| endpoint Midpoint, c; end point, by Flag)
0 0.00000000 1.09975017 2.,00000000 -0.02001921
1 1.09975017 - 1.12124074 2.00000000 0.0098346
2 1.09975017 1.11416120 1.12124074 0.00000563
3 1.09975017 111415714 1.11416120 0.00000000

Program 2.2 (Bisection Method). To approximate a root of the equation f(x} =0 |
in the interva) [a, b). Proceed with the method only if f(x) is continuous and f(a) |
i and f(b) have opposite signs. '

function [¢,err,ycl=bisect(f,a,b,delta)
%Input - f is the function input as a string ’f’

h - a and b are the left and right end points
% ~ delta is the tolarance

%Cutput - ¢ is the zZero

A - ye=f(c}

A - err is the error estimate for ¢

ya=feval(f,a);
yb=feval(f,b);
if ya*yb>0,break,end
maxi=i+round((log(b-a)-log(delta))/log(2));
for k=1:maxi

c=(a+b)/2;

ye=feval(f,c);

if ye==0

elseif yb*yc>0

b=c;
yb=yc;
else
a=c;
yasyc;
end
if b-a < delta, break,end
erd
c=(a+b)/2;
err=abs(b-a);
yc=feval(f,c),
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Program 2.3 (False Position or Regula Falsi Method). To approximate a root of
the equation f(x) = 0 in the interval [a, b]. Proceed with the method only if f(x) !
is continuous and f(a} and f (b} have apposite signs. |

function [¢,err,ycl=regula(f,a,b,delta,epsilon,maxi)

%Input - f is the function input as a string *f°

% - a and b are the left and right end points

% - delta is the tolerance for the zero

% - epsilon is the tolerance for the value of f at the zero
% - maxl is the maximum number of iterations

%0utput - ¢ is the zero

% - ye=£(c)

% - err is the error estimate for ¢

va=feval(f,a);
yb=feval(f,b);
if ya*yb>0
disp(’Note: f(a)*f(b)>0’),
break,
end
for k=1:max1
dx=yb*(b~a)/(yb~ya);
c=b-dx;
ac=c-a;
ye=feval (f,c);
if yc==0,break;
elseif yb*yc>0
b=c;
yb=yc;
else
a=c;
ya=yc;
end
dx=min(abs(dx),ac);
if abs{dx)<delta,break,end
if abs(yc)<epsilon,break,end
end
c;
err=abs(b-a)/2;
yc=feval(f,c);
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Exercises for Bracketing Methods

In Exercises 1 and 2, find an approximation for the interest rate / that will yield the total
annuity value A if 240 monthly payments P are made. Use the two starting values for /
and compute the next three approximations using the bisection method.

1. P =%$275, A =$250,000, Iy =0.11, [; = 0.12
2, P =$325, A =$400,000, Ip =0.13, I, =0.14
3. For each function, find an interval [a, b] so that f(a) and f(b) have opposite signs.

@ fx)=ée -2-x

b)) fx)=cos(x)+1—x
© fx)=hx)-5+=x
) fix)=x2—10x +23

In Exercises 4 through 7 start with [ao, by] and use the false position method to compute
ca. c1, €2, and c3.

4 ¢* —2—x =0, [ag, bo] = [—2.4, —1.6]

5.

cos(x) + 1 ~x =0, [ag, bo] = [0.8, 1.6]

6. In(x) — 5+ x =0, [ag, bo] = {3.2,4.0]
7. x2 —10x + 23 = 0, [ag, o] = [6.0, 6.8]
8. Denote the intervals that arise in the bisection method by [ag, bol, [a1, &1], ...,

10.

1.

(@, bl
(a) Showthatay <a) <---<a,<---andthat-- . <h, <-.- < b < by.
(b) Show that b, — @, = (bg — ap)/2".
(c) Let the midpoint of each interval be ¢, = (a, + by)/2. Show that
lim g, = lim ¢, = lim b,.
n—=o0 A—+00 n=+00Q

Hint. Review convergence of monotone sequences in your calculus book.

. What will happen if the bisection method is used with the function f(x) = 1/(x — 2)

and

(a) theinterval is [3, 7}7 (b} theintervalis[1, 7]?

What wiil happen if the bisection method is used with the function f(x) = tan(x)
and

(a) theinterval is [3, 4]? (b) the interval is [1, 3]?

Suppose that the bisection method is used to find a zero of £(x) in the interval [2, 7].

How many times must this interval be bisected to guarantee that the approximation
cw has an accuracy of § x 10797

12. Show that formula (22) for the false position method is algebraically equivalent (o

_ auf(bn) - bnf(ﬂn)
T f(Ba) — flan)

n
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13. Establish formula (15) for determining the number of iterations required in the bisec-
tion method. Hint. Use |b — a|/2"*! < § and take logarithms.

14. The polynomial f(x) = (x— 13 (x—2)(x —3) has three zeros: x = 1 of multiplicity 3
and x = 2 and x = 3, each of multiplicity 1. If ag and by are any two real numbers
such that ag < 1 and &g > 3, then f{ay)f{bo) < 0. Thus, on the interval {ag. &g]
the bisection method will converge to one of the three zeros. If ag < 1 and by > 3
are selected such that ¢, = ‘-‘ﬁl’j'l is not equal to 1, 2, or 3 for any n > 1, then the
bisection method will never converge to which zero(s)? Why?

15, If a polynomial, f(x), has an odd number of real zeros in the interval [ap, &), and
each of the zeros is of odd multiplicity, then f(ao)f(bo) < 0, and the bisection
method will converge to one of the zeros. If ap < 1 and by > 3 are selected such that
o= 2 ‘;b“ is not equal to any of the zeros of f(x) for any » > I, then the bisection
method will never converge to which zero(s)? Why?

Algorithms and Programs

1. Find an approximation (accurate to 10 decimal places) for the interest rate / that will
yield a total annuity value of $500, 000 if 240 monthly payments of $300 are made.

2. Consider a spherical ball of radius r = 15 cm that is constructed from a variety
of white oak that has a density of p = 0.710. How much of the ball (accurate to
8 decimal places) will be submerged when it is placed in water?

3. Modify Programs 2.2 and 2.3 to output a matrix analogous to Tables 2.1 and 2.2,
respectively (i.e., the first row of the matrix would be [0 ay co by f (co)]).

4. Use your programs from Problem 3 to approximate the three smallest positive roots
of x = tan{x) (accurate tc 8 decimal places).

5. A unit sphere is cut into two segments by a plane. One segment has three times the
volume of the other. Determine the distance x of the plane from the center of the
sphere (accurate to 10 decimal places).

Initial Approximation and Convergence Criteria

The bracketing methods depend on finding an interval {2, b] so that f(a) and f (b) have
opposite signs. Once the interval has been found, no matter how large, the iterations
will proceed until a root is found. Hence these methods are called globally convergent.
However, if f{x) = 0 has several roots in [a, b}, then a different starting interval must
be used to find each root. It is not easy to locate these smaller intervals on which f(x)
changes sign.

In Section 2.4 we develop the Newton-Raphson method and the secant method for
solving f(x) = 0. Both of these methods require that a close approximation to the root
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be given to guarantee convergence. Hence these methods are called Zocally convergenit.
They usually converge more rapidly than do global ones. Some hybrid algorithms start
with a globally convergent method and switch to a locally convergent method when
the iteration gets close to a root.

If the computation of reots is one part of a larger project, then a leisurely pace
is suggested and the first thing to do is graph the function. We can view the graph
¥ = f(x) and make decisions based on what it looks like (concavity, slope, oscillatory
behavior, local extrema, inflection points, etc.). But more important, if the coordinates
of points on the graph are available, they can be analyzed and the approximate location
of roots determined. These approximations can then be used as starting values in our
root-finding algorithms. '

We must proceed carefully, Computer software packages use graphics software of
varying sophistication. Suppose that a computer is used to graph y = f(x) on [a, b].
Typically, the interval is partitioned into ¥ + | equally spaced points: a = xp <
X] < --- < xy = b and the function values y; = f (x;) computed. Then either a
line segment or a “fitted curve” are plotted between consecutive points (x;_j, yr—1)
and (xg, y) fork = 1, 2, ..., N. There must be enough points so that we do not
miss a root in a portion of the curve where the function is changing rapidly. If f(x)
is continuous and two adjacent poinis (xg—r, yi—1) and (x¢, y) lie on opposite sides
of the x-axis, then the Intermediate Value Theorem implies that at least one root lies
in the interval [x¢—j, x;]. But if there is a root, or even several closely spaced roots,
in the interval [xg_1, x¢] and the two adjacent points (xy—-1, y¢—) and (xz, yx) He on
the same side of the x-axis, then the computer-generated graph would not indicate a
situation where the Intermediate Value Theorem is applicable, The graph produced by
the computer will not be a true representation of the actual graph of the function f.
It is not unusual for functions to have “closely” spaced roots; that is, roots where the
graph touches but does not cross the x-axis, or roots “close” to a vertical asymptote.
Such characteristics of a function need to be considered when applying any numerical
root-finding algorithm.

Finally, near two closely spaced raots or near a double root, the computer-generated
curve between (xg-1, ¥i—1) and (xg, y;) may fail to cross or touch the x-axis. If
| f{xt)) is smaller than a preassigned value € (i.e., f(xx) = 0), then x; is a tentative
approximate root. But the graph may be close to zero over a wide range of values near
x;, and thus x; may not be close to an actual root. Hence we add the requirement that
the slope change sign near (x;, y); that is, m,_| = i:iﬁi:: and my; = i::::i: must
have opposite signs. Since x; — xz—j > 0 and x4 1 — x¢ > 0, it 1s not necessary to use
the difference quotients, and it will suffice to check to see if the differences yr — yx-1
and yi+1 — yx change sign. In this case, x; is the approximate root. Unfortunately,
we cannot guarantee that this starting value will produce a convergent sequence. If the
graph of y = f(x) has a local minimum (or maximum) that is extremely close to zero,
then it is possible that x; will be reported as an approximate root when f{xg) ~ 0,
although x; may not be close to a root.
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Table 2.3  Finding Approximate Locations for Roots

Function values Differences in y
Significant changes
Xk Ye—1 Vi Ve = ¥e-1 | Y+l — Yk in f(x)or f'(x)
-1.2 | -3.125 —0.968 2.157 1.329
~0.9 | —0.968 0.361 1.329 0.663 J changes sign in [xg_1. xz]
—0.6 0.361 1.024 0.663 0.159
-0.3 1.024 1.183 0.159 -0.183 f' changes sign near x;
0.0 1.183 1.000 —0.183 —0.363
0.3 1.000 0.637 —-0.363 —0.381
0.6 0.637 0.256 -0.381 -0.237
69 | 025 | 0019 —0.237 0.069 F' changes sign near x;
1.2 0.019 0.088 0.069 0.537

Figure 2.10 The graph of the cu-
-10 bic polynomial y = x3 —x%2 — x + |

Example 2.9, Find the approximate location of the roots of x* — x2 — x + 1 = O on the
interval [—1.2, 1.2]. For illustration, chcose N = 8 and look at Table 2.3.

The three abscissas for consideration are —1.05, —(.3, and 0.9. Because f{x) changes
sign on the interval [~1.2, —0.9], the value —1.05 is an approximate root; indeed,
f(-1.05) = -0.210.

Although the slope changes sign near —0.3, we find that f(—0.3) = 1.183; hence
—0.3 is not near a root, Finally, the slope changes sign near 0.9 and £ (0.9) = 0.019, s0 0.9
is an approximate root (see Figure 2.10) [ ]
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Figure 2.11 (a) The horizontal convergence band for locating a solution to
fy=0.
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Figure 2.11 (b) The vertical convergence band for locating a solution to f(x) = 0.

Checking for Convergence

A graph can be used to see the approximate location of a root, but an algorithin must be
used to compute a value p, that is an acceptable computer solution. fteration is often
used to produce a sequence {p;} that converges to a root p, and a termination criterion
or strategy must be designed ahead of time so that the computer will stop when an
accurate approximation is reached. Since the goal is to solve f(x) = 0, the final value
Pn should have the property that | f(ps)| < €.

The user can supply a tolerance value € for the size of | f(p,)| and then an iterative
process produces points P, = (px, f(pi)) until the last point P, lies in the horizonial
band bounded by the lines y = +¢ and y = —e, as shown in Figure 2.11(a). This
criterion is useful if the user is trying to solve A{x) = L by applying a root-finding
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algorithm to the function f(x) = k{x) — L.

Another termination criterion involves the abscissas, and we can try to
the sequence { pt} is converging. If we draw the vertical lines x = p +8§ and
on cach side of x = p, we could decide to stop the iteration when the
between these two vertical lines, as shown in Figure 2.11(b).

The latter criterion is often desired, but it is difficult to implement because it i
volves the unknown solution p. We adapt this idea and terminate further calculatic
when the consecutive iterates p,_| and p, are sufficiently close or if they agree withis:
M significant digits.

Sometimes the user of an algorithm will be satisfied if p, ~ p,_ and other ti
when f(p,) =~ 0. Correct logical reasoning is required to understand the consé-
quences. If we require that jp, — p] < § and | f(ps)] < e, the point P, will
located in the rectangular region about the solution (p, 0), as shown in Figure 2.12(
If we stipulate that |p, — p| < & or {f{ps)| < €, the point P, could be locats:
anywhere in the region formed by the union of the horizontal and vertical stripes, =
shown in Figure 2.12(b). The size of the tolerances & and ¢ are crucial. If the toi-
erances are chosen too small, iteration may continue forever. They should be chos
about 100 times larger than 10~ where M is the number of decimal digits in t
computer’s floating-point numbers. The closeness of the abscissas is checkzad =1
of the criteria

|Pn — pn-1]l <&  (estimate for the absolute error)

or
2| pn — pr-1l <5

{estimate for the relative error).
|Pn| + |Prl'-l|

The closeness of the ordinate is usually checked by | f (p)| < €.

Troublesome Functions

A computer solution to f(x}) = 0 will almost always be in error due
and/or instability in the calculations. If the graph y = f(x} is steep neu
(p, 0), then the root-finding problem is well conditioned (i.e., a solution with scv:
significant digits is easy to obtain). If the graph y = f(x) is shallow near (p, 0), ther:
the root-finding problem is ill conditioned (i.e., the computed root may hav: o:lv a few
significant digits). This occurs when f(x) has a multiple root at p. This & ussed
further in the next section.
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Figure 2.12 (a) The rectangular region defined by |x — p| < § AND |y| < €.

Figure 2.12  (b) The unbounded region defined by |x — p| < § OR |y| < €.
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Program 2.4 (Approximate Location of Roots). To roughly estimate the loca-
tions of the roots of the equation f(x) =  over the interval [a, b], by using the
equally spaced sample points (xg, f(x¢)) and the following criteria:

(i) e-1)(ye) <0, 0r

i) |yel < € and (yk — ye—1)Ok+1 — 26) < 0.
That is, either f(x;—1) and f(x;) have opposite signs or | f{xz)| is small and the

slope of the curve y = f(x) changes sign near (xg, f (xz)).

function R = approot (X,epsilon)
% Input - f is the object function saved as an M-file named f.m

A - X is the vector of abscissas

% - epsilon iz the tolerance

% Dutput - R is the vector of approximate roots
Y=£(X);

yrange = max{(¥)-min(Y);
epsilon2 = yrange*epsilon;
n=length(X);
m=0;
X(n+1)=X(n};
Y{(n+1)=Y(n);
for k=2:m,
if Y(k-1)*Y(k)<=0,
m=m+1;
R(m)=(X(k-1)+X(k))/2;
end
s=(Y(R)-Y (k-1 )} = (Y (k+1)-Y(K));
if (abs(Y(k)) < epsilon2) & (s<=0),
m=m+1;
R{m)=X{k);
end
end

Example 2.10. Use approot to find approximate locations for the roots of f(x) =
sin(cos(x3)) in the interval [—2, 2]. First save f as an M-file named f.m. Since the results
will be used as initial approximations for a root-finding algorithm, we will construct X so
that the approximations will be accurate to 4 decimal places.

>>»X=-2:.001:2;

>>approot (X,0.00001)

ans=

-1.9875 -1.6765 -1.1625 1.1625 1.67656 1.9875
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Comparing the results with the graph of f, we now have good initial appreximations for
one of our root-finding algorithros. [ ]

Exercises for Initial Approximation

in Exercises 1 through 6 use a computer or graphics calculator to graphically determine
the approximate location of the roots of f(x) = 0 in the given interval. In each case,
determine an interval [a, #] over which Programs 2.2 and 2.3 could be used to determine

the roots (i.e., f(@)f(B) < 0),
L fx)=xt—for-2<x<2
2, fx)=x—cos(x)for 2<x=<2
3. f(x) =sin(x) — 2cos(x})for—2 <x <2
4. f(x) =cos(x) 4 (1 +x)lfor-2<x<2
5 fF)=(x—-22—In(x)for0.5 <x <45
6. f(x)=2x —tan(x)for-14 <x <14

Algorithms and Programs

In Problems 1 and 2 use a computer or graphics calculator and Program 2.4 to approximate
the real roots, to 4 decimal places, of each function over the given interval. Then use
Program 2.2 or Program 2.3 to approximate each root to 12 decimal places.
1. f(x)= 1,000,000 — 111,000x2 + 1110x — 1 for —2 < x <2
2. fx)y= 5530 _ 38x% 4 21k — Srx® — 3wxd —5x2 +8Bx —3for —15 < x < 15,
3. A computer program that plots the graph of y = f(x) over the interval [a, b] using
the points (xg, ¥p), (x1, ¥1), ..., and (xy. yn) usually scales the vertical height of
the graph, and a procedure must be written to determine the minimum and maximum
values of f over the interval.
(a) Construct an algorithm that will find the values Ymax = maxi{yx} and ¥Ypin =
ming {ye}.
(b) Write a MATLAB program that will find the approximate location and value of
the extreme vatues of f(x) on the interval {a, b].
(¢) Use your program from part (b} to find the approximate location and value of
the extreme values of the functions in Problems I and 2. Compare your approx-
imations with the actual values.
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Newton-Raphson and Secant Methods

Slope Methods for Finding Roots

If fix), £'(x), and f”(x) are continuous near a root p, then this extra information
regaréing the namire of f{x) can be used 1o develop algorithms that will produce se-
quences | p, } that converge faster to p than either the bisection or faise position method.
The Newton-Raphson {or simply Newton’s) method is one of the most useful and best
known algorithms that rehes on the continuity of f'{x) and f”(x). We shall intreduce
it graphically and then give a more rigarous treatment based on the Taylor polynomial.

Assume that the initial approximation pg is near the root p. Then the graph of
y = f(x) intersects the x-axis at the point ( p, 0). and the peint { po. f(po)) lies on the
curve near the point { p, 0) {see Figure 2.13). Define p; to be the point of intersection of
the x-axis and the fine tangent 10 the curve at the point (po, f(pg)). Then Figure 2.13
shows that p; will be closer to p than py in this case. An equatton relating p and po
can be found if we write down two versions for the slope of the tangent line L:

Yy = 0— fipo)
p—po
which is the slope of the line through (p;. 0) and (pg, f'(po)), and

(1

(2) = f'( po).

which is the slope at the point (pg. f(pp)). Equating the values of the slope m in
equations (1) and (2) and solving for p; results in

fipo)

33 1= - .
( pr=a f{po)

Py P

5]
Ip,. fip )

2. fipgh)

Figure 2.13 The geomeyric construction of py and po for
the Newton-Raphson method.
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The process above can be repeated w obtain a sequence { g} that converges to p.
We row make these ideas more precise.

Theorem 2.5 (Newton-Raphson Theorem). Assume that f = C%la. b] and here
exists a number p € |a, b], where f(p) = Q. [f f'(p) # 0, then there exists 2 § > (
such that the sequence {172, defined by the iteration

f(pr-1)
fpe 1)
will converge to p for any initial approximaltion pg € [p — 8. p + §1.
Remnark. The function g{x) defined by formuia

Jix)
frix)
is called the Newéon-Raphson iteration function. Since j(p) = 0, it is easy 1o see

that g(p) = p. Thus the Newlon-Raphson iteration for finding the root of the equation
f(x) = 0 is accomplished by finding a fixed point of the function g(x).

(4) Pk =g(px-1) = px-1— for k=1,2, ..

(3) glx)y=x—

Proof. The geometric construction of p| shown in Figure 2.13 does not help ir un-
derstanding why pg needs to be close to p or why the continuity of f”(x) is essential.
Our analysis starts with the Taylor polynomial of degree n = 1 and its remainder term:

Fe)x - po)?

(6) Flxy= f(po) + f (po)ix - pp) + o7

where ¢ lies somewhere between pg and x. Substituting x = p into equation (6) and
using the fact that f{p) = O produces

, o L) p — po¥?
7 0= flpo) + f (po)(p— po) + #.

Il po 15 close enough o p, the last term on the right side of (7) will be small com-
pared to the sum of the first two terms. Hence it can be neglected and we can use the
approximation

(8) 022 f(po) + f'{poHp — po).

Soiving for p in equation (8), we get p = po — f(po)/f'(pg). This is used to define
the rext approximation p; to the root

_ fpo)
Fipay

When p ; is used in place of pg in equation {9), the general rule (4) is established. For

9 Pt = po

-most applications this is all that needs to be understood. However, to fully comprehend:



72 (CHAP.2 THE SOLUTION OF NONLINEAR EQUATIONS f(x) =0

what is happening, we need to consider the fixed-point iteration function and apply
Theorem 2.2 in our situation. The key is in the analysis of g'(x):
g =1~ frof(x) = F)f"x) - FO)f"(x)
(f'xn? (f'(x)?

By hypothesis, f(p) = 0; thus g’(p) = 0. Since g’(p) = 0 and g(x) is continuous, jt
is possible to find a § > 0 so that the hypothesis |g'(x}| < 1 of Theorem 2.2 is satisfied
on (p — &8, p + 8). Therefore, a sufficient condition for pg to initialize a convergent
sequence {pe )22 o, which converges to a root of f(x) =0, is that po € (p — 8, p+ 6)
and that & be chosen so that

()P

(o <1l foralxe(p—8&p+8 .

Corollary 2.2 (Newton’s Iteration for Finding Square Roots), Assumethat A > 0
is a real number and let pg > 0 be an initial approximation to +/A. Define the sequence
{Pr)e using the recursive rule

A
Piot + —
an pk=—3—£5_—1 for k=1, 2, ....
Then the sequence {px}$°., converges to +/4; that is, limy..,co pg = VA.

Outline of Proof.  Start with the function f(x) = x% — A, and notice that the roots of
the equation x2 — A = O are £4/A. Now use f(x) and the derivative f'(x) in formula
(5) and write down the Newton-Raphson iteration formula

o fw x2-4A
(12) S(I]—x—m_x— P
This formula can be simplified to obtain
LA
13) e =24

When g(x) in (13) is used to define the recursive iteration in (4), the result is formula
{(11). It can be proved that the sequence that is generated in (11) will converge for any
starting value pg > 0. The details are left for the exercises. °

An important point of Corollary 2.2 is the fact that the iteration function g{x)
involved only the arithmetic operations +, —, x, and /. If g(x) had involved the cal-
culation of a square root, we would be caught in the circular reasoning that being able
to calculate the square root would permit you to recursively define a sequence that will
converge to +/A. For this reason, f(x) = x? — A was chosen, because it involved only
the arithmetic operations.
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Example 2.11.  Use Newton’s square-root algorithm to find /5.
Starting with pg = 2 and using formula (11}, we compute

- 2+25/2 228
pr = 25%5/335- =2236111111

gy = 2236111 +25/2.236111111 2236067978
g 236067978 + :/2.236067978 — 2236067978,

Further iterations produce p; =~ 2.236067978 for k > 4, so we see that convergence
accurate to nine decimal places has been achieved, -

Now let us turn to a familiar problem from elementary physics and see why de-
termining the location of a root is an important task. Suppose that a projectile is fired
from the prigin with an angle of elevation bg and initial velocity vp. In elementary
courses, air resistance is neglected and we learn that the height y = y(¢) and the dis-
tance traveled x = x (7). measured in feet, obey the rules

(14) Y=yt — 1612 and  x = vy,

where the horizontal and vertical components of the initial velocity are v, = vy cos(bo)
and vy = vgsin(bp), respectively. The mathematical model expressed by the rules
in (14} is easy to work with, but tends to give too high an aliitude and too long a range
for the projectile’s path. If we make the additional assumption that the air resistance is
proportional to the velocity, the equations of motion become

(15) y=f)=(Coy+32¢H (1 - e/¢) - 32Ct
and
(16) x = ()= Cu, (1 - €Y,

where € = m/k and k is the coefficient of air resistance and m is the mass of the
projectile. A larger value of C will result in a higher maximum altitude and a longer
range for the projectile. The graph of a flight path of a projectile when air resistance is
considered is shown in Figure 2.14. This improved model js more realistic, but requires
the use of a root-finding algorithm for solving f(t) = 0 to determine the elapsed time
until the projectile hits the ground. The elementary model in (14) does not require a
saphisticated procedure to find the elapsed time.
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y

200 } (x, y) = (r{), f(r))

200

x Figure 2,14 Path of a projectile
with air resistance considered.

200 400 600 300 1000

Table 2.4  Finding the Time When the Height f(r} Is Zero

k Time, py Pr+t — Pk Height, f(py)
] 2.00000000 0.79773101 £3,22097200
1 8.79773101 —0.05530160 —6.68369700
2 8.74242941 —0.00025475 —0.03050700
3 8.74217467 —0.060000001 —0.00000100
4 8.74217466 0.0060600000 0.00000000

Example 2.12. A projectile is fired with an angle of elevation by = 45°, vy, = v, =
160 ft/sec, and C = 10. Find the elapsed time until imnpact and find the range.

Using formulas (15) and (16), the equations of motion are y = f(r) = 4800(1 —
e~*/10) — 3201 and x = r(r) = 1600(1 — e~"/1%)_ Since £(8) = 83.220972 and f(9) =
—31.534367, we will use the initial guess po = 8. The derivative is f/(t) = 48Q¢~4/10 —
320, and its value f'(pg) = f'(8) = —104.3220972 is used in formula (4) 10 get

_ o 83.22097200
P1=%" Ti043220072
A summary of the calculation is given in Tabile 2.4.

The value py has eight decimal places of accuracy, and the time until impact is ¢ ~
8.74217466 seconds. The range can now be computed using r(2), and we get

= 8.797731010.

F(8.74217466) = 1600 (1 - f“-”“““ﬁﬁ) = 932.49863021t -

'The Division-by-Zero Error

One obvious pitfall of the Newton-Raphson method is the possibility of division by
zero in formula (4), which would occur if f'(pg—1) = 0. Program 2.5 has a procedure
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to check for this situation, but what use is the last calculated approximation pg—; in
this case? It is quite possible that f(pi_;) is sufficiently close to zero and that py_ |
is an acceptable approximation to the root. We now investigate this situation and will
uncover an interesting fact, that is, how fast the iteration converges.

Definition 2.4 (Order of a Root). Assume that f(x} and its derivatives f'(x),
voer F*)(x) are defined and continuous on an interval about x = p. We say that
f(x) = 0has aroot of order M at x = p if and only if

(17)
fpy=0, f(pm=0, ..., M Upy=0and FMp)£o0.

A oot of order M = 1 is often called a simple root, and if M > I, itis called a
multiple root. A root of order M = 2 is sometimes called a double root, and so on.
The next result will illuminate these concepts. A

Lemma 2.1. If the equation f(x} = 0 has a root of order M at x = p, then there
exists a continuous function A(x) so that f(x) can be expressed as the product

(18) Fy=(x— pyMh(x), where h(p) #£0.

Example 2.13. The function f(x) = x> —3x + 2 has asimple root at p = —2 and a
double root at p = 1. This can be verified by considering the derivatives f/(x) = 3x> — 3
and f"(x) = 6x. At the value p = -2, we have f(—2) = Oand f'(—2) = 9, so

M = 1 in Definition 2.4; hence p = —2 is a simple root. For the value p = 1, we have
F =0, f(1)=0, and f"(1) = 6,50 M = 2 in Definition 2.4; hence p = 1 is a double
root. Also, notice that f (x) has the factorization f(x) = (x + 2){x — 12 n

Speed of Convergence

The distinguishing property we seek is the following. If p is a simple root of f(x) = 0.
Newton’s method will converge rapidly, and the number of accurate decimal places
(roughly) doubles with each iteration. On the other hand, if p is a multiple root, the
error in each successive approximation is a fraction of the previous error. To make
this precise, we define the order of convergence. This is a measure of how rapidly a
sequence converges.

Definition 2.5 (Order of Convergence). Assume that {p, 182, converges to p and
set E, = p — p, for n > 0. If two positive constants A 3 0 and R > 0 exist, and

— p, E
lim P = Patil — lim [Ent1} — A

19 =
1 5 [p = palR  no EnIR
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Table 2.5 Newton's Method Converges Quadratically at a Simple Root

1Ep41l

k - =p—

Pk P+l — Pk Exr=p—p: [

0 —2,400000000 0.323800524 0.400000000 0.476190475
1 —2.076190476 0.072594465 0.076190476 0.619469086
2 ~2.003596011 0.003587422 0.003596011 0.664202613
3 —2.000008589 0.000008589 0.000008589

4 —2.000000000 0.000000000 0.000000000

then the sequence is said to converge to p with order of convergence R. The num-
ber A is called the asymptotic ertor constant. The cases R = 1,2 are given special

consideration.

20 If R = 1, the convergence of { Pn},?io is called linear.

2D If R = 2, the convergence of {p, o is called quadratic. 'y
If R is large, the sequence {p, } converges rapidly to p; that is, relation (19) implies

that for large values of n we have the approximation { E,+1| 2 A|E,|®. For example,

suppose that R = 2 and |E,| = 10~2%; then we would expect that |E,4 1| = A x 1074,

Some sequences converge at a rate that is not an integer, and we will see that the
order of convergence of the secant method is R = (1 + \/5)/2 =z 1.618033989.

Example 2.14 (Quadratic Convergence at a Simple Root). Start with pg = 2.4

and use Newton-Raphson iteration to find the root p = —2 of the polynomial f(x) =
1 — 3x 4 2. The iteration formula for computing {px} is

2p3 -2
(22) = g(pim1) = = ——

Ipi g — 3

Using formula (21} to check for quadratic convergence, we get the values in Table 2.5. =

A detailed look at the rate of convergence in Example 2.14 will reveal that the error
in each successive iteration is proportional to the square of the error in the previous
iteration. That is,

|p = Pesil = Alp — pil?,
where A & 2/3. To check this, we use
Ip — p3] = 0.000008589 and |p— pol? = (0.003596011|% = 0.000012931

and it is easy to see that

2
|p = p3l = 0.000008589 ~ 0.000008621 = |p — 2
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Table 2.6 Newton's Method Converges Linearly at a Double Roat

£ r Pi P+t — Pi _{ Ey=p-—m Enl
[£¢

0 1.200000000 —0.096969697 ~0.200000000 0.515151515
1 1.103030303 —0.050673883 ~0.103030303 0.508165253
2 1.052356420 —0.025955609 -0.052356420 0.496751115
3 1026400811 —0.013143081 —0.02640081 1 0.509753688
4 1.013257730 —0.006614311 ~0.013257730 0.501097775
5 1.006643419 —0.003318055 ~0.006643419 0.500350093

Example 2.15 (Linear Convergence at a Double Root). Start with pp = 1.2 and use
Newton-Raphson iteration to find the double root p = 1 of the polynomial f{x) = x* —
3x + 2.

Using formula (20} to check for linear convergence, we get the values in Table 2.6. m

Notice that the Newton-Raphson method is converging to the double root, but at
a slow rate. The values of f{pi) in Example 2.15 go to zero faster than the values
of f'(pe). so the quotient f(px)/f’ (pr) in formula (4) is defined when px # p.
The sequence is converging linearly, and the error is decreasing by a factor of approx-
imately 1/2 with each successive iteration. The following theoremn summarizes the
performance of Newton’s method on simple and double roots.

Theorem 2.6 (Convergence Rate for Newton-Raphson Iteration). Assume that

Newton-Raphson iteration produces a sequence {py} - that converges to the root p

of the function f(x). If p is a simple root, convergence is quadratic and

a9
21f"(p)l

If p is a multiple root of order M, convergence is linear and

23 |Eppy] = IExI? for n sufficiently Jarge,

M—1
24 JEnti) = ——IEn|  for n sufficiently large.

Pitfalls

The division-by-zero error was easy to anticipate, but there are other difficulties that
are Nnot so easy to spot. Suppose that the function is f(x) = x2 — 4x + 5; then the
sequence {pi} of real numbers generated by formula (4) will wander back and forth
from left to right and not converge. A simple analysis of the situation reveals that
f(x) > 0 and has no real roots.
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Figure 2.15 (a) Newton-Raphson iteration for f(x) =
xe”* can produce a divergent sequence.

Sometimes the initial approximation py is too far away from the desired root and
the sequence {p} converges to some other root. This usually happens when the stope
F'(po) is small and the tangent line to the curve y = f(x) is nearly horizontal. For
example, if f(x) = cos(x) and we seek the root p = 7/2 and start with po = 3,
calculation reveals that p) = —4.01525255, p, = —4.85265757, ..., and {pi} will
converge to a different root —37/2 &= —4.71238898.

Suppose that f(x} is positive and monotone decreasing on the unbounded interval
[a, 00) and py > a; then the sequence {p;} might diverge to +o0. For example, if
Flx) =xe™ and po = 2.0, then

p1 =40,  p2=5333333333, ..., pis=19.723549434, ...,

and {p;} diverges slowly to +oo (see Figure 2.15(a)). This particular function has
another surprising problem. The valve of f{x) goes to zero rapidly as x gets large, for
example, f(p1s) = 0.0000000536, and it is possible that pys could be mistaken for
a root. For this reason we designed stopping criterion in Program 2.5 to involve the
relative error 2| pg 1 — pil/ (| pxi+107), and when k = 135, this value is 0.106817, so
the tolerance 5§ = 10~ will help guard against reporting a false root.

Another phenomenon, cycling, occurs when the terms in the sequence {p;} tend to
repeal or 2lmost repeat. For example, if f(x) = x3—x—3 and the initial approximation
is po = 0, then the sequence is

p1=—3.000000, pr=—1961538, p3=~1147176, ps = —0.006579,
ps = —3.000389, ps=—1.961818, p; = —1.147430,

and we are stuck in a cycle where pry4 = py fork = 0, 1, ... (see Figure 2.15(b)).
But if the starting value py is sufficiently close to the root p = 1.671699881, then {px}
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Figure 2,15 (b) Newton-Raphson iteration for f(x) =
x% — x — 3 can produce a cyclic sequence.

y = arctan(x)

Figure 2.15 (c) Newton-Raphson iteration for f(x) =
arctan(x) can produce a divergent oscillating sequence.

converges. If pp = 2, the sequence converges: p) = 1.72727272, p» = 1.67369173.
p3 = 1.671702570, and py = 1.671699881.

When |g’(x)[ = 1 on an interval containing the root p, there is a chance of di-
vergent oscillation. For example, let f(x) = arctan{x); then the Newton-Raphson
iteration function is g{x) = x — (1 + x2) arctan(x), and g'(x} = —2x arctan(x). If the
starting value pp = 1.45 is chosen, then

p1 = —1.550263297, p; = 1.845931751, p; = —2.889109054,

etc, (see Figure 2.15(c)). But if the starting value is sufficiently close to the root p = 0,
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Figure 2.16 The geometric construction of p for the se-

cant method.

a convergent sequence results. If pg = 0.5, then
p1 = ~0.079559511,  p, =0.000335302,  p3 = 0.00000G000.

The situations above point to the fact that we must be honest in reporting an answer.
Sometimes the sequence does not converge. It is not always the case that after N
iterations a solution is found. The user of a root-finding algorithm needs to be wamed
of the situation when a root is not found. If there is other information concerning
the context of the problem, then it s less likely that an erroneous root will be found.
Sometimes f{x) has a definite interval in which a root is meaningful. If knowledge
of the behavior of the function or an “accurate” graph is available, then it is easier to
choose po.

The Secant Method

The Newton-Raphson algorithm requires the evaluation of two functions per iteration,
S{pe—1)and f'{pr—1). Traditionally, the calculation of derivatives of elementary func-
tions could involve considerable effort. But, with modern computer algebra software
packages, this has become less of an issue. Still many functions have nonelementary
forms (integrals, sums, etc.), and it is desirable to have a method that converges almost
as fast as Newton’s method yet involves only evaluations of f(x) and not of f'(x).
The secant method will require only one evaluation of f(x) per step and at a simple
root has an order of convergence R = 1.618033989. It is almost as fast as Newton’s
method, which has order 2.

The formula involved in the secant method is the same one that was used in the
regula falsi method, except that the logical decisions regarding how to define each
succeeding term are different. Two initial points (pg, f (po)) and (p1, f(p1)) near
the point (p, 0) are needed, as shown in Figure 2.16. Define p> to be the abscissa
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Table 2.7 Convergence of the Secant Method at a Simple Root

& Pi P+l — P Ex=p—m l jﬁ’fﬁ : IIB
0 ~—2.600000000 0.200000000 0.600000000 0.914152831
1 —2.400000000 0.293401015 0.400000000 0.469497765
2 —2.106598985 0.083957573 0.106598985 0.847290012
3 —2.022641412 0.021130314 0.022641412 0.693608922
4 —2,001511098 0.001488561 0.001511098 0.825841116
5 —2,000022537 0.000022515 0.000022537 0.727100987
6 —2.000000022 0.000000022 0.000000022

1 —2.,000000000 0.000000000 0.000000000

of the point of intersection of the line through these two peints and the x-axis; then
Figure 2.16 shows that p; will be closer to p than to either pp or p;. The equation
relating pa, p), and py is found by considering the slope
- 0—
m=f(P1) S 4 m= f(Pl).
2y — Po P2— P

The values of m in (25) are the slope of the secant line through the first two approxi-
mations and the slope of the line through (p1, £(p1)) and (p2, ), respectively. Set the
right-hand sides equal in (25) and solve for p» = g(p1, po) and get

_ L)1 = p)
fip1) ~ flpo)

The general term is given by the two-point iteration formula

Fpu)pe — pr-1)

(25)

(26) P2 =2{(p1. po) = ;

(27 1=8Pk Pk =pr — .
) Pert = 8Pk Pt = P o e
‘Example 2.16 (Secant Method at a Simpie Root). Start with pp = —2.6 und

Pt = —2.4 and use the secant method to find the root p = —2 of the polynomial function
Fl) =x3—3x+2
In this case the iteration formula (27) is

(P = 3Pk + 2(px — pe—1)
pi— Py =3 +3p
‘Thig can be algebraically manipulated to obtain

28 DPi+1 = &Pk, Pi—1) = Pr —

P%Pk—l +PkP§._1 -2
P+ prpeo1 + pio, -3

29 Pi+1 = 8(Pk, Py} =

The sequence of iterates is given in Table 2.7. n
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There is a relationship between the secant method and Newton’s method. For a
polynomial function f(x), the secant method two-point formula pe41 = g{(pk. Pe-1)
will reduce to Newton’s one-point formula py+) = g(p) if pr is replaced by pg_).
Indeed, if we replace pg by px—; in (29), then the right side becomes the same as the
right side of (22) in Example 2.14.

Proofs about the rate of convergence of the secant method can be found in advanced
texts on numerical analysis. Let us state that the error terms satisfy the relationship

f”(P) 0.618

10 E ~ |E; l.618‘

where the order of convergence is R = (1 + +/5)/2  1.618 and the relation in (30) is
valid only at simple roots.
To check this, we make use of Example 2.16 and the specific values

|p — ps| = 0.000022537
ip — pal®'® = 0.001511098'5'¢ = 0.000027296,

and
A= | f(~2)/2f(~2)"518 = (2/3)0518 — (,778351205.

Combine hese and it is easy to see that

(p — psi = 0.000022537 ~ 0.000021246 = A|p — pa|' S8,

Accelerated Convergence

We could hope that there are root-finding techniques that converge faster than linearly
when p is a root of order M. Gur final result shows that 2 modification can be made to
Newton’s method so that convergence becomes quadratic at a multiple root.

Theorem 2.7 (Acceleration of Newton-Raphson Iteration). Suppose that the
Newton-Raphson algorithm produces a sequence that converges linearly to the root
x = p of order M > 1. Then the Newton-Raphson iteration formula

Mf (pr-1)

3 = pp g —
(€3)) Pk = Pk—1 o)

will produce a sequence {pi};2 , that converges quadratically to p.
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Table 2.8  Acceleration of Convergence at a Double Root

1Bkt
k Py P41~ P Ep=p—p

1Ex 12
0 1.200000000 —0.193939304 —0.200000000 0.151515150
1 1.006060606 —0.006054519 —0.006060606 0.165718578
2 1.000006087 —0.000006087 ~0.000006087
3 1.000000000 0.000000000 0.000000000
Table 29 Comparison of the Speed of Convergence

Special Relation between
Method considerations successive eITor terms
Bisection Ep1 ™~ 3| Eyd
Reguola falsi Epi ) =~ A|Eg]
Secant method Multiple reot. Epp) = A|Eg|
Newton-Raphson Multiple root Epy 1 = AlE;|
Secant method Simple root Epp1 ~ A|E;|1-618
Newton-Raphson Simple root Ep1 ™ A|E?
Accelerated Multiple root Epey = A|Eg?
Newton-Raphson

Example 2.17 {Acceleration of Convergence at a Double Root). Start with pp = 1.2
and use accelerated Newton-Raphson iteration to find the double root p = 1 of f(x) =
©—3x+2

Since M = 2, the acceleration formufa (31) becomes

flpe-)) _ Pioy +3p1 -4
F(pe-1) 3p;_, -3

Pk = pr-1—2

and we obtain the values in Table 2.8. n

Table 2.9 compares the speed of convergence of the various root-finding methods
that we have studied so far. The value of the constant A is different for each method.
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Program 2.5 (Newton-Raphson Iteration), To approximate a root of f{x) =0 |
given one initial approximation pg and using the iteration
|

F(pi—1)
=pp_ | —-———— fork=1,2 ...
Pk = Pr—1 () !

function [p0,err,k,y]l=newton(f,df,p0,delta,epsilon,max1)
#Input -~ f is the object function imput as a2 string ’f’

KA ~ df is the derivative of f input as a string ’df’

% ~ p0 is the initial approximation to a zero of £

% ~ delta is the tolerance for p0

% - epsilon is the tolerance for the function values y
% - maxl is the maximum number of iterations

%0utput ~ p0 is the Newton-Raphson approximation to the zerc
% - err is the error estimate for p0

% - k is the number of iterations

% - y is the fumction value f(p0)

for k=1:paxi

pi=pO-feval (f,p0)/feval (df,p0);

err=abs(p1-p0);

relerr=2*err/(abs(pl)+delta);

po=pl;

y=feval (f,p0);

if (err<delta)!{(relerr<delta)! (abs(y)<epsilon),break,end
end

Program 2.6 (Secant Method). To approximate a root of f(x) = 0 given twom‘
initial approximations po and p; and using the iteration ,

-

FP (e — be-1)
) — Flpe)

function [pl,err,k,y]=secant(f,pl,pl,delta,epsilon,maxl)
%Input - f is the object functiocn input as a string ’f’

Pk41 = Pk — for k=1, 2, ...

% - p0 and pl are the initial approximations to a Zero
% - delta is the tolerance for pl

4 - epsilon i8 the tolerance for the function values y
% - maxl is the maximum number of iteratiomns

%0utput - pl is the secant method approximation to the zero
% - err is the error estimate for pi

3 - k is the number of iterations

% - y ie the function value f(pl)

for k=1:maxl
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p2=pi-feval (f,p1)*(pl-p0}/(feval(f,pi)-feval(f,p0));
err=abs (p2-pl);

relerr=2+err/ (abs(p2)+delta);

pO=p1;

pl=p2;

y=feval (f,pl};

if (err<delta)]|(relerr<delta)| (abs(y)<epsilon),break,end

end

Exercises for Newton-Raphson and Secant Methods

For problems involving calculations, you can use either a calculator or computer.

1. Let f(x) =x2—x42
(a) Find the Newton-Raphson formula py = g(pi-1).
(b) Start with pg = —1.5 and find py, p3, and p3.

2. Let f(x)=x2—x-3.
(a) Find the Newton-Raphson formula piy = g(pr—i).
{b) Start with pp = 1.6 and find p;, p2, and p3.
{¢) Start with pgp = 0.0 and find p|, p2, p3, and ps. What do you conjecture about

this sequence?

3. Let f(x) = (x ~ 2)*.
(a) Find the Newton-Raphson formula py = g(pe—1)-
(b) Start with pp = 2.1 and find py, p2. p3, and pa.
(¢) Isthe sequence converging quadratically or linearly?

4, Let f(x) =x>—3x —2.
(a) Find the Newton-Raphson formula py = g(px—1).
{h) Start with pp = 2.1 and find p;, p», p3, and p4.
(¢} Is the sequence converging quadratically or linearly?

3. Consider the function f(x) = cos{x).
(a) Find the Newton-Raphson formula p; = g{pe-1).
(b) We want to find the root p = 37/2. Can we use pp = 37 Why?
(®&) We want to find the root p = 37/2. Can we use pg = 57 Why?

6. Consider the function f(x) = arctan(x).
(a) Find the Newton-Raphson formula px = g(pr-1).
(b} If po = 1.0, then find p), p2, p3. and ps. What is lima 00 pi?
(®) If pg = 2.0, then find p), pa, p3, and ps. What is limp 00 px?
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7. Consider the function f(x} = xe™*.
{a) Find the Newton-Raphson formula p; = g(px—1).
(b) If pg = 0.2, then find py, p2, p3, and ps. What is lim, o0 p?
(¢) If pp =20, then find p(, p2, p3. and ps. What is limy,—, oo Px?
(d) What is the value of f(p4) in part (c)?
In Exercises 8 through 10, use the secant method and formula (27) and compute the nevt
two iterates p2 and p3.
8. Let f(x) = x% —2x — 1. Start with pp = 2.6 and p; = 2.5.
9, Let f(x) =27 — x — 3. Start with pg = 1.7 and p; = 1.67.
10. Let f(x) = x* — x + 2. Start with pg = ~1.5and p; = —1.52.
11. Cube-root algorithm. Start with f(x) = x> — A, where A is any real number, and
derive the recursive formula

2pk—1+ A/p?
AR L T

12. Consider f(x) = x¥ — A, where N is a positive integer.
(a) What real values are the solution to f(x) = 0 for the various choices of N and
A that can arise?
(b) Derive the recursive formula

(N =Dpe +A/p)

" for k=1, 2, ....

Pk

for finding the ANth root of A.
13. Can Newton-Raphson iteration be used to solve f(x) = 0 if f(x) = x% — 14x + 507
Why?
14. Can Newton-Raphson iteration be used to solve f(x) = 0 if f(x) = x'/37 Why?
15. Can Newton-Raphson iteration be used to solve f(x) = 0if f(x) = (x — 3)!/%2 and
the starting value is pg = 47 Why?
16. Establish the limit of the sequence in (11).

17. Prove that the sequence {px} in equation (4) of Theorem 2.5 converges to p. Use the
following steps.
{a) Show thatif p is a fixed point of g(x} in equation (5) then p is a zero of f(x).
(b) If pisazeroof f(x)and f'(p) # 0, show that g’(p) = 0. Use part (b) and
Theorem 2.3 to show that the sequence { px} in equation (4) converges to p.
18. Prove equation (23) of Theorem 2.6. Use the following steps. By Theorem 1.11, we
can expand f(x) about x = py to get

1
Fxy= fp)+ F(p)(x — p) + 51"t = ).
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Since p is a zero of f(x), we set x = p and obtain

5 1 "
0= fp)+ f' (P — po) + 5 ey - pe)’.

(a) Now assume that f'(x) 5 0 for all x near the root p. Use the facts given above
and f'(pg) # O to show that

flp)  —f"(ex)

flpwy  2f(pr)

(b) Assume that f'(x) and f”(x} do not change too rapidly so that we can use th.
approximations f'(pi) = f'(p)and f"(ck) = f"(p). Now use part (a) to got

~f"(p) 2

L g

2f'(p) ¥

p—pi+ (p~ pu)*.

o~

Epyr =

19. Suppose that A is a positive real number.

(a) Show that A has the representation A = g x 22", where 1/4 < g < l and m 15
an integer.

(h) Use part (a) to show that the square root is A2 = ¢!/ x 2. Remark. Let
po = (2q + 1}/3, where 1/4 < g < 1, and use Newton's formula {11). After
three iterations, p3 will be an approximation to ¢!/2 with a precision of 24
binary digits. This is the algorithm that is often used in the computer’s hardware
10 compute square roots.

20. (a) Show that formula (27) for the secant methed is algebraically equivalent to
_ Pt f(p0) — pef(pe-1)
flpey = F(pi-1)
(b) Explain why loss of significance in subtraction makes this formula inferior for
computational purposes to the one given in formula (27).
21. Suppose that p is a root of order M = 2 for f(x) = 0. Prove that the accelerated
Newton-Raphson iteration

Pr+1

Pk = Pr-1— 2/ (pe)
B S(pe-1)
converges quadratically (see Exercise 18).

22. Halley’s method is another way to speed up convergence of Newton’s method. The
Halley iteration formula is

" -]
g(x) =x — f(x) (1 fFf (x)) .

N 2000

The term in brackets is the modification of the Newton-Raphson formula. Halley's

method will yield cubic convergence (R = 3) at simple zeros of f(x).

{a) Start with f(x) = x®> — A and find Halley’s iteration formula g(x) for find-
ing v/A. Use pg = 2 to approximate /5 and compute p;, pa, and ps.
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23.

24.

(b} Start with f(x) = x* — 3x + 2 and find Halley’s iteration formula g(x). Use
po = —2.4 and compute pi, p2, and p3.

A modified Newton-Raphson method for multiple roots. If p is a root of multiplic-

ity M, then f(x) = (x — p)™q(x), where 4(p) # 0.

(a) Show that A(x) = f(x)/f'(x) has a simple root at p.

(b) Show that when the Newton-Raphson method is applied to finding the simple
root p of h{x) we get g(x) = x — h(x)/h’(x), which becomes

f&x)f'(x)
(f/(x)? — FX)F7(x)

gl =x —

(c) The iteration using g(x) in part (b) converges quadratically to p. Explain why
this happens.

(d) Zero is a root of multiplicity 3 for the function f(x) = sin(x?). Start with
po = 1 and compute p|, pz, and p3 using the modified Newton-Raphson
method.

Supposc that an iterative method for solving f(x) = 0 produces the following four
consecutive error terms (see Example 2.11): Eg = 0.400000, £, = 0.043797, E; =
0.000062, and E3 = 0.000000. Estimate the asymptotic error constant A and the
order of convergence R of the sequence generated by the iterative method.

Algorithms and Programs

1.

el

Modify Programs 2.5 and 2.6 to display an appropriate error message when (i) di-
vision by zero occurs in (4) or (27), respectively, or (ii) the maximum number of
iterations, max1, is exceeded.

. Tt is often instructive to display the terms in the sequences generated by (4) and (27)

{i.e., the second column of Tabie 2.4). Modify Programs 2.5 and 2.6 to display the
sequences generated by (4) and (27), respectively.

. Modify Program 2.5 to use Newton’s square-root algorithm to approximate each of

the following square roots to 10 decimal places.

(@) Start with pp = 3 and approximate /8.

(b) Start with po = 10 and approximate JOT1.

(¢) Start with pgp = —3 and approximate -3

Modify Program 2.5 to use the cube-root algorithm in Exercise 11 to approximate
each of the following cube roots to 10 decimal places.

{a) Start with pp = 2 and approximate 71/3.,

(b) Start with gy = 6 and approximate 200'/3.

{c) Start with pg = —2 and approximate (~7)!/3.
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5. Modify Program 2.5 to use the accelerated Newton-Raphson algorithm in Thea-

rem 2.7 to find the root p of order M of each of the following functions.
@ f)=x-2%M=5 p=2;start with pp = 1.

(b) f(x) =sin(x), M = 3, p = 0; start with py = 1.

© fy=k-Dn(x),M =2, p=1;start with py =2.

Modify Program 2.5 to use Halley’s method in Exercise 22 1o find the simple zero of
fx) =x% - 3x + 2 using pp = 2.4,

. Suppose that the equations of motion for a projectile are

¥ = f{r) = 9600(1 — e~*/'%) — 480¢
X = r(t) = 2400(1 — e~1/15).

(a) Find the clapsed time unti! impact accurate to 10 decimal places.

(h) TFind the range accurate to 10 decimal places.

. (@) Find the point on the parabola y = x? that is closest to the point (3, 1) accurate

16.

to 10 decimal places.

(b) Find the point on the graph of y = sin(x — sin(x)) that is closest to the point
(2.1,0.5) accurate to 10 decimal places.

(c} Find the value of x at which the minimum vertical distance between the graphs
of fix) = 22 42 and g{x) = (x/5) — sin(x) occurs accurate to 10 decimal
places,

» An open-top box is constructed from a rectangular piece of sheet metal measuring 10

by 16 inches. Squares of what size (accurate 10 0.000000001 inch) showld be cut from
the corners if the volume of the box is to be 100 cubic inches?

A catenary is the curve formed by a hanging cable. Assume that the lowest point is
(0, 0); then the formula for the catenary is y = C cosh(x/C) — C. To determine the
catenary that goes through (ta, b) we must solve the equation & = C cosh{a/C) -C
for C.

(#) Show that the catenary through (£10,6) is y = 9.1889 cosh(x/9.1889) —
9.1889.

(h) Find the catenary that passes through (+12, 5).
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2.5 Aitken’s Process and Steffensen’s and Muller’s

Methods (Optional)

In Section 2.4 we saw that Newton's method converged slowly at a multiple root and
the sequence of iterates {p} exhibited linear convergence. Theorem 2.7 showed how
to speed up convergence, but it depends on knowing the order of the root in advance.

Aitken’s Process

A technique called Aitken’s A? process can be used to speed up convergence of any
sequence that is linearly convergent. In order to proceed, we will need a definition.

Definition 2.6. Given the sequence { p,,}siﬂ, define the forward difference Ap, by

(1) Apy = pnt1—pn for n = 0.
Higher powers A* p,, are defined recursively by
@ Afpy = A" N(Apy) for k=2, A

Theorem 2.8 (Aitken’s Acceleration). Assume that the sequence {pa)3°, con-
verges linearly to the limit p and that p — p, # O for all n > 0. If there exists a
real number A with JA| < 1 such that

3) lim B Pret _ 4,
n=00 " p— P

then the sequence {ga}5, defined by

(Apn)? R (Pnsi — pn)?
Azpn " Pn+2 — 2Pn+1 + Pr

4) Gn = Pn —
converges to p faster than {p,}52 . in the sense that

5) lim |29

=X (P — Py

=0.

Proof. We will show how to derive formula (4) and will leave the proof of (5) as an
exercise. Since the terms in (3) are approaching a limit, we can write

(6) PPl o and 2222 04 when is large
P — Pn P = Pnsl

The relations in (6) imply that

(7 (P — pns1)? (P — i) (P~ pn).
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Table 2.10  Linearly Convergent Sequence {py}

En
En =1
0.606530660 0.039387369 | —0.586616609
0.545239212 —(0.021904079 —0.556119357
0.579703095 0.012559805 —0.573400269
0.560064628 | —0.007078663 | —0.563596551
0.571172149 0.004028859 —0.569155345
0.564862947 —0.002280343 —0.566002341

Pn En=pn—p Ap =

X

Lo L P

Table 2.11 Derived Sequence {g,} Using

Aitken’s Process

n an n—p

1 0.567298989 0.000155699
2 0.567193142 0.000049852
3 0.567159364 0.000016074
4 0.567148453 0.000005163
5 0.567144952 0.000001662
6 0.567143825 0.000000534

When both sides of (7) are expanded and the terms p? are canceled, the result is

? Pnt2Pn — P,2,+1
Prn+2 — 2Pn+1 + Pr

The formula in (8) is used to define the term g,. It can be rearranged algebraically to
obtain formula (4), which has less error propagation when computer calculations are
made. .

(8) =g, forn=0,1,....

Example 2.18. Show that the sequence {p,} in Example 2.2 exhibits linear convergence,
and show that the sequence {g,} obtained by Aitken’s A2 process converges faster.

The sequence {p,} was obtained by fixed-point iteration using the function g(x) =
&% and sfarting with pyp = 0.5. After convergence has been achieved, the limit is P =
0.567143290. The values p, and g, are given in Tables 2.10 and 2.11. For illustration, the
value of g;is given by the calculation

1= p1— (p2 - p1)?
P—2p+p
_ 2
= 0.606530660 — M = (,567298989, ]
0.095755331
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y=fx
@ flp)

[ PR

§N
b
)
T

T

1
1
'
j
T
Py Py
t=#h

.‘
U}
=]
-~
;]
~

Figure 2.}7 The starting approximations pg, p;, and p; for Muller’s method, and the
differences kg and 4.

Although the sequence {g,} in Table 2.11 converges linearly, it converges faster
than {p,} in the sense of Theorem 2.8, and usuvally Aitken’s method gives a better
improvement than this. When Aitken’s process is combined with fixed-point iteration.
the result is called Steffensen’s acceleration. The details are given in Program 2.7 and
in the exercises.

Muller’s Method

Muller’s method is a generalization of the secant method, in the sense that it doe-
not require the derivative of the function. It is an iterative method that requires thre.
starting peints {po, f(po)), {1, f(p1)), and (pz2, f(p2)). A parabola is constructe.
that passes through the three points; then the quadratic formula is used to find a roct
of the quadratic for the next approximation. It has been proved that near a simpl.
root Muller’s method converges faster than the secant method and almost as fast a-
Newton’s method. The method can be used to find real or complex zeros of a function
and can be programmed to use complex arithmetic.

Without loss of generality, we assume that p» is the best approximation to th.
root and consider the parabola through the three starting values, shown in Figure 2,17
Make the change of variable

9 t=x—pa,

and use the difference

{(10) ho=po—pz and Ay;=p—p2
Consider the quadratic polynomial involving the variable ¢:

(11) y=at’+bt+c.

SEC. 2.5 AITKEN’S PROCESS AND STEFFENSEN’S AND MULLER’S METHODS 93

Each point is used to obtain an equation involving a, b, and ¢:
At 1 = hy: ah%+bho+c=fo,

(12) Att=hy  ah+bhyte=fi,
At 1 =0 al® +b0 +c= fr

From the third equation in (12), we see that

(13) c= fa

Substituting (13) into the first two equations in (12) and using the definition ep = f~c
and e; = f1 — ¢ results in the linear system

aﬁg+6ﬁ0=ﬁ)—c=eo,

(14}
ah%+bh1 = fi—c=ey.

Solving the linear system for a and ¥ results in

_ eohy —erhy
hihd — hoh}

15
(1) _ e;h%—eoh%

B hlh(z) — hoh? '
The quadratic formula is used to find the roots ¢ = z3, zz of (11):

-2c
b+ B2 —dac

Formula (16) is equivalent to the standard formula for the roots of a quadratic and is
better in this case because we know that c = f.

To ensure stability of the method, we choose the root in (16) that has the smallest
absolute value. If b > 0, use the positive sign with the square root, and if & < 0, use
the negative sign. Then p3 is shown in Figure 2.17 and is given by

(16) 7=

(17 p=p+e

To update the iterates, choose po and p; to be the two values selected from among
{pa. p1, p3} that lie closest to ps (i.e., throw out the one that is farthest away). Then re-
place phlwith p;3, Although a lot of auxiliary calculations are done in Muller’s method,
it only requites one function evaluation per iteration.

If Muller’s method is used to find the real roots of f(x) = 0, it is possible that
one may encounter complex approximations, because the roots of the quadratic in (16)
might be complex (nonzero imaginary components). In these cases the imaginary com-
ponents will have a small magnitude and can be set equal to zero so that the calculations
proceed with real numbers.
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Table 2.12 Comparison of Convergences near a Simple Root

Secant Muller’s Newton’s Steffensen
k method method method with Newton
0 —2.600000000 —2.600000000 =2.400000000 —2.400000000
1 —2.400000000 —2.500000000 —2.076190476 —2.076190476
2 —2, 106598985 —2.,400000000 —2.003596011 —2.003596011
3. —2.022641412 —1.985275287 —2.000008589 —1.982618143
4 —-2.001511098 —2.000334062 —2.000000000 ~2.000204982
5 —2.000022537 —2.000000218 —2.000000028
6 —2.000000022 ~2.000000000 —2.000002389
7 —2.000000000 —2.000000000
Comparison of Methods

Steffensen’s method can be used together with the Newton-Raphson fixed-point func-
tion g(x) = x = f(x)/f'(x). In the next two examples we look at the roots of
the polynomial f(x) = x? = 3x + 2. The Newton-Raphson function is g(x) =
(2x3 — 2)/(3x2 ~ 3). When this function is used in Program 2.7, we get the calcula-
tions under the heading Steffensen with Newton in Tables 2.12 and 2.13. For example,
starting with pp = —2.4, we would compute

(18) p1 = g(po) = —2.076190476,
and
(19) p2 = g(p1) = —2.003596011.

Then Aitken’s improvement will give p3 = —1.982618143.

Example 2.19 (Convergence near a Simple Root). This is a comparison of methods
for the function f(x)} = x> — 3x + 2 near the simple root p = —2.

Newton's method and the secant method for this function were given in Examples 2,14
and 2.16, respectively. Table 2.12 provides a summary of calculations for the methods. =

Example 2.20 (Convergence near a Double Root). This is a comparison of the methods
for the function f(x) = x* — 3x + 2 near the double root p = 1. Table 2.13 provides u
summary of calculations. =

Newton’s method is the best choice for finding a simple root (see Table 2.12). AT ..
double root, either Muller’s method or Steffensen’s method with the Newton-Raphson
formula is a good choice (see Table 2.13). Note in the Aitken’s acceleration formula (4
that division by zero can occur as the sequence {p;} converges, In this case, the las
caiculated approximation to zero should be used as the approximation to the zero of .
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Table 2.13 Comparison of Convergence Near a Double Root

Secant Muller’s Newton's Steffensen

k method method method with Newton
0 1.400000000 1.400000000 1.200000000 1.200000000
i 1.200000000 1.300000000 1.103030303 1103030303
2 1.138461538 1.200000000 1.052356417 1.052356417
3 1.083873738 1.003076923 1.026400814 0.996890433
4 1.053093854 1.003838922 1,013257734 0.998446023
5 1.032853156 1.000027140 1.006643418 0.999223213
6 1.020429426 0.999997914 1.003325375 0.999999193
T 1.012648627 0.999999747 1.001663607 0.999999597
8 1.007832124 1.000000000 1.000832034 0.999995793
L]

1.004844757 1.000416075 0.999999999

In the following program the sequence {py}, generated by Steffensen’s method
with the Newton-Raphson formula, is stored in a matrix ¢ that has max1 rows and
three columns. The first column of @ contains the initial approximation to the root,
po, and the terms p3, pe, - .., Pa, - - . generated by Aitken’s acceleration method (4).
The second and third columns of ( contain the terms generated by Newton's method.
The stopping criteria in the program are based on the difference between consecutive
terms from the first column of Q.

Program 2.7 (Steffensen’s Acceleration). To quickly find a solution of the fixed-
point equation x = g(x) given an initial approximation pg; where it is assumed
that both g(x) and g'(x} are continuous, |g’(xJ} < |, and that ordinary fixed-point
iteration converges slowly (linearly) o p. 1

function [p,Q]l=steff(f,df,p0,delta,epsilon,max1)
#loput - f is the object function input as a string ’f’

% - df is the derivative of f input as a string ‘df’

% - p0 is the initial approximation to a zero of f

% - delta is the tolerapce for p¢

% - epsilon is the tolerance for the function values y
4 - maxl is the maximum number of iterations

%0utput - p is the Steffensen approximatijon to the zero

% - @ is the matrix containing the Steffensen saquence
%Initialize the matrix R

B=zeros(max1,3):

R(1,1)=p0;
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for k=1:max1l
for j=2:3

YDencminator in Newton-Raphson method is calculated
nrdenom=feval(df,R(k,j-1)};

ACalculate Newton-Raphson approximations

if nrdenom==0
’division by zero in Newton-Raphson method’
break

else
R(k,j)=R(k,j-1)-feval(f,R{k,j-1)}/nrdenom;
end

%Denominator in Aitken’s Acceleration process calculate
aadenon=R(k,3)-2*R(k,2)+R(k,1);

“%Calculate Aitken’s Acceleration approximations

if aadenom=={)
’division by zero in Aitken’s Acceleration’

break
else
R(k+1,1)=R(k,1)-(R(k,2)-R(k,1))"2/aadenon;
and

end

%End program if division by zero occurredi
:f (nrdencm==0) | (aadenom==0)

break

and

%Stopping criteria are evaluated
err=abs (R{k,1)-R{k+1,1));
relerr=err/{abs{R(k+1,1})+delta),;
y=feval (f ,R(k+1,1}];

end

1f (err<delta) | (relerr<delta) i (y<epsilon}

% p and the matrix J are determined
p=R{k+1,1);

Q=R{.:k+1,:];

breax

end
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' Program 2.8 (Muller’s Method). To find a root of the equation f(x) = 0 given

three distinct initial approximations pg. p), and pa.

fucction [p,y,err]=muller(f,p0,pl,p2,delta epsilon,raxi)
%Input - f is the object function input as 2 mtring 'f°

% - p0, pl, and p2 are the initial approximations

% - delta is the tolerance for p0, pi, and p2

pA - epsilon the the tolerance for the function values y
% - maxl is the maximum number of iteratioms

%0utput - p is the Muller approximation to the zero of f

Z - y is the, function value y = f(p)

% - err is the error in the approximation of p.

%Initi1alize the matrices P and Y
P={p0 p1 p2];

Y=feval (f,P);

#Calculate a and b in formula {(15)
for k=1:maxl

h0=P(1}~P(3) ;a1=P (2] -P(3) ;e0=Y(1)-Y(3) ;a1=Y(2)~Y¥(3) ;c=Y(3);

denom=h1#*h0~2-h0*h1°2;
a={a0*hi-ei1*h0) /denon;
b=(el1*h0"2-e0+*h1"2) /denom;
%Suppress any complex roots
if bT2-4maxc > (
digc=sqrt (b~ 2-4%a*c);
elsa
disc=0;
end
%Find the smallest root of (17}
ifbc<0
disc=-disc;
end
z=-2#c/ (b+disc);
p=P(3)+z;
%Sort the entries of P to find the two closest to p
if abs(p-P(2))<abs{p-P(1))
WP (2) P(1y P(3)]1;
P=Q;
y=feval(f,P’;
end
if abs(p-P(3))<abs(p-P(2))
R=[P(1) P{3) P(2)];
P=R;
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=feval (f,P);

end

%Replace the entry of P that was farthest from p with p

P(3)=p;

Y(3) = feval(f,P(3));

y=Y(3);

%Determine stopping criteria

err=abs(z);

relerr=err/(abs(p)+delta);

if (err<delta)|({relerr<delta)|{abs(y)<epsilon)
break

end

end

Exercises for Aitken’s, Steffensen’s, and Mulier’s Methods

1. Find Ap,, where

(a}) p.=35 (b) pn=6n+2 © pa=nn+1)
2. Let pn = 2n* + 1. Find A* pp,, where
(a) k=2 by k=3 () k=4

3. Let p, = 1/2". Show that g, = 0 for all n, where g, is given by formula (4).

4, Let py, = 1/n. Show that g, = 1/(2r 4 2) for all n; hence there is little acceleration
of convergence. Does { p,} converge to 0 linearly? Why?

5. Let p, = 1/(2" — 1). Show that g, = 1/ (4"+! — 1) for all n.

6. The sequence p, = 1/(4” + 47"} converges linearly to . Use Aitken’s formula (4)
to find g1, ¢2,and g3, and hence speed up the convergence.

Pn 4
0.5 —0.26437542
0.23529412
0.06225681
0.01562119
0.00390619
0.00097656

Lhi B W =S 3

7. The sequence { p,} generated by fixed-point iteration starting with pgp = 2.5 and using
the function g(x) = (6 + x)'/2 converges linearly to p = 3. Use Aitken’s formula
{(4) to find g3, g2, and g3, and hence speed up the convergence.
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8. The sequence {p,} generated by fixed-point iteration, starting with py = 3.14, and
using the function g(x) = In(x) + 2 converges linearly to p =~ 3.1419322. Use
Aitken’s formula (4) to find gy, g2, and g3, and hence speed up the convergence.

9. For the equation cos(x) — I = 0, the Newton-Raphson function is glx)=x—-(1-—
cos(x))/ sin(x) = x — tan(x/2). Use Steffensen’s algorithm with g(x) and start with
Po=0.5, and find p1, py, and p3; then find p4, ps, and psg.

10. Convergence of series. Aitken's method can be used to speed up the convergence of
a series. If the nth partial sum of the series is

n
Sn = Z Ay,
k=1
show that the derived series using Aitken’s method is

2
An+l

Th= 8 + —FF——.
" An+1 —An+2

In Exercises 11 through 14, apply Aitken’s method and the results of Exercise 10 to speed
up the convergence of the series.

11. S, = 37_,(0.99)¢

12, 5 = T4 gper

13. 8, = Yooy 5

15 = Xl

15. Use Muller’s method to find the root of f(x) = x3 — x — 2. Start with py = 1.0,
p1=12,and p; = 1.4 and find p3, ps, and ps.

16. Use Muller’s method to find the root of f(x) = 4x% — ¢*. Stant with pp = 4.0,
p1=4.1,and pz = 4.2 and find p3, pa, and ps.

17. Let {pn} and {g.] be any two sequences of real numbers. Show that
(@ A(pa+gn) = Apn+ Agn
(b)  A(Pngn) = pryi Agn + gn APn

18. Start with formula (8), add the terms pa+2 and — p,. to the right side, and show that
an equivalent formula is

(Pn42 — pn-i-l)2

P = pny2 — =
pn Prn42 — 2ppii + pa "

19. Assume that the error in an iteration process satisfies the relation En.y1 = KE, for
some constant X and [K| < 1.
(a} Find an expression for E,, that involves Ep, K, and n.
(b) Find an expression for the smallest integer N so that [Ey| < 1078,
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Algorithms and Programs
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Use Steffensen’s method with the initial approximation pg = 0.5 to approximate the
zero of f(x) = x — sin{x) accurate to 10 decimal places.

Use Steffensen’s method with the initial approximation pg = 0.5 to approximate the
zero of f(x) = sin(x?) closest to 0.5 accurate to 10 decimal places.

Use Muller’s method with the initial approximations pg = 1.5, p; = 1.4, and
p2 = 1.3 to find a zero of f(x) = 1 + 2x — tan(x) accurate to 12 decimal places.

In Program 2.8 (Muller’s method} a 1 x 3 matrix P is initiatized with pg, p1, and p;.
Then at the end of the loop, one of the values pp, p1, or p2 is replaced with the new
approximation to the zero. This process is continued until the stopping criteria are
satisfied, say at k = K. Modify Program 2.8 so that, in addition to p and err, a
(K + 1) x 3 matrix @ is produced such that the first row of @ contains the 1 x 3
matrix P with the initial approximations to the zero, and the kth row of @ contains
the kth set of three approximations to the zero.

Use this modification of Program 2.8 with the initial approximations pp = 2.4,
p1 = 2.3, and p» = 2.2 to find a zero of f(x} = 3cos(x) + 2sin(x) accurate to
8 decimal places.

LA |

The Solution of Linear Systems
AX =B

Three planes form the boundary of a solid in the first octant, which is shown in Fig-
ure 3.1. Suppose that the equations for these planes are

Sx+y+z=5
x+4y+z=4
x+y+3z=3.

What are the coordinates of the point of intersection of the three planes? Gaussian
elimination can be used to find the solution of the linear system

x=076, y=068 and z=0.352.

In this chapter we develop numerical methods for solving systems of linear equations.

Introduction to Vectors and Matrices

A real N-dimensional vector X is an ordered set of N real numbers and is usually
written in the coordinate form
(4] X=(x1,x20....x5).

I_ier‘e the numbers x|, x2, ..., and xy are called the components of X. The set con-
sisting of all N-dimensional vectors is called N-dimensional space. When a vector is
used to denote a point or position in space, it is called a posifion vector, When it is

101
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0.0

1.0

0.5

0.0

Y 1.0

Figure 3.1 The intersection of three planes

used to denote a movement between two points in space, it is called a displacement

vector. .
Let another vectorbe ¥ = (y1, y2, ..., yn). The two vectors X and ¥ are said to

be equal if and only if each corresponding coordinate is the same; that is,

(2} X=Y ifandonlyif x;=y; forj=1,2 ..., N.

The sum of the vectors X and ¥ is computed component by component, using the
definition

3 X+Y=&1+y,x2+y2..., x5 +¥N).

The negative of the vector X is obtained by replacing each coordinate with its
negative:

4 =X = (—x), —Xx2...., —xN).
The difference ¥ — X is formed by taking the difference in each coordinate:

'®) Y—X=(yn—x,y2—x.....y8—xn)
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Vectors in N-dimensional space obey the algebraic property
(6) Y- X=Y+(-X)

If ¢ is a real number (scalar), we define scalar multiplication c X as follows:
(M cX ={cxy,cxz,...,cxn).

If c and d are scalars, then the weighted sum c¢X + dY is called a linear combina-
tion of X and ¥, and we write

(8) cX +dY = (cxy +dy, cxa+dyy, ... exy + dyn).

The dot product of the two vectors X and Y is a scalar quantity (real number)
defined by the equation

%) X Y=xiyi+xy2+--+xuyn.
The norm (or length) of the vector X is defined by
(10) IXN = + x5+ + 2272,

Equation (10) is referred to as the Euclidean norm (or length) of the vector X.
Scalar multiplication cX stretches the vector X when el > 1 and shrinks the
vector when Je| < 1. This is shown by using equation (10):
leX || = (czjncl2 + czxf +- -+ czxi,)m
= |e)(x? +xi 4. +xi)172 = el x).
An important relationship exists between the dot product and norm of a vector. If

both sides of equation (10) are squared and equation (9) is used, with ¥ being replaced
with X, we have

an

(12) IXP=xt+xd+--+x3 =X X.
If X and ¥ are position vectors that locate the two points (xy, xa,...,xy) and
(. y2, ..., yn) in N-dimensional space, then the displacement vector from X to Y

is given by the difference
{13) Y- X  (displacement from position X to position ).

Notice that if a particle starts at the position X and moves through the displacement
¥ — X, its new position is ¥. This can be obtained by the following vector sum:

a) ), Y=X+(-X).
Using equations (10) and (13), we can write down the formula for the distance
between two points in N-space.
1/2
A5 0¥ =XN= (01 =20 + G-+ 4 Gy —xw))

When the distance between points is computed using formula (15), we say that the
point§ lie in N-dimensional Euclidean space.
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Example 3.1. LetX = (2 3,5, —1)and Y = (6, 1, 2, —4). The concepts mentioned
above are now illustrated for vectors in 4-space.

Sum X+Y=(8,-27 -5

Difference X-Y=(-4-4373)

Scalar multiple 3X =(6,-9,15,-3)

Length IXl = @+9+25+ 172 =392
Dot product X Y=12-3+10+4=23

Y-X=044,-3-3

Displacement from X to ¥
¥ —X|=(16+16+9+912=50!/? u

Distance from X to ¥

It is sometimes useful to write vectors as columns instead of rows. For example,

Xi Y1

X2 ¥z
(16} X=1. and Y =

XN YN

Then the linear combination cX +dY is

cx1 + dy;

cx2+dys
(17 cX +dY = .

cxy +dyn

By choosing ¢ and & appropriately in equation (17), we have the sum 1X + 1Y,
the difference 1X — 1Y, and the scalar multiple ¢ X + 0Y. We use the superscript ",
for transpose to indicate that a row vector should be converted to a column vector, and
vice versa.

X x|
X2 X7

(18) (xx2, o, xn) =1 . and T = poxae o xN).
XN XN

The set of vectors has a zero element 0, which is defined by
(19) 0=(0,0,...,0).

Theerem 3.1 (Vector Algebra). Suppose that X, ¥, and Z are N-dimensional vec-
tors and g and b are scalars (real numbers). The following properties of vector addition
and scalar multiplication hold:

(200 Y+X=X+Y commutative property
21y 0+ X=X+0 additive identity
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22y X-X=X+(-X)=0 additive inverse

23) X+N+Z=X+F+2) associative property

£24) (a+b)X =aX +bX distributive property for scalars
(25) a(X+Y)=aX +a¥ distributive property for vectors
(26) a(bX) = (ab)X associative property for scalars

Matrices and Two-dimensional Arrays

A matrix is a rectangular array of numbers that is arranged systematically in rows and
columns, A matrix having M rows and N columns is calledan M x N (read “M by N™)
matrix. The capital letter A denotes a matrix, and the lowercase subscripted letter a;,
denotes one of the numbers forming the matrix. We write

27N A=lajluxn for I =i=M1=<j<N,

where g;; is the number in location (i, j) (i.e., stored in the ith row and jth column
of the matrix). We refer to a;; as the element in location (i, ). In expanded form we
write

ajy 4y v aij o dIN
azy 4 e azj s 42N
(28) . ) ' ' ) =A.
rowiI — | a a2 - aij cer N
LaMm1 am2 - am; Tt AMN |
1
column j

The rows of the M x N matrix A are N-dimensional vectors:
29 V:i=(a;i.ai2,....4in) fori=1,2, ..., M.

The row vectors in (29) can also be viewed as | x N matrices. Here we have sliced
the M x N matrix A into M pieces (submatrices) that are | x N matrices.
In this case we could express A as an M x 1 matrix consisting of the 1 x N row
matrices V;; that is,
v,
Va2
r

Vu
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Similarly, the columns of the M x N matrix A are M x | matrices:

"““ P’U [ain ]

az] azj an
Bh o= L . =l L en=

ai1 / a;j ' ¥ ain

LM | | aMj | _aMN_J

In this case we could express A asa I x N matrix consisting of the M x 1 column
matrices C;:

(32) A=[C: 2 - €; - Cy].

Example 3.2, identify the row and column matrices associated with the 4 x 3 matrix

-2 4 9
T
A= 9 -3 3

-4 6 -5

The fourrow matricesare Vi = [-2 4 9], V2=[5 -7 1] V3=[0 -3 8],
and V4 =[-4 6 —5]. The three column matrices are

—2 4 9
5 -7 1
C) = ol Ca= _3 and C3= 8
-4 6 -5
Notice how A can be represented with these matrices:
Vi
1 %4
A= Vi =[C) € C 3]. L]
Va4

Let A = _[a,-j] pmxy ad B = [b;] Mxn D€ two matrices of the same dimension.
The two matrices A and B are said to be equal if and only if each corresponding
element is the same; that is,

(33) A=R8 if and only if aij=0b; forl<i<M l<j<N.

The sum of the two M x N matrices A and B is computed element by element,
using the definition

(34) A+B=[aij+bij]MxN for I<i<M, l<j<N
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The negative of the matrix A is obtained by replacing each element with its nega-
tive:’
(35) —A={-ajly,,y forl<i<M l<j=<N.

The difference A — B is formed by taking the difference of corresponding coordi-
nates:

(36) A—B=l[a;—bijly,y forl<isM 1<j<N
If ¢ is a real number (scalar), we define scalar multiplication c A as follows:
(37 cA=[ca;jlyy forl<isM 1<j<N

If p and g are scalars, the weighted sum pA + g B is called a linear combination
of the matrices A and B, and we write

(38) PA+gB ={pajj+qbjly,y forlsi<M l<j<N
The zero matrix of order M x N consists of all zeros:
(3% 0= [O)prxn-

Example 3.3. Find the scalar multiples 24 and 3 8 and the linear combination 24 — 38

for the matrices
-1 2 [—2 3
A= 7 5 and B = 1 —4].
3 —4 | —9 7
Using formula (37), we obtain

-2 4 [ -6 9
2A= |14 10| and 3B=| 3 -12|.

6 -8 |-27 21

The linear combination 24 — 3 B is now found:

—2+6 4-9 4 -5
24-3B=1|14-3 10+12|=|11 22].

6+27 —8-21 33 -29 -

Theorem 3.2 (Matrix Addition). Suppose that A, B, and C are M x N matrices
and p and g are scalars. The following properties of matrix addition and scalar multi-

plication hold:

40) B+A=A+B commutative property

(41) 0+A=A+0 additive identity

42) A—-A=A+(-A)y=0 additive inverse

43) (A+B)+C=A+(B+C) associative property

44) (p+q)A=pA+gA distributive property for scalars
{45) p(A+B)=pA+pB distributive property for matrices
(46) plgA) = (pg)A associative property for scalars
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Exercises for Introduction to Vectors and Matrices 6. The square matrix A of dimension N x N is said 1o be synunetric if A = A’ (see
Exercise 5 for the definition of A"). Determine whether the following square matrices

The reader is encouraged to carry out the following exercises by hand and with MATLAB. are symmetric.
1

1. Giventhe vectors X and Y, find (@) X + ¥, (b) X — ¥, ¢¢) 3X. (d) )| X[|, (e) 7¥ — 4X, 7 —; g ® (0 2 -7
XY and (g} 7Y - 4X)). ® _4 0 3 -
i X=03 -4and¥ =(-2,8)

(ii) X = (—6. 3, 2) and ¥ = (-8, 3, i (c) A= [a] ' whereai; =
i) X =4 -8, hyand¥ =(1, ~12, - I e i-ij+j i#]
(iv) X=(,-2.4,2and¥ =(3,-5,-4.O cos(if i=j

@ A= (aylnxw, where ay; = { os(if) i=j

i=j

2. Using the law of cosines, it can be shown that the angle ¢ between two vectors X and E—ij—j i#j
¥ is given by the relation 7. Prove statements (20), (24), and {25) in Theorem 3.1.
X-¥
cos(f) = ——-.
Nxyury

3.2 Properties of Vectors and Matrices

Find the angle, in radians, between the following vectors:

(a} X=(-632)and¥Y =(2,-2, 1) A lingar combination of the variables x|, x7, ..., Xy is 4 sum
—_ —_— —_ ]
(b} X =(4,~8 Land¥ =(3,4,12) () Q1X] +azxz + -~ anxw
3. Two vectors Xand ¥ are said to be orthogonal (perpendicuiar) if the angle between . ) .
them is /2. where 4;. is the coefficientof x, fork = 1,2, .... V.
A linear equation in x1, xz, ..., X is obtained by requiring the linear combination

(a) Prove that X aud ¥ are orthogoralifand only if X - ¥V = 0.
Use part (a) ro determine if the following vectors are ofthogonal.

in (1) to take on a prescribed value &; that is,

() X =(-6.4,Dand¥ = (6,58 @ Ay =Xy + - Hayan = b.
ey X=(-4.83and¥ = (2.5, 16) Systems of linear equations arise frequently, and if M equations in N unknowns
{d) X =(-5.7.Dand¥ =4, 1,6} are given, we write

(e} Find two different vectots that are orthogonal to X = (1, 2, —-5).
4. Find(a) A + B, (b) A — B, and () 34 — 2B for the matrices

aux| TanRky +-t+ainxy = b
ax| +anxy +- - tawxiy =b

(-1 9 4] -4 9 21
=i 2 =3 —6], B=| i -5 7, 3) :
‘_ b5 7J L8 1 -6 agsxy +axaxy + -+ diwan = by
5. The transpose of an M x N matrix A, denoted A', is the N x M marrix obtaned :
from A by converting the rows of A to columns of A”. Thatis, if 4 = |a,/],, . wnd AM1X| +aMIL2 + -+ aMNIN = b

A" = [byj],, 4 then the elements satisfy the relation i ) ) . )
To keep track of the different coefficients in each equation, 1t is necessary 10 use the

byy=a; for 1=isMIi=;j=<N. two ybscripts (k, j). The first subscript locates equation & and the second subscript
i ) . locates the variable x ;.
Find the transpose of the following matrices. A solution to (3) is a set of numerical values x|, x2. ..., xx that satisfies all the
-2 5 R 4 9 2 equations in {3) simulianeously. Hence a solution can be viewed as an N-dimensional
(a) _1, 3 _tlS h) |3 5 7} VECIor:
11 -3 8 816 [C))] X ={xy.x2, ..., xN)
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Example 3.4. Concrete (used for sidewatks, etc.) is a mixture of portland cement, sand,
and gravel. A distributor has three batches available for contractors. Batch 1 contains ce-
ment, sand, and gravel mixed in the proportions 1/8, 3/8, 4/8; batch 2 has the proportions
2/10,5/10, 3/10; and batch 3 has the proportions 2/5, 3/5, 0/5.

Let x1, xz, and x3 denote the amount (in cubic yards) 10 be used from each baich to
form a mixture of 10 cubic yards. Also, suppose that the mixture is to contain b; = 2.3,
b2 = 4.8, and b3 = 2.9 cubic yards of portland cement, sand, and gravel, respectively.
Then the system of linear equations of the ingredients is

0.125x) + 0.200x2 + 0.400x3 = 2.3 {cement)
(5) 0.375x; + 0.500x3 4+ 0.600x3 = 4.8 (sand)
0.500x; 4 0.300x3 + 0.000x; = 2.9  (gravel)

The solution to the linear system (5) is xy = 4, x; = 3, and x3 = 3, which can be verified
by direct substitution into the equations:

(0.125)(4) + (0.200)(3) + (0.400)(3) = 2.3

{0.373)(4) + (0.500)(3) + (0.600)(3) = 4.8

(0.500)(4) 4 (0.300)(3) + (0.000)(3) = 2.9, n

Matrix Multiplication

Definition 3.1. If A = {g;z}pyxy and B = [Brjlnxp are two matrices with the
property that A has as many columns as B has rows, then the matrix product AB is
defined to be the matrix C of dimension M x P:

(6) AB =C =[ciyly .5

where the element ¢;; of C is given by the dot product of the ith row of A and the jith
column of B:

N
@) cij = Zaikbkj =anbj +aibrj+ - +ainby;
k=1
fori=1,2,...,.Mandj=1,2,..., P. "

Example 3.5. Find the product C = A B for the following matrices, and tell why BA is

not defined.
| 2 3 15 =2 1
o I N F i

The matrix A has two columns and B has two rows, so the matrix product AB is
defined. The productofa2 x 2anda 2 x 3 matrix is a 2 x 3 matrix, Computation reveals
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that

2 NTs 2

AB:[—I 4][3 8 —]
_[ 1049 —a+24 2-18] 19 20 -16]_,
=l 5412 2432 —1-24[=| 7 34 —25]=C

When an attempt is made to form the product B4, we discover that the dimensions are
not compatible in this order because the rows of B are three-dimensional vectors and the
columns of A are two-dimensional vectors. Hence the dot product of the jth row of B and
the kth column of A is not defined. ]

If it happens that AB = BA, we say that A and B commute. Most often, even
when AB and B A are both defined, the products are not necessarily the same.

We now discuss how to use matrices to represent a linear system of equations.
The linear equations in (3) can be written as a matrix product. The coefficients a; g
are stored in a matrix A (cailed the coefficient matrix) of dimension M x N, and the
unknowns x; are stored in a matrix X of dimension N x 1. The constants by, are stored
in a matrix B of dimension M x [. It is conventional to use column matrices for both
X and B and write

ay a1 - oay - an [ LA}
ay axn - ay - @y || x2 by
(8) AX = ) i : . =1, |=8B.
a1 dkz e Gry e ok || xg by
lamy amz -0 amj o amn | Lxw by

The matrix multiplication AX = B in (8) is reminiscent of the dot product for
ordinary vectors, because each element by in B is the result obtained by taking the dot
product of row & in matrix A with the column matrix X.

Example 3.6. Express the system of linear equations (5) in Example 3.4 as a matrix
product. Use matrix multiplication 1o verify that [4 3 3]’ is the solution of (5):

0.125 0.200 0.400| | x| 2.3
e} 0.375 03500 0600 [x;|=|48].
0.500 0.300 0.000) [ x3 2.9

To verify that [4 3 3]' is the solution of (5), we must show that A[4 3 31’ =
[23 48 29]:

0.125 0.200 0400 |4 05+06+12 2.
0.375 0500 06003 =|15+15+18|=|48].
0.500 0.300 0.0004[3 20409400 2.9 n
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Some Special Matrices

The M x N matrix whose elements are all zero is called the zero matrix of dimen-
sion M x N and is denoted by

(m 0 = [0]px 5.
When the dimension 15 clear, we use 0 1o denote the zero matrix.

The identity matrix of order N is the square matrix given by

{1 Iy =1[8;)y.y Wwhere §;=

I wheni— j,
0 wheni £ j.
1t is the multiplicative identity, as illustrated in the next example.

Example 3.7. Let A be a2 x 3 matrix. Then 124 = A4 = A. Multiplication of A on
the left by T, resulis in

1 0][an aw ap|_|an+0 an+0 apn+0]_ .
0 1||an an ap| [en+0 an+0 ap+0]|"—
Multiplication of A on the right by I3 results in

[a” i 4113][(1] ? 3:|_[a;1+0-=-0 O4+ap+0 0+0-&-a13:|_A. -
2

[ -

ay an anjly o “laz +0—-0 0+axn+0 0+04a

Some properties of matrix multiplication are given in the following theorem.

Theorem 3.3 (Matrix Multiplication). Suppose that ¢ is a scalar and that A. 5.
and € are matrices such thar the indicated sums and products are defined: then

(12) (ABYC = A(BC) associativity of matrix multiplication

(13) FTA=AI— A identity matrix
(14) A(B+CY=AB+ AC left distributive property
(15) (A + BYC — AC + BC right distributive property

(16) r(AR)=(cA'B = A(cB) scalar associative property

The Inverse of a Nonsingular Matrix

The concept of an inverse applies to matrices, but special attention must be given. .\
N » N matrix A is called nonsingular or invertible if there exists an & x ¥ matrix B

such that

(17N AB=BA=1.
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If no such matrix B can be found, A4 is said to be singular. When B can be found
and (17) holds, we usually write B = A ™! and use the familiar relation

(18) AA =44 if A is nonsingular.

It is easy to show that at most one matrix B can be found that satisfies relation (17).
Suppose that € is also an inverse of A (ie., AC = CA = I). Then properties (12)
and (13) can be used to abtain

C—IC=(BAC = B(AC)=8BI =B.

Determinants
The determinant of a square matrix A is a scalar quantity (real number) and is denoted

by det(4) or |Aj. If Aisa N x N matrix

ajp a2 --- 4N
a1y 4an -+ 4IN
A = . . . +
ay| anN2 - anNwN
then it is customary to write
ay] dj2 -+ dlx !
an  ag - QA
det(4) =| .
ayy an2 - aNn

Although the notation for a determinant may look like a matrix, its properties are com-
pletely diffcrent. For one, the determinant is a scalar quantity (real number). The
definition of det(A) found in most linear algebra textbooks is not tractable for compu-
tation when N > 3. We will review how to compute determinants using the cofactor
expansion method. Evaluation of higher-order determinants is done using Gaussian
elimination and is mentioned in the body of Program 3.3.

If A _ [a;]isal x | matrix, we definc det(A) = ai;. If A = [aj;] v« . where
N > 2 then let M;; be the determinantof the ¥ | x & — 1 submatrix of A obtained
by deleting the ith row and jth column of A, The determinant M;, is said to be the
minor of a;;. The cofactor A of a;, is defined as A;; = (—1)"~/M,;. Then the
determinant of an N x AMmatrix A is given by

N
(19) det{4) = Za;,A;‘. (ith row expansion)
7=l
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or

N
(20) det(4) = Za,-jA,- ;  (jth column expansion).

i=l

Applying formaula (19), with i = 1, to the 2 x 2 matrix

a
A=) an]
a1 azn
we see that detA = a4z — arzaz;. The following example illustrates how to use

formulas (19) and (20) to recursively reduce the calculation of the determinant of an
N x N matrix to the calculation of a number of 2 x 2 determinants.

Example 3.8, Use formula (19) with i = 1 and formula (20) with j = 2 to calculate the
determinant of the matrix
2 3 8
A=]—-4 5 —14.
7 -6 9

Using formula (19) with i = 1, we obtain

det A = (2) l_g _;

—4 -1 -4 5
_(3)( 7 9I+(8)‘ 7 —6]
= ({45 - 6) — (3)(—36 + 7) + (8)(24 — 35)
=71

Using formula (20) with j = 2, we obtain

det(4) = ~(3) *“f‘, ‘;+<5){§ 2(—(—6%_1 _ﬂ

=77. [

The following theorem gives sufficient conditions for the existence and uniqueness
of solutions of the linear system AX = B for square coefficient matrices.

Theorem 3.4. Assume that A is an N x N matrix. The following statements are
squivalent.

(21} Given any N x 1 matrix B, the linear system AX = B has a unique solution,
(22) The matrix 4 is nonsingular (i.e., Al exists).

(23) The system of equations AX = 0 has the unique solution X = 0.

(24) det(A) # 0.
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Theorems 3.3 and 3.4 help relate matrix algebra to ordipary algebra. If state-
ment (21) is true, then statement (22) together with properties (12) and (13) give the
following line of reasoning:

25y AX =B implies A 'AX=A"'B, whichimplies X =A)B.

Example 3.9. Use the inverse matrix

174 -1
_‘_._
at=55 7)

and the reasoning in (25) to solve the linear system AX = B:

13 Yhixg) 2y
ax=[; )= 5)=»
Using (25), we get

S EH | HEH R :

Remark. In practice we never numerically calculate the inverse of a nonsingular
matrix of the determinant of a square matrix. These concepts are used as theoretical
“tools” to establish the existence and uniqueness of solutions or as a means to alge-
braically express the sclution of a linear system (as in Example 3.9).

Plane Rotations

Suppose that A is a 3 x 3 matrix and U = [x y z]’ is a 3 1 matrix; then the product
V = AU is another 3 x 1 matrix. This is an example of a linear transformation, and
applications are found in the area of computer graphics. The matrix 7 is equivalent
to the positional vector U = (x, y, z), which represents the coordinates of a point in
three-dimensional space. Consider three special matrices:

1 0 0
(26) R.(x) =0 cos(e) —sin(e) |,
| 0 sin(e) cos(a)
" cos(B) 0 sin(B)
@7 Ry(p) = 0 i G ;
| —sin(8) 0 cos(f)
cos(y) —sin(y) 0
(28) R.(y) = { sin(y) cos(y) 0O

0 0 1
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Table 3.1 Coordinates of the Vertices of a Cube under Successive Rotations

U V=RA5)U W=R,(})R.(})U
(0,0,0Y (0.000000, 0,000000, 0)' (0.000000, 0.000000, 0.000000)'
(1,0,0) (0.707107, 0.707107, 0) (0.612372, 0.707107, —0.353553)’
1,0 {(~0.707107, 0.707107, 0y {(~0.612372, 0.707107, 0.353553)’
0,1 (0.000000, 0.000000, 1) (0.500000, 0.000000, 0.866025)"
(,1,0/ (0.000000, 1.414214, 0 {0.000000, 1.414214. 0.000000)
(1,00 {0.707107, 0707107, 1) (1.112372, 0.707107, 0.512472)
01,1 (=0.707107, 0.707107, 1)’ (~0.112372, 0.707107, 1.219579Y
(1,1,1) (0.000000, 1.414214, 1)’ (0.500000, 1.414214, 0.866025)"

These matrices R, (), Ry(8), and R,()) are used to rotate points about the x-, y-,
and z-axes through the angles o, 8, and y, respectively. The inverses are R, (—a),
R,(—p), and R;(—y) and they rotate space about the x-, y-, and z-axes through the
angles —a, —B, and —y, respectively. The next example illustrates the situation, and
further investigations ace left for the reader.

Example 3.10. A unit cube is situated in the first octant with one vertex at the origin.
First, rotate the cube through an angle /4 about the z-axis; then rotate this image through
an angle /6 about the y-axis. Find the images of all eight vertices of the cube.

The first rotation is given by the transformation

cos(§) —sin(}) O] [=
V=R, (E) U= [sin(%) cos(%'—) 0|ty
4
0 0 1 z
0.707107 —0.707107 0.000000 | | x
= { 0.707107 0.707107 0.000000 | { ¥ |-
0.000G6006 0.000000 1.0000001 | z

Then the second rotation is given by

cos(z) O sin(g)
\%

W=R,.(%)V=[ o 1 0

—sin(g) 0 cos(¥)

0.866025 0.000000 0.500000
= | 0.000000 1.000000 0.000000;V
—0.500000 0.000000 0.866025

The composition of the two rotations is

N . 0.612372 —0.612372 0.5000007 [x
W:Ry(—-)R:(—)U= 0.707107  G.707107 0.000000| |y |.

6 4 ~0.353553  0.353553 0.866025 | | z
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F4
F4 z
x * Y
(@) b) )

Figure 3.2 (a) The original starting cube. (b} V = R (s /4. Rotation about
the z-axis. (c) W = Ry(/6)V . Rotation about the y-axis,

Numerical computations for the coordinates of the vertices of the starting cube are given in
Table 3.1 (as positional vectors), and the images of these cubes are shown in Figure 3.2(a)
through (c). n

MATLAB

The MATLAB functions det (A) and inv(A) calculate the determinant and inverse
(if A is invertible), respectively, of a square matrix A.

Example 3.11. Use MATLAB to solve the linear system in Example 3.6. Use the inverse
matrix method described in (25).

First we verify that A is nonsingular by showing that det(A) # O (Theorem 3.4).
>>A={0.125 0.200 0,400;0.3756 0.500 0.600;0.500 0.300 0.000];
>>det (A)
ans=

-0.0175

Following the reasoning in (25), the solution of AX = Bis X = A~18.

>>X=inv(A)*[2.3 4.8 2.9]°
x:

4,0000

2.0000

3.0000

We can check our solution by verifying that AX = B.

>>B=A%X
B=
2,3000
4.8000
2.9000 =



118 CHAP.3 THE SOLUTION OF LINEAR SYSTEMS AX =B

Exercises for Properties of Vectors and Matrices

The reader is encouraged to carry out the following exercises by hand and with MATLAB.
1. Find AB and B A for the following matrices:

|

2. Find AB and B A for the following matrices.

30
A=[; ”3 g] B=|-1 5
3 =2

3. Let A, B,and C be given by

31 1 2 2 =5
A TR R B i
(a) Find (AB)C and A(BC).
(b) Find A(B+ C)and AB + AC.
(¢) Find (A + B)C and AC + BC.
(d) Find (AB) and B'A’,
4. We use the notation A> = AA. Find A2 and B? for the following matrices:

2 o o
A:[_; ‘Z] B=|-1 5 -4
3 -5 2

5. Find the determinant of the following matrices, if it exists.

2 (4] 6
(a) [“; “Z] ® (-1 5 -
| 3 -5 2
1 2 3 4
1 2
0 2 4 6
@ |3 4 @ |0 o5
00
00 0 7

6. Show that R, (¢)R,(—a) = [I by direct multiplication of the matrices R, (o) and
R {(—a); (see formula (26)).

7. (a) Show that Rx(e)Ry(8) =
cos(B) 0 sin(f)
sin(B)sin{fe) cos(a) — cos{B)sin(x)
—cos(a) sin{B8) sinla)  cos(B) cos(w)

(see formulas (26) and (27)).
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(b) Show that R, ()R, (a) =

cos(f) sin(B)sin(e) cos(a)sin(8)
0 cos(cr) - sinfu)
—sin(er) cos(B)sin(e) cos(B)cos{a)

8. If A and B are nonsingular N x N matricesand C = AR, showthatC~! = B~14" '
Hint. Use the associative property of matrix multiplication.

9. Prove statements (13) and (16) of Theorem 3.3.

10. Let Abean M x N matrix and X an N x 1 matrix.
(a) How many multiplications are needed to calculate 4 X?
(b} How many additions are needed to calculate AX?

11. Let A be an M x N matrix, and let B and C be N x P matrices. Prove the left
distributive law for matrix multiplication: A(B + €)= AB + AC.

12. Let 4 and B be M x N matrices, and let C be a N x P matrix. Prove the right
distributive law for matrix multiplication: (4 + B)C = AC + BC.

13. Find XX'and X'X, where X =[1 —1 2]. Note. X’ is the transpose of X.

14. Let Abea M x N matrix and B a N x P matrix. Prove that (ABR) = B'A’. Hint. Let
C = AB and show, using the definition of matrix multiplication, that the (i, j)th entry
of €’ equals the (i, j)th entry of B’A’,

15. Use the resuit of Exercise 14 and the associative property of matrix multiplication to
show that (ABCY = C'B’'A’.

Algorithms and Programs

The first column of Table 3.1 contains the coordinates of the vertices of a unit cube situated
in the first octant with one vertex at the origin. Note that all eight vertices can be stored in
a matrix U of dimension 8 x 3, where each row represents the coordinates of one of the
vertices. It follows from Exercise 14 that the product of U and the transpose of R, (/4)
will produce a matrix of dimension 8 x 3 (representing the second column of Table 3.1,
where eech row represents the transformation of the corresponding row in U). Combining
this idea with Exercise 15, it follows that the coordinates of the vertices of a cube under
any number of successive rotations can be represented by a matrix product.

1. A unit cube is situated in the first octant with one vertex at the origin. First, rotate
the cube through an angle of 7/6 about the y-axis; then rotate this image through an
angle of /4 about the z-axis. Find the images of all eight vertices of the starting
cube. Compare this result with the result in Example 3.10
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X
(a) &) ()

Figure 3.3 (a) The original starting cube. (b) V = R, (xr/6)U/. Rotation about
the y-axis. (¢} W = R, (7 /4)V . Rotation about the z-axis.

What is different? Explain your answer using the fact that, in general, matrix mul-
tiplication is not commutative. (See Figure 3.3(a) to (c)). Use the plot3 command to
plot each of the three cubes.

2. A unit cube is situated in the first octant with one vertex at the origin, First, rotate
the cube through an angle of 7 /12 about the x-axis; then rotate this image through
an angle of /6 about the z-axis. Find the images of all eight vertices of the starting
cube. Use the plot3 command to plot each of the three cubes.

3. The tetrahedron with vertices at (0,0, 0), (1,0, 0), (0, 1, 0), and (0, 0, 1) is first ro-
tated through an angle of 0.15 radian about the y-axis, then through an angle of
—1.5 radians about the z-axis, and finally through an angle of 2.7 radians about the
x-axis. Find the images of all four vertices. Use the plot3 command to plot each of
the four images.

Upper-triangular Linear Systems

We will now develop the back-substitution algorithm, which is useful for solving a lin-
ear system of equations that has an upper-triangular coefficient matrix, This algorithm
will be incorporated in the algorithm for solving a general linear system in Section 3.4

Definition 3.2. An N x N matrix A = [a;;] is called upper triangular provided that
the elements satisfy a;; = 0 wheneveri > j. The N x N matrix A = [a;,] is called
lower triangular provided that a;; = 0 wheneveri < j.

We will develop a method for constructing the solution to upper-triangular linear
systems of equations and leave the investigation of lower-triangular systems to the
reader. If A is an upper-triangular matrix, then AX = B is said to be an upper-
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riangular system of linear equations and has the form
ajxpFapxzFapxy oo+ ain-ixN—1+ aynxy =b)
anxytanxz+--- 4+  ay-pxn-1 +  anxy =8
apxz -+ -+ aN-lAN-1 T anIy=bh

AN-IN-1XN-t + an— NI = by_y
ANNIN = by.

Theorem 3.5 (Back Substitution). Suppose that AX = B is an upper-triangular
system with the form given in (1). If

(2) ay #0 fork=1,2,..., N,
then there exists a unique solution to (1).

Constructive Proof. The solution is easy to find, The last equation involves only xu,
s0 we solve it first:
by
)] N = —.
aNnN
Now xy is known and it can be used in the next-to-last equation:
by_1 —an_inx
@) anop = ML T ENZINAN
aN-.1N-1

Now xy and xp_1 are used to find xy_3:

BN_2 — ON_IN_1XN-1 — GN_INXN

(5 XN—2 =
aN-2N-2
Once the values xy, xy_1, . . ., Xz+1 are known, the general step is
by — N apiX;
(6) X = Lzt ¥ for k=N-—-1, N-2, ..., 1.

Gk

The uniqueness of the solution is easy to see. The Nth equation implies that
by/awy is the only possible value of x». Then finite induction is used to establish
that xy—i, x¥y—2, ..., x| are unique. .

Example 3.12. Use back substitution to solve the linear system
dxy —x3 +2x3 + x4 = 20
—=2xy + Tx3 —4xg = =7

6x3 4+ Sxa= 4
3x4= 6.
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Solving for x4 in the last equation yields

6
=_-=12
=g
Using x4 = 2 in the third equation, we obtain
_4-50) _
= =

Now x3 = —1 and x4 = 2 are used to find x3 in the second equation:

_ ST-U=1)+4Q) _

= —4.
X2 2

Finally, x is obtained using the first equation:

_2041(4-2D) -32) _

x] 3 3. [

The condition that ay, # 0 is essential because equation (6) involves division
by ag. If this requirement is not fulfilled, either no sotution exists or infinitely many

solutions exist.

Example 3.13. Show that there is no solution to the linear system

4x) —xz+2x3+3x4= 20

Oxy + 7x3 — 4xg = =7

) bxz+5x4= 4
3xg= 6.

Using the last equation in (7), we must have x4 = 2, which is substituted into the ~ccond
and third equations to obtain

Tx3 ~ 8=-7
® 6x3+10= 4.
The first equation in (8) implies that x3 = 1/7, and the second equation implic- that

x3 = —1. This contradiction leads to the conclusion that there is no solution to th. lin-

ear system (7). Y

Example 3.14. Show that there are infinitely many solutions to

dx) —x2+2x3+3x4= 20

Oxy 4 Tx3 +0xqg = =7

) 6x3+5x4= 4
3xs= 6.
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Using the last equation in (9), we must have x4 = 2, which is substituted into the second
and third equations to get x3 = —1I, which checks out in both equations. But only two
values x3 and x4 have been obtained from the second through fourth equations, and when
they are substituted into the first equation of (9), the result is

(10) X2 =4x; - 16,

which has infinitely many solutions; hence (9} has infinitely many solutions, If we choose a
value of x; in (10), then the value of x> is uniquely determined. For example, if we include
the equation x| = 2 in the system (9), then from (10) we compute x; = —8. [ ]

Theorem 3.4 states that the linear system AX = B, where A isan N x N matrix,
has a unique solution if and only if det(4) # 0. The following theorem states that
if any entry on the main diagonal of an upper- or lower-triangular matrix is zero then
det(A) = 0. Thus, by inspecting the coefficient matrices in the previous three exam-
ples, it is clear that the system in Example 3.12 has a unique solution, and the systems
in Examples 3.13 and 3.14 do not have unique solutions. The proof of Theorem 3.6
can be found in most introductory linear algebra textbooks,

Theorem 3.6. Ifthe N x N matrix 4 = [ai;] is either upper or lower triangular, then

N
an det(4) = anjan---awn = [ ai.

i=1

The value of the determinant for the coefficient matrix in Example 3.12 is det A =
4(=2)(6)(3) = —144. The values of the determinants of the coefficient mairices in
Example 3.13 and 3.14 are both 4(0)(6)(3) = 0.

The following program will solve the upper-triangular system (1) by the method
of back substitution, provided ay; # Ofork =1,2,..., N.

Program 3.1 (Back Substitution). To solve the upper-triangular system AX = B
by the method of back substitution. Proceed with the method only if all the diagonal
elements are nonzero. First compute xy = by /anxy and then use the rule

b — TN L awix;
Xy = E_:z—k‘{-l it fork=N—1,N—2,,,_, 1
kk

functi,oln X=backsub(A,B)

#Input - A isannxa upper-triangular nonsingular matrix
% - B is an n x 1 matrix

A0utput - X is the solution to the linear system AX = B

%Find the dimension of B and initialize X
n=length(B);
X=zeros(n,1);
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X(n)=B(n)/Aln,z);

for ¥=n-1:-1:1
X(k)=(B(k)-A(k,k+1:n)*X(k+1:n)) /A{k,k);

end

Exercises for Upper-triangular Linear Systems

in Exercises 1 through 3, solve the upper-triangular system and find the value of the dete: -
minant of the coefficient mawrix.
1. 3z~ 2x2+ x3— x4= 8 2, Sx;—3x:—Tx3+ xa=-U14
dxz — x3+2x4=-13 Haz +9%%3+ Sxe= 22
2xy 4+ 3xg = 11 3x3 — 13x4 = —11
S5x4= 15 Txa= 14
340~ a+2a+2x— xy= 4
20 4+6x3+2x4+Txs= 0
x3— xg—2xs= 3

—2xa— x5=10
Ixs= 6
4. (a) Consider the two upper-triangelar matrices
an ap 4 by bz b3
A= 0 apn an and B=} 0 ban bn
0 0 an 0 0 b33

Show that their product C = A B is also upper triangular.
(b) Let A and B be two N x N upper-triangular matrices. Show that their produ.:
is also upper triangular.
S. Solve the lower-triangular system AX = B and find det¢A4).

2x; =5
—x1 +4x2 =5
3x; - 230 —x3 =4

xp—2x1+6x3+3x4 =2

6. Solve the lower-triangular system AX = B and find dett A).

5x) =-10
X1+ 3x2 = 4
3x) +4x 4+ 2x3 = 2
—x1+3x3—6x3—x3= 5
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7. Show that back substitution requires N divisions, (N2 — N)/2 multiplications, and
(N2 — N)/2 additions or subtractior:s. Hint. You can use the formula

M
Y k=MM+ 1))
k=)

Algorithms and Programs

1. Use Program 3.1 to solve the system &/ X = B where,

cosli/y i< J
U ={uijljg, and uij=’0 £4) :;j

and B = {hi1)10x1 and b;) = tan(i).

2. Forward-substitution algorithm. A linear system AX = B is called lower triangular
provided that a,, = 0 when i < j. Construct a program forsub, analogous 10
Program 3.1, to solve the following lower-triangular system. Remark. This program
will be used wn Section 3.5.

apxj = b

ax +  anx =i

ayxy+  anxz+  anxa =iy
ay—[1X} +ay-12x2 tan-13x3+ - aN-1 N-1XN-} =bp_i

ayixi+ an2x2+  anaxz+--- 4+ ann-1xN—) Fanniy = by

3. Use forsub to solve the system L X = B, where

i+j iz},

0 and B =[b,1l20x1 anc by =i.

L =[] and I =

34 Gaussian Elimination and Pivoting

[n this section we develop a scheme for solving & general system AX = B of N
eqaations and NV unknowns. The goal is to construct an equivalent upper-trianguiar
system U X = ¥ that can be solved by the method of Section 3 3.

Two linear systems of dimension N x N are said to be equivalent provided that
their solution sets are the same. Theorems from iinear algebra show that when certain
transformations are applied to a given system the solution sets do not change.
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Theorem 3.7 (Elementary Transformations). The following operations applied to
a linear systemn yield an equivalent system:

(1) Interchanges: The order of two equations can be changed.

(2) Scaling: Multiplying an equation by a nonzero constant.

(3) Replacement: An equation can be replaced by the sum of itself and
a nonzero multiple of any other equation.

It is common to use (3) by replacing an equation with the difference of that equa-
tion and a multiple of another equation. These concepts are illustrated in the next
example.

Example 3.15. Find the parabolay = A4 Bx + Cx? that passes through the three points
(1,1),(2,—1),and (3, 1).

For each point we obtain an equation relating the value of x to the value of y. The
result is the linear system

A+ B+ C= 1 a(l1l)
@) A+2B+4C =-1 at (2, 1)
A+3B+9C= 1 at (3, ).

The variable A is eliminated from the second and third equations by subiracting the
first equation from them. This is an application of the replacement transformation (3), and
the resulting equivalent linear system is

A+B+ C= 1
5) B+3C=-2
2B4+8C= 0.

The variable B is eliminated from the third equation in (5) by subtracting from it two times
the second equation. We arrive at the equivalent upper-triangular system:

A+B+ C= 1
6) B4+3C=-2
2C= 4

The back-substitution algorithm is now used to find the coefficients C = 4/2 = 2, B =
—2-32) = ~-8,and A = 1 — (—8) — 2 = 7, and the equation of the parabola :-
y=7—8x 422 'I

It is efficient to store all the coefficients of the linear system AX = B in an arra
of dimension N x (N + 1). The coefficients of B are stored in column N + 1 of the
array (i.e., agn+1 = by). Each row contains all the coefficients necessary to represen:
an equation in the linear system. The augmented matrix is denoted [A]|B] and the
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linear system is represented as follows:

aiy arz - aiN | By

ay axn - aw | b
0] [A|B] = . . .

N1 an2 -+ anwn | by

The system AX = B, with augmented matrix given in (7), can be solved by per-
forming row operations on the augmented matrix [A|B). The variables xi are place-
holders for the coefficients and can be omitted until the end of the calculation.

Theorem 3.8 (Elementary Row Operations). The following operations applied to
the augmented matrix (7) yield an equivalent linear system.

(8) Interchanges: The order of two rows can be changed.

(9) Scaling: Multiplying a row by a nonzero constant.

(10) Replacement; The row can be replaced by the sum of that row and
a nonzero multiple of any other row; that is:
FOW, = TOW, —M,; X TOWp,.

[t is common to use (10) by replacing a row with the difference of that row and a
multiple of another row.

Definition 3.3 (Pivot). The number a,, in the coefficient matrix A that is used to
eliminate ag,, where k = r 4+ 1,r + 2, ..., N, is called the rth pivatal element, and
the rth row is called the pivot row. A

The following example illustrates how to use the operations in Theorem 3.8 to
obtain an equivalent upper-triapgular system UX = ¥ from a linear system AX = B
where A is an N x N matrix.

Example 3.16. Express the following system in augmented matrix form and find an
equivalent upper-triangular system and the solution.

X1 +2x0+ xat4xs=13
2x1 4+ 0xp + 4x3 + 3x4 = 28
4x1+2x2+2x3+ x4 =20
“3x1+ +3a+2a= 4

The augmented mairix is

pivot — 1 2 1 4|13
mp) =2 2 0 4 3({28
m3 =4 4 2 2 1120
gy = —3 -3 1 3 2| 6
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The first row is used to eliminate elements in the first column below the diagonal.
We refer to the first row as the pivotal row and the element ;1 = | is cailed the pivotal
element. The values my; are the multiples of row 1 that are to be subtracted from row & for
k = 2, 3, 4. The result after elimination is

1 2 1 4 13
pivot — 0 -4 2 =5 2
mipp =15 0 -6 -2 -—-15[-32
0

mqz = —-1.75 7 6 14 45

The second row is used to eliminate elements in the second column that lie below the
diagonal. The second row is the pivotal row and the values my; are the multiples of row 2
that are to be subtracted from row k for k = 3, 4. The result after elimination is

1 2 1 4 13
6 -4 2 -5 2
pivot — 0 0 -5 -75|-35
mgn=-19| 0 0 95 525|485
Finally, the multiple m43 = —1.9 of the third row is subtracted from the fourth row. and

the result is the upper-triangular system

1 2 1 4 13
0 -4 2 -s| 2
(n 0 0 -5 —75|-35
0 0 0 -9 —18

The back-substitution algorithm can be used to solve (11), and we get
x4 =2, x3 =4, xy = —1}, x1=3. ]

The process described above is called Gaussian elimination and must be modified
so that it can be used in most circumstances. If ayx = 0, row & cannot be used to
eliminate the elements in column &, and row & must be interchanged with some row
below the diagonal to obtain a nonzero pivot element. If this cannot be done, then the
coefficient matrix of the system of linear equations is nonsingular, and the system does
not have a unique solution.

Theorem 3.9 (Gaussian Elimination with Back Substitution). If A is an NxN
nonsingular matrix, then there exists a system UX = ¥, equivalentto AX = B, where
U is an upper-triangular matrix with uz; # 0. After U and Y are constructed, back
substitution can be used to solve VX = ¥ for X.
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Proof. We will use the augmented matrix with B stored in column N + 1:

r (1} 1y MY o - -
A G 43 o Ay | [ * a{';,_'_l
48] (H n (13
@G 4y day o @y |lx al +1
(1) 0 (1) (1}
_fa a a oa x3 (1
AX = 31 32 33 N = a3N+l =B.
m 1 n
ayp Gy aN% af(vk, |V | _aNN+1J
Then we will construct an equivalent upper-trianguiar system UX = ¥:
) () (H (N7 B [y 7
’-“11 4z 43 - 4y |_xi Ay Nt
{2) (2 2 2)
0 ay a5 - ay||x D N+1
3) (3) (3)
vx=| "0 0 ayy - agy B =By | =7,
e g0 )
0 ¢ © 29 B Rl I O
L = - -4

Step 1. Store the coefficients in the augmented matrix. The superscript on a'l means
that this is the first time that a number is stored in location (r, ¢):

M M M
[ Gy G2 43 ot Gy | BNy
) (1} (L) 1) (1y
@ Gy Gy Gy | Gany
M M M | (®
Ay 43 433 - Gy | d3n
Mo W | m
Ayl An2 An3 Tt By | BNyl
L .

Step 2. If necessary, switch rows so that aﬂ) # 0; then eliminate x| in rows 2

through N. In this process, m, is the multiple of row 1 that is subtracted from row r.

forr=2:N
1 1
oy = b/l
o =0

forc=2:N+1

{2) 1 ' I
are = ar('c) — My *asc):

end
end
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The new elements are written aﬁﬁ) to indicate that this is the second time that a
number has been stored in the matrix at location (r, ¢). The result after step 2 is

o n (D ([ M
“El) “{2 813 7 AN | BNyl ]
2 2) 2 {2)
0 af aof - gy | ey
2 2 {2) (2
0 “éz’ L S TV ¥
(2) (2) (2) 2)
0 ay;, apn; -0 ayy | ONN4

Step 3. If necessary, switch the second row with some row below it so that

ag) # 0; then eliminate x; in rows 3 through N. In this process, m,; is the multi-
ple of row 2 that is subtracted from row r.

forr=3:N
2) , (2
mpy = agg jay;
ag) =0
forc=3:N+1
2 2,
ad = a2 —m2 xa;
end
end

‘The new elements are written aﬁ) to indicate that this is the third time that a num-
ber has been stored in the matrix at location (r, ¢). The result after step 3 is

- oW M OWINO
agl) Q2 43 " AN | YNt
2] (2) (2 2
0 aip ay o ay | Gy
(3) 3 )]
0 0 a3 - agy|ayyy
(3) 3 | @
0 0 ay o ayy | GNw4
L -

Step p + 1. This is the general step. If necessary, switch row p with some row
beneath it so that ay;,) # 0; then eliminate x, in rows p + | through N. Here n,p, is
the multiple of row p that is subtracted from row r.

forr=p+1:N

(2, (7,
Mrp = a,g fapp;

abt =0
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forc=p+1:N+1

(p+1 {2 (P,
arf )=ar5 _mrp*ap}(.)'s

end
end

The final result after xy_.; has been eliminated from row N is

B A I N I S

a 43 o N | PN
(2) 2) 2 2)

0 ap ay - ayy | Gy
{3} {3) (3)

0 0 ag - ay|aiy,
.. W |

0 0 0 .. a NN | O N

The upper-triangularization process is now complete.

Since A is nonsingular, when row operations are performed the successive matrices
are also nonsingular. This guarantees that aé’,“) # 0 for all £ in the construction process.
Hence back substitution can be used to solve UX = Y for X, and the theorem is prove.

Pivoting to Avoid a,(,‘;,) =0

if a},f,) = {}, row p cannot be used to eliminate the elements in column p below the

main diagonal. It is necessary to find row k, where aéi) # 0and k > p, and then in-

terchange row p and row & so that a nonzero pivot element is obtained. This process is
called pivoting, and the criterion for deciding which row to choose is called a pivoting
strategy. The frivial pivoting strategy is as follows, If aﬁ,‘,’,) # 0, do not switch rows.

If ) = 0, locate the first row below p in which a?’ # 0 and switch rows k and p.
oy kp r

This will result in a new element a‘f,f,) # 0, which is a nonzero pivot element.

Pivoting to Reduce Error

Because the computer uses fixed-precision arithmetic, it is possible that a small error
will be introduced each time that an arithmetic operation is performed. The following
example illustrates how the use of the trivial pivoting strategy in Gaussian elimination
can lead to significant error in the solution of a linear system of equations.
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Example 3.17. The values x; = x2 = 1.000 are the solutions to

1.133x; +5.281x; = 6.414

(12 24.14x1 — 1.210xp = 22.93.

Use four-digit arithmetic {see Exercises 6 and 7 in Section 1.3) and Gaussian elimination
with trivial pivoting to find a computed approximate solution to the system.

The multiple my; = 24.14/1.133 = 21.31 of row 1 is to be subtracted from row 2 to
obtain the upper-riangular system. Using four digits in the calculations, we obtain the new
coefficients

a® = —1.210 - 21.31(5.281) = =1.210 - 112.5 = ~113.7
a2 = 2293 -2131(6414)= 22.93-136.7= 1138
The computed upper-trianguiar system is
1.133x; + 5.281x; =  6.414
~113.7x, = —1138.

Back substitution is used to compute x; = —~113.8/(—113.7) = 1.001, and x; = (6.414 —
5.281(1.001))/(1.133) = (6.414 — 5.286)/(1.133) = 0.9956. n

The error in the solution of the linear system (12) is due to the magnitude of the
multiplier m1) = 21.31. In the next exampie the magnitude of the multiplier m7; is
reduced by first interchanging the first and second equations in the linear system (12)
and then using the trivial pivoting strategy in Gaussian elimination to solve the system.

Example 3.18. Use four-digit arithmetic and Gaussian elimination with trivial pivoting

to solve the linear system

24.14x; — 1.210x3 = 22.93
1.133x; 4+ 5.281x; = 6.414,

This time mz) = 1.133/24.14 = 0.04693 is the multiple of row 1 that is to be subtracted
from row 2. The new coefficients are

al? = 5.281 — 0.04693(—1.210) = 5.281 + 0.05679 = 5.338
ald = 6.414 — 0.04693(22.93) =6.414— 1.076 = 5.338.
The computed upper-triangular system is

24.14x; -~ 1.210x0 = 22.93
5.338x2 = 5.338.

Back substitution is used to compute xz = 5.338/5.338 = 1.000, and x; = (22,93 +
1.210(1.000))/(24.14) = 1.000. n

SEC. 3.4 GAUSSIAN ELIMINATION AND PIVOTING 13:

The purpose of a pivoting strategy is to move the entry of greatest magnitude &«
the main diagonal and then use it to eliminate the remaining entries in the column, I
there is more than one nonzero element in column p that lies on or below the mair
diagonal, then there 15 a choice to determine which rows ta interchange. The partia:
pivoting strategy, illustrated in Example 3.18, is the most coramon one and is used ir
Program 3.2. To reduce the propagation of error, it is suggested that one check the
magnitude of all the elements in column p that lie on or below the main diagonal
Locate row & in which the element that has the largest absolute value lies, that is,

lakp’l = max{lappla |ap+lp|; ey |aNf1p!s |aNpl},

and then switch row p with row & if k > p. Now, each of the multipliers myp for
r=p+1,..., N will be less than or equal to 1 in absolute value. This process will
usually keep the relative magnitudes of the elements of the matrix U/ in Theorem 3.9
the same as those in the original coefficient matrix A. Usually, the choice of the larger
pivot element in partial pivoting will result in a smaller error being propagated.

In Section 3.5 we will find that it takes a total of (4N? + 9N? — 7N) /6 arithmetic
operatious to solve an N x N system. When N = 20, the total number of arithmetic
operations that. must be performed is 5910, and the propagation of error in the compu-
tations could result in an erroneous answer. The technique of scaled partial pivoting
or equilibrating can be used to further reduce the effect of error propagation. In scaled
partial pivoting we search all the elements in column p that lie on or below the main
diagonal for the one that is largest relative to the entries in its row. First search rows p
through N for the largest element in magnitude in each row, say s,:

(13) sy = max{la,pl, [@rpstl ... Jarnl} forr=p, p+1, ..., N.

The pivotal row £ is determined by finding

(14) |akp| = max [ Iappl |ap+1pl - laNpi ]

Sk Sp Sp+1 ' SN

Now interchange row p and k, unless p = k. Again, this pivoting process is designed
to keep the relative magnitudes of the elements in the matrix U in Theorem 3.9 the
same as those in the original coefficient matrix A.

I conditioning
A matrix A is called ill conditioned if there exists a mattix B for which small pertur-
bations in the coefficients of A or B will produce large changes in X = A~'B. The
system AX = B is said to be ill conditioned when A is ill conditioned. In this case,
numerical methods for computing an approximate solution are prone to have more
€rror.

One circumstance involving ill conditioning occurs when A is “nearly singular”
and the determinant of A is close to zero. Ill conditioning can also occur in systems
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0.0 . L t x  Figure 3.4 A region where two
0.5 1.0 15 20 equations are “almost satisfied”.

ot two equations when two lines are nearly parallel (or in three equations when three
planes are nearly parallel). A consequence of ill conditioning is that substitution of
erroneous values may appear to be genuine solutions. For example, consider the two

equations

Xx+2y—200=0

s 2x + 3y —3.40 = 0.

Substitution of xp = 1.00 and yg = 0.48 into these equations “almost produces zeros™:

1+42(0.48)—2.00=1.96—2.00= -0.04 =0
243(0.48) - 340 =344 -340= 0.04 =0.

Here the discrepancy from O is only £0.04. However, the true solution to this lin-
ear system is x = 0.8 and y = 0.6, so the errors in the approximate solution are
x —x0=080—1.00=—-0.20and y — yp = 0.60 — 0.48 = 0.12. Thus, merely sub-
stituting values into a set of equations is not a reliable test for accuracy. The rhombus-
shaped region R in Figure 3.4 represents a set where both equations in (15) are “almosi
satisfied"":

R={(x.y):lx4+2y—-200] <01 and [2x+3y-—-3.40 <0.2}.

There are points in R that are far away from the solution point (0.8, 0.6) and yet
produce small values when substituted into the equations in (15). If it is suspected
that a linea system is ill conditioned, computations should be carried out in multiple-
precision . ;. hmetic. The interested reader should research the topic of condition num-
ber of a matrix to get more information on this phenomenon.

11 conditioning has more drastic consequences when several equations areqin
volved. Consider the problem of finding the cubic polynomial y = ¢;x3 4+ c2x? +
c1x4c4 that passes through the four points (2, 8), (3, 27), (4, 64),and (5, 125) (clearly.
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y = x? is the desired cubic polynomial). In Chapter 5 we will introduce the method
of least squares. Applying the method of least squares to find the coefficients requires
that the following linear system be solved;

20,514 4,424 978 224| | ¢ 20,514
4,424 978 224 54| cp | | 4,424
978 224 54 14| ” 978
224 54 14 4] [les 224

A computer that cartied nine digits of precision was used to compute the coefficients
and obtained

¢1 = 1.000004, c; = —0.000038, 3 =0.000126, and c4 = —0.000131.

Although this computation is close to the true solution, ¢ = 1 and cr=c3=cg4=0,it
shows how easy it is for error to creep into the solution. Furthermore, suppose that the
coefficient a); = 20,514 in the upper-left corner of the coefficient matrix is changed
to the value 20,515 and the perturbed system is solved. Values obtained with the same
computer were

c1 = 0.642857, ¢ =3.75000, o3 =-123928, and ¢4 = 12,7500,

which is a worthless answer. Il conditioning is not easy to detect. If the system is
solved a second time with slightly perturbed coefficients and an answer that differs
significantly from the first one is discovered, then it is realized that ill conditioning
is present. Sensitivity analysis is a topic normally introduced in advanced numerical
analysis texts.

MATLAB

In Program 3.2 the MATLAB statement [A B} is used to construct the augmented
matrix for the linear system AX = B, and the max command is used to determine
the pivot element in partial pivoting. Once the equivalent trianguiated matrix [{7|¥]
is obtained it is separated into U and ¥, and Program 3.1 is used to carry out back
substitution (backsub(U, Y}}. The use of these commands and processes is illustrated
in the following example.

Example 3.19. (a) Use MATLAB to construct the augmented matrix for the linear system
in Example 3.16; (b) use the nax command to find the element of greatest magnitude in the
first column of the coefficient matrix A; and (c) break the augmented matrix in (11) into
the coefficient matrix U and constant mairix ¥ of the upper-tiangular system UX = ¥,
(a)

>> A=1214;2043;4221;-313 2];

>> B=[13 28 20 6] ’;

>> Aug=[A B]
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Aug=
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1

N B =
[=]

-31326¢6

(b) In the following MATLAB display, a is the element of greatest magnitude in the tirt
column of A and j is the row number.
>>{a, j]1=max{abs(A(1:4,1))}
a=
4
j=
3
(c) Let Augup = [I7|Y] be the upper-triangular matrix in (11).
>> Augup={1 2 1 4 13;0 -4 2 -5 2;0 0 -5 ~7.5 -35;0 0 0 -9 -18];
>> U=Augup(1:4,1:4)

U=
1.0000 2.0000 1.0000 4.0000
0 -4.0000 2.0000 -5.0000
0 0 -5.0000 -7.5000
0 ] 0 -9.0000
>> Y=Augup(1:4,5)
Y=
i3
2
-35
-18 n

Program 3.2 (Upper Triangularization Followed by Back Substitution). To
construct the solution to AX = B, by first reducing the augmented matrix [4]|B] to
upper-triangular form and then performing back substitution.

function X = uptrbk(4,B)
AInput - A is an N x N nonsingular matrix
% - B is an N x 1 matrix
%0utput - X is an N x 1 matrix containing the solution to AX=R.
%#Initialize X and the temporary storage matrix C
[N Nl=size(A);
X=zeros(N,1);
C=zeros(1,N+1);
#Form the augmented matrix:Aug=[4|E]
Aug=[A B];
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for p=1:N-1
%Partial pivoting for column p
[Y, jl=max(abs(Aug(p:N,p)));
%Interchange row p and j
C=Aug(p,:);
Aug(p,:)=Aug(j+p-1,:);
Aug(j+p~1,:)=C;
if Aug(p,p)==0
’A was singular. No unique solution’
break
end
%Elimination process for column p
for k=p+1:N
m=Aug(k,p)/Aug(p,.p);
Aug (k,p:N+1)=Aug(k,p:N+1) -m*Aug(p,p:N+1) ;
end
end
%Back Substitution on [U|Y] using Program 3.1
X=backsub(Aug{1:N,1:N),Aug(1:N,N+1});

Exercises for Gaussian Elimination and Pivoting

In Exercises 1 through 4 show that AX = B is equivalent to the upper-triangular system
UX =Y and find the solution.

1. 2x) +4xy —6x3 = —4 2x1+4x;— 6x3= —4

X1 45x2+3x= 10 3x34 6x3= 12
x1+3x2+2x3= 5 3xz3 =

2. x{4+ x2+6x3= 7 xi+ x4 6x3= 7

—X1 + 2x2 4+ 9x3 = 334 15x3= 9

x—2x2+4+3x3= 10 12x3= 12

3 2x;1=2x2+5x3= 6 2x1—2x2+ Sx3= 6

2x1 432+ x3= 13 S5xp— 4x3= 7

- x1+4x3 —4x3= 3 09x3= 1.8

4 —-5Sx42xn- x= -1 =Sx1+2x2— x3= -1

x1+0xs+3x3= 5 0.4x34+2.8x3= 4.8

35+ x2+6x3= 17 «~10x3 = —10

S. Find the parabolay = A 4+ Bx + Cx? tha‘t passes through (1. 4}, (2, 7), and (3, 14).
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6. Find the parabola y = A + Bx + Cx? that passes through (1, 6), (2, 5), and (3, 2).

7. Fil:id(;hez cubic y = A 4 Bx + Cx? + Dx? that passes through (0, 0), (1, 1), (2, 2),
an .2).

In Exercises 8 through 10, show that AX = B is equivalent to the upper-trian
2 = ul t
UX =Y and find the solution. PPe B e

8, dx; 4+ 8x2+4x3+0x3= 8 dx; + 8%y +dxs +0xs= 8

Xt +5x34+4x3—3x4= —4 3x34+3x3—3x4= —6
x1+404+TIx+2x= 10 4x3+4x4 = 12
x1+3x240x3 —2x4 = —4 xa= 2
9 2x144x; —dxs+0xg= 12 2x1+4x —dxz3+0x4 = 12
X)) +3x2~5x3—-3x4= 18 3x2—3x3—-3x3= 12

2x1+3x2+ x3+3x4= 8
X1 +4xs =2x3+4+2x4 = 8
0. x4+2x0+4+03~ x5= 9
2x1+3x2— x340x4= 9 —x2— x3+2x4= —9
Oxy +4x2+2x3—5x4= 26 —2x3+3x4=~—10
Sxy+S5x2+2x3—4dxs= 32 1.5x4= -3

11. Find the solution to the following linear system.

dx3+2x4= 0
314 = —6
X1 +2x240x3 — x4 = 3]

x1 + 2x; =7
201+ 3x3— x3 =9
4x:+ 2x3 4+ 3x4 =10

2x3 —4x4 =12

12. Find the solution to the following linear system.

X1+ x2 = 5
2x1— x3+5x3 = -9
3xp —4dx3 +2x4 = 19
2x3+6x4= 2

13. 'Ijhe Rockmoare Corp. is considering the purchase of a new computer and will choose
either the DoGood 174 or the MightDo 11, They test both computers ability to solve
the linear system

34x 4+ 55y -21=0
55x + 89y —34=0.

The DoGood 174 computer gives x = —0.11 and y = 0.45, and its check for accuracy
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is found by substitution:

34(-0.11) + 55(0.45) — 21 = 0.01
55(—0.11) 4 89(0.45) — 34 = 0.00.

The MightDo 11 computer gives x = —0.99 and y = 1.01, and its check for accuracy
is found by substitution:

34(—0.99) + 55(1.01) — 21 = 0.8%
55(—0.99) + 89(1.01) -~ 34 = 1.44,

Which computer gave the better answer? Why?
14. Solve the following linear systems using (i) Gaussian elimination with partial pivot-
ing, and (ii) Gaussian elimination with scaled partial pivoting.
(@ 2x— 30+ 100x3=1 ) x4 20xp~ x3+000lx4=0
xy+ 10x; — 0.001x3 =0 2x;— Sxp+ 30x3— O.lxg=1
3x] — 1001z + 0.01x3 =0 Sx1+  xp—100x3— 10x4=0
2x; - 100x3 —  x3+4 x4 =0
15. The Hilbert matrix is a classical ill-conditioned matrix and small changes in its coef
ficients will produce a large change in the solution to the perturbed system.

(a) Find the exact solution of AX = B (leave all numbers as fractions and do exact
arithmetic) using the Hilbert matrix of dimension 4 x 4:

1

-

Bl Gl N

[T N P

N— il B L

= ON— W= e
oo o=

(b) Now solve AX = B using four-digit rounding arithmetic:

1.0000 0.5000 0.3333 0.2500
0.5000 0.3333 0.2500 0.2000 B=
0.3333 0.2500 0.2000 0.1667 |’ -
0.2500 0.2000 0.1667 0.1429

i
A= g
0

Note. The coefficient matrix in part (b) is an approximation to the coefficient
matrix in part {a).
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Algorithms and Programs

1. Many applications involve matrices with man ical i
lan y zeros. Of practical importance are
iridiagonal systems (see Exercises 11 and 12) of the form

dixy +erxa = by
ayx) + dyxy + ¢2x3 =
azxz + daxs + c3x4 =

ay-2xN-2 +dy—1XN-1 +cN—1XN = BN,
an_1xN—1 +dnxn = by.

_Construct a program that will solve a tridiagonal system. You may assume that row
interchanges are not needed and that row & can be used to eliminate x; in row & + 1.

2. Use Program 3.2 to find the sixth-degree polynomial y = a; + azx + asx2 + agx> +
asx® + agx® + a7x5 that passes through (0, 1), (1,3), (2,2), (3, 1), (4.3), (5,2)
and (6, 1). Use the plot command to plot the polynomial and the given point; on’ thf;
same graph. Explain any discrepancies in your graph.

3. Use Program 3.2 to solve the linear system AX = B, where A = [a;;]yxn and
aj = i’7", and B = [byjlnx1, where by = N and by = iV-2/(G — ])Jfori > 2.
Use N = 3,7, and 11. The exact solution is X = [1 ..o l]'. Expla.in—any
deviations from the exact solution.

4. Constmct a program that changes the pivoting strategy in Program 3.2 to scaled partial
pivoting.

5. pse your scaled partial pivoting program from Problem 4 to solve the system given
in Problem 3 for N = 11. Explain any improvements in the solutions,

6. Modify.; Program 3.2 so that it will efficiently solve M linear systems with the same
coefficient matrix A but different column matrices B. The M linear systems look like
AX;=B);, AX)= By, ., AXy =By

7. The following discussion is presented for matrices of dimension 3 x 3, but the con-
cepts 1apply to matrices of dimension N x N. If A is nonsingular, then A~ exists and
AA™ =1I.LetCy, €y, and C3 be the columns of A" and E;, E3, and E3 be the
columns of . The equation AA~! = [ can be represented as

A[C[ C> C3] = [El E, E3].
This matrix product is equivalent to the three linear systems

AC,=E,, AC;=E;, and AC;=E;.
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Thus finding A~ is equivalent to solving the three linear systems.
Using Program 3.2 or your program from Problem 6, find the inverse of each of the
.Yollowing matrices. Check your answer by computing the product AA™! and also by

using the command inv (4) . Explain any differences.
16 ~120 240 140

2 01
~120 1200 —2700 1680
@ 13 > ® | 20 —2700 6480 —4200
- —140 1680 —4200 2800

3,5 Triangular Factorization

In Section 3.3 we saw how easy it is to solve an upper-triangular system. Now we
introduce the concept of factorization of a given matrix A into the product of a lower-
triangular matrix L that has 1’s along the main diagonal and an upper-triangular ma-
trix U with nonzero diagonal elements. For ease of notation we illustrate the concepts
with matrices of dimension 4 x 4, but they apply to an arbitrary system of dimension
N x N.

Definition 3.4. The nonsingular matrix A has a triangular factorization if it can
be expressed as the product of a lower-triangular matrix L and an upper-triangular
matrix U:

1) A=LU.

In matrix form, this is written as

ayy ay 413 di4 i 0 0 Of|un wun2 uiz u
ail ax @3 au | _ | M2l 1 0 o0 0 uzx u23 UM
ay ay 413 @] | M mn 1 0 0 0 w3 u
asl G4 43 444 my ez maz 1 0 0 0 uy A

The condition that A is nonsingular implies that uge 7 0 for all k. The notation
for the entries in L is m;;, and the reason for the choice of m,; instead of /;; will be

pointed out soon.

Solution of a Linear System

Suppose that the coefficient matrix A for the linear system AX = B has a triangular
factorization (1); then the solution to

) LUX =B
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can be obtained by defining ¥ = U/ X and then solving two systems:

3) firstsolve LY = BforY; thensolveUX =¥ for X.
In equation form, we must first solve the lower-triangular system
N = b
@ may1+  »2 =b;
muyi+muy:+ »n =b3

mg1y1+ may2s +mazys + ys = by

to obtain ¥, y2, ¥3, and y4 and use them in solving the upper-triangular system
Wplxy +upexa +ugaxs Fujaxs =y
#22X2 + U23X3 -+ U4X4 = ¥
U33X3 + U3X4 = Y3
K4axs = y4.

(5)

Example 3.20, Solve
x1+ 2e4 dx34+ x3=21
2x1 4+ Bxp+ Gxyt+4Axy =352
3x; +10x2+ 8x3+8x4 =79
4x) + 12x2 + 10x3 + 6x4 = 82.

Use the trianguiar factorization method and the fact that

1 2 41 1 0 00 1 2 4 1
|2 8 6 4/ 12 10 0[j0 4 2 2
A=13 10 8 8[=[{3 11 oflo 0 2 3|=LV
4 12 10 6 4 1 2 1110 0 0 -8
Use the forward-substitution method to solve LY = B:
»n =21
2 =
) Y1+ 2 52
3yi+y2+ ¥ =79

4yt +y2+2y3 + yq =82,

Compute the values y1 = 21, y; = 52 —2(21) = 10, y3 = 79 — 3(21) — 10 = 6, and
ya=82-4(21) - 10~2(6) = —24,0r¥ = [21 10 6 —24]" Next write the system
vx=Y:
X142 +4x34+ xq= 21
4x2=2xa4+2x4= 10
—2x3+3x4= 6
—614 = =24,

{7
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Now use back substjtutioﬁ and compute the solution x4 = —24/(—6) = 4,x3 = (6 —
34N/(-2) =3, 2 = (10-2(4) +2(3))/4 =2, and x1 =21 — 4 - 4(3) = 2(2) = 1, 0r
x=[1 2 3 4]. n
Triangular Factorization

We now discuss how to obtain the triangular factorization. If row interchanges are not
necessary when using Gaussian elimination, the multipliers m;; are the subdiagonal
entries in L.

Example 3.21. Use Gaussian elimination to construct the triangular factorization of the

matrix
4 3 -1
A=]-2 -4 5/|.
1 2 6

The matrix L will be constructed from an identity matrix placed at the left. For each row
operation used to construct the upper-triangular matrix, the multipliers m;; will be put in
their proper places at the left. Start with

1 0 0 4 3 -1
A=|0 1 0f|-2 -4 5].
001 1 2 6

Row 1 is used to eliminate the elements of A4 in column 1 below aj1. The multiples m3| =
—0.5 and m3; = 0.25 of row 1 are subtracted from rows 2 and 3, respectively. These
multipliers are put in the matrix at the left and the result is

1 0 014 3 -1
A=|-05 1 0|06 =23 45].
025 0 1]{0 125 6.25

Row 2 is used to eliminate the elements of A in column 2 below a22. The multiple 3o =
—0.5 of the second row 1s subtracied from row 3, and the multiplier is entered in the matrix
at the left and we have the desired triangular factorization of A.

1 0 0|4 3 -1
(8) A=i—05 1 0[10 —-25 45]}.
025 -05 1|0 0 85 .

Theorem 3.10 (Direct Factorization A = LU. No Row Interchanges). Suppose
that Gaussian elimination, without row interchanges, can be successfuily performed to
sulve the general linear system AX = B. Then the matrix A can be factored as the
product of a lower-triangular matrix L and an upper-triangular matrix U:

A=LU.
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Furthermore, L can be constructed to have 1°s on its diagonal and U will have nonzero
diagonal elemnents. After finding L and U, the solution X is computed in two steps:

1. Solve LU = B for Y using forward substitution.
2. Solve UX =Y for X using back substitution.

Proof. We will show that, when the Gaussian elimination process is followed and
B is stored in column N 4 1 of the augmented matrix, the result after the upper-
triangularization step is the equivalent upper-triangular system I/ X = ¥. The matrices
L.U, B,and Y will have the form
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forr=2:N
1 1),
mel = ar‘:‘])/agl :
ay) = M),

force=2:N+1
1).
o =il ~m1 vl

end
end

The new elements are written a,fg) to indicate that this is the second time that a
number has been stored in the matrix at location (r, ¢). The result after step 2 is

T 0 0 07 Caly )]
mzi 1 0 ‘1521&4-1
m m 1 4] 3
L=|™mn m2 B =| %N+
(N)
| MNT N2 My lj aNN+lJ
(1) [4Y] (1) [ (1 7
Gy 4y G aN Gl N+l
2) (2} @ )
0 ay ay N ANt
(3) 3 3
v=|0 0 ay 3N |, Y = | B3N+l
{N) (N)
0 ] 0 aNNJ ay Nl

Remark. To find just L and U, the (N + 1)st column is not needed.
Step 1. Siore the coefficients in the augmented matrix. The superscript on a..’
means that this is the first time that a number is stored in location {r, ¢).

1 48] 4y} 43 1) T
F "gl) a); diz YN | (N4
@ @ @l @
map @y G N | TN+
2) 2) {2} 2}
m3r 43y A4z sy | 3Nyl
@ @ o | @
my1 dyz 8N3 ann | BN N+1 i

Step 3. Eliminate x; in rows 3 through N and store the multiplier m,,, used to
eliminate x; in row r, in the matrix at location (r, 2).

forr=3:N
(2, (2).
My = ar2)/a22),
ar) = Mr2;
forc=3:N+1
2
a2 = a2 —mpaxal;
end
end

The new elements are written a,g) to indicate that this is the third time that a num-
ber has been stored in the matrix at the location {r, c).

0

(1)

sy

(1}

]

4y 4y agy 4N | YNl
My () My | 4D
Gy Gy Gy BN | TN+
)] (1) (1) (1} (1
43 43 43y BN | FNg
m m m | m
ayy Gy Ay3 AN | AN Nyl

(1} (1)

(H

(1)

(1

( a4 453 x| AN+t
(2} (2} 2) (2)

mz1 4y 4y N | FaN+1
(3} (3) 3

mz|  m32  dyp N | BN+
& & | o

Myi MN2 Gy Ayn | ANN+1

|_ —

Srep 2. Eliminate x| in rows 2 through N and store the multiplier m,, used to
eliminate x| in row r, in the matrix at iocation (r, 1).

Step p + 1. This is the general step. Eliminate x, in rows p + | through N and
store the multipliers at the location (r, p).
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forr=p+1:N

ey =P a2

Grp = Myp;
forc=p+1:N+1

+1
o = 4P

end
end

— Mp * ﬂég);

The final result after x .., has been eliminated form row N is

- (D (1) (L (1 (1) ]

a8 43 4N | AN+l
2 2 @ 2

ma1 Qyp 4y 0 oy | oy
3) 3) 3)

mzt m3z  diz3 oo A3y | @3N
™ |

mNL my2 MN3 - Gy [ @y ngy

The upper-triangular process is now complete. Notice that one array is used to store
the elements of both L and U. The 1's of L are not stored, nor are the 0's of L and
{7 that lie above and below the diagonal, respectively. Only the essential coefficients
needed to reconstruct L and U are stored!

We must now verify that the product LU = A. Suppose that D = LU and
consider the case when r < ¢. Then d,. is

2 -1
(9) dre = mpal) + mpaal) + -+ mppe1a?) +al.

Using the replacement equations in steps 1 through p+1 = r, we obtain the following

substitutions:
1 2
mia® = o - af,
(2) 2 3
mpds. = a:(-c) - aj{'c)'

(10

Die =at ) - afl.

Mrr—1G, ¢

When the substitutions in {10) are used in (9), the result is
- 1
o= alh —a® +af? — a2+ o ali - o2 +a =ald.

The other case, r > c, is similar to prove. .

SEC.3.5 TRIANGULAR FACTORIZATION 147

Computational Complexity

The process for triangularizing is the same for both the Gaussian elimination and tri-
angular factorization methods. We can count the operations if we look at the first N
columns of the augmented matrix in Theorem 3.10. The outer loop of step p + 1 re-
quires N — p = N — (p + 1} + 1 divisions to compute the multipliers m,p. Inside the
loops, but for the first N columns only, a total of (N — p){N ~ p) muitiplications and

the same number of subtractions are required to compute the new row elements aif +h,
This process is carried out for p = 1, 2, ..., N — 1. Thus the triangular factorization

portion of A = LU requires

N-1 N3 - N
iy Y WN-pWN-p+1)= . multiplications and divisions,
p=l1
and
N-t 3 _aN2 .
(12) Z(N -pYN—p)= w subtractions.
p=i

To establish (11), we use the summation formulas

M M
Yr=MMED Ly e MMVEMAD
k=1 2 k=1 6

Using the change of variables k = N — p, we rewrite (11) as

N-1 N-1 N—-1
2WN-—PpW—p+=3 (N-p)+ ) (N-p)
1

p=1 = p=1
N—1 N-1
=) k+y K
k=1 k=1
(N-1DN (N-DNQCN-1)

_N*-N
=

Onbbithe triangular factorization A = LU has been obtained, the solution to the
lower-triangular system LY = B will require 0+ 1+ --- + N — | = (N? -~ N)/2
muitiplications and subtractions; no divisions are required because the diagonal ele-
ments of L are 1’s. Then the solution of the upper-triangular system UX = ¥ requires
14+2+---4+ N = (N? + N)/2 multiplications and divisions and (N* — N)/2 sub-
tractions. Therefore, finding the solution to LUX = B requires

N? multiplications and divisions, and N2 — N subtractions.
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We see that the bulk of the calculations lies in the triangularization portion of the
solution. If the lincar system is to be solved many times, with the same coefficient
matrix A but with different column matrices B, it is not necessary to triangularize the
matrix each time if the factors are saved. This is the reason the triangular factorization
method is usually chosen over the elimination method. However, if only one linear
system is solved, the two methods are the same, except that the triangular factorization
method stores the muitipliers,

Permutation Matrices

The A = LU factorization in Theorem 3.10 assumes that there are no row inter-
changes. It is possible that a nonsingular matrix A cannot be directly factored as
A=LU.

Example 3.22.  Show that the following matrix cannot be directly factored as A = LU:

6
-1

1
A= 4
-2 5

W co N

Suppose that A has a direct factorization LU; then

12 6 1 0 0f{=n wuiz up
(13) 4 8 -l|l=|mn 1 0 0 wx up
-2 3 my; mp 1 0 0 us3

The matrices L and U on the right-hand side of (13) can be multiplied and each element
of the product compared with the corresponding element of the matrix A. In the first
column, I = lujy, then 4 = mau;1 = mo, and finally -2 = majugy = ms3;. In
the second column, 2 = luy, then 8 = myup = (@N2) + ux implies that uyn = 0,
and finally 3 = maju12 + m3zuzr = (~2)(2) + m32(0) = —4, which is a contradiction.
Therefore, A does not have a LU factorization. "

A permutation of the first ¥ positive integers 1, 2, .. ., N is an arrangement k;, k2,
... ky of these integers in a definite order. Forexample 1, 4, 2, 3, 5is a permutation of
the five integers 1, 2, 3, 4, 5. The standard base vectors E; =[00 --- 01; 0 --- 0},
fori = 1,2,..., N, are used in the next definition.

Definition 3.5. An N x N permutation matrix P is a matrix with precisely one entry
whose value is 1 in each column and row, and all of whose other entries are (. The

rows of P are a permutation of the rows of the identity matrix and can be written as

(14) P=[E, E, .. E,].
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- The elements of P = [ p;;] have the form

L 1 j=k,
pij = 0  otherwise.

For example, the following 4 x 4 matrix is a permutation matrix,

01 00
1 000 ’

(15) P=\0 0o 0 1|=[B2 Ei Ei Ei]. A
0010

Theorem 3.11. Suppose that P = [E; Ej, ... E;N]lis a permutation matrix.

The product P A is a new matrix whose rows consist of the rows of A rearranged in
the order rowg, A, row, 4, ..., Towg, A.

Example 3.23. Let A be a4 x 4 matrix and let P be the permutation matrix given in (15Y,
then P A is the matrix whose rows consist of the rows of 4 rearranged in the order rows A,
row] A, rowg A, rows 4.

Computing the product, we have

01 0 0|[ay ap a3 au azy ap ax axn

1 0 0 Offan an an au|_|ay a2 a3 au

0 0 0 1f(as a2 a3 au aq] a4 da3 as

0 01 O0|{ayn aw ass au asz] 432 433 a4 -
Theorem 3.12. If P is a permutation matrix, then it is nonsingular and P~! = P’.

Theorem 3.13. If A is a nonsingular matrix, then there exists a permutation matrix
P sothat P A has a triangular factorization

(16) PA=LU.
The proofs can be found in advanced linear algebra texts.

Example 3.24.  If rows 2 and 3 of the matrix in Example 3.22 are interchanged, then the
resulting matrix P A has a triangular factorization.

The permutation matrix that switches rows 2and 3is P = [E; Ej Ej]. Comput-
ing the product P A, we obtain

1 00 1 2 6 1 2 6
PA=10 Q0 1 4 8 1i=3-2 3 5§
01 0]1-23 5 4 8 -1
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Now Gaussian elimination without row interchanges can be used:

pivot — 1l 2 6
my=-21-2 3 5
mi3; = 4 4 8 -1

After x2 has been eliminated from column 2, row 3, we have

P 2 6
pivot— {0 _7 17 =¥
myp=0|(0 0 =25 .

Extending the Gaussian Elimination Process

The following theorem is an extension of Theorem 3.10, which includes the cases
when row interchanges are required. Thus triangular factorization can be used to find
the solution to any linear system AX = B, where A is nonsingular.

Theorem 3.14 (Indirect Factorization: PA = LU). Let A beagiven ¥ x N
matrix. Assume that Gaussian elimination can be performed successfully to solve the
general linear system AX = B, but that row interchanges are required. Then there
exists a permutation matrix P so that the product P A can be factored as the product
of a lower-triangular matrix L and an upper-triangular matrix U:

PA=LU.

Furthermore, L can be constructed to have 1’s on its main diagonal and U/ will have
nonzero diagonal elements. The solution X is found in four steps:

1. Construct the matrices L, U, and P.

2. Compute the column vector P B.

3. Solve LY = P B for ¥ using forward substitution.
4, Solve UX =Y for X using back substitution.

Remark. Suppose that AX = B is to be solved for a fixed matrix A and several differ

ent column matrices B. Then step 1 is performed only once and steps 2 through 4 ar.
used to find the solution X that corresponds to B. Steps 2 through 4 are a computatio

ally efficient way to construct the solution X and require O (N?) operations instead 1|
the O(N?) operations required by Gaussian elimination,
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MATLAB

The MATLAB command [L,U,P]=1u(A) creates the lower-triangular matrix L, the
upper-triangular matrix U (from the triangular factorization of A), and the permutation
matrix P from Theorem 3.14,

Example 3.25.  Use the MATLAB command [L,U,P]1=1u(A) on the matrix 4 in Ex-
ample 3.22. Verify that A = P~ AU (equivalent to showing that P4 = LU).

>»A=[1 2 6 ;4 8 -1;-2 3 -5];
>>[L,U,PI=1u(A)

L=
1.0000 0 0
-0.5000 1.0000 0
0,2500 0O 1.0000
U=
4.0000 8.0000 ~1.0000
0 7.0000 4,5000
0 4] 6.2500
P=
010
001
100
>>inv(P)*L*U
1 26
4 8 -1
-235 =

As previously indicated the triangular factorization method is often chosen over the
elimination method. In addition, it is used in the inv(A) and det (A) commands in
MATLAB. For example, from the study of linear algebra we know that the determinant
of a nonsinguiar matrix A equals (~1)7 detU, where U is the upper-triangular matrix
from the triangular factorization of A and g is the number of row interchanges required
to obtain P from the identity matrix I. Since U is an upper-triangular matrix, we

know that the determinant of U is just the product of the elements on its main diagonal

{Theorem 3.6). The reader should verify in Example 3.25 that; det(4) = 175 =
(=DX(175) = (-1 det(V).

The following program implements the process described in the proof of Theo-
rem 3,10. It is an extension of Program 3.2 and uses partial pivoting, The interchang-
ing of rows due Lo partial pivoting is recorded in the matrix R. The matrix R is then
used in the forward substitution step 10 finc the matrix ¥,
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Program 3.3 (PA = LU: Factorization with Pivoting). .To construct the solu- | for k=N-1:-1:1
tion to the linear system AX = B, where A is a nonsingular matrix. X(k)=(Y(k)-A(k,k+1:N)*X(k+1:N))/A(k,k);
end
function X = lufact(4,B)
#Input - A is an N x N matrix
% - B is an N x 1 matrix Exercises for Triangular Factorization
%#0utput - X is an N x 1 matrix containing the sclution to AX = B.
%Initialize X, Y, the temporary storage matrix C, and the row 1. Solve LY = B, UX =Y, and verify that B = AX for(a) B = [—4 10 5]' and
% permutation information matrix R (b) B =[20 49 32]f, where A = LU is
[N,N]l=size(4);
X=zeros(N,1); 2 4 -6 1 0 0|2 4 -6
Y=zeros{(N,1)}; 15 3{=|1/2 1 0O}|0 3 +6f.
C=zeros(1,N); 1 3 2 /2 173 110 0 3
R=1:N; ’
. N1 2. Solve LY = B,UX = ¥, and verify that B = AX for{a) B = [7 2 10] and
or p=1:N- _ , _ .
%Find the pivot row for column p ®B=[23 35 7] where A = LU s
{max1, j]=max(abs(A(p:N,p))}; 1 1 6 1 0 01 1 6
AInterchange row p and j -1 2 9|=|-1 t o||0 3 15{.
C=A{p,:); 1 -2 3 1 -1 1{]lo o 12

A(p, :)=A(j+p-1,:);
P 4 3. Find the triangular factorization A = LU for the matrices

A(j+p-1,:)=C; - Z - -
R(P):ﬁ(j-q.p_i) ; (a) 1 0 3 (b) 31 6
R(j+p-1)=d; L 3 1 6] =5 2 -1]
if Alp,p)==0 4. Find the triangular factorization A = LU for the matrices
’A is singular. No unique solution’ 4 2 1 t -2 7]
break @ |2 5 -2 by 14 2 1
end 11 -2 7] |2 5 -2
%Calculate multiplier and place in subdiagomal portion of A 5. Solve LY = B,UX =Y, and verify that B = AX for@ B=[8 —4 10 4]
for k=p+1:N and(b) B=[28 13 23 4] where A=LUis
mult=A(k,p)/A{p,p);
A(k,p) = nult; 4 8 4 0 ]1 0 0 014 8 4 0
A(K,p+1:N)=A(k,p+1:N) -mult*A(p,p+1:N}; P54 =30 | :} 00110 3 3 =3
end 147 2 3 1ofjooa 4
— ]
end 1 3 0 =2 i3 -3 1000 1
#Solve for Y 6. Find the triangular factorization A = LU for the matrix
Y(1) = B(R(1));
for k=2:N 1 1.0 4
Y(k)= B(R(K))-ACK,1:k~1)#Y(1:k~1); 2 —; f g
end -3 0 2 6

%Solve for X
X(N)=Y(N)/A(N,N}; 7. Establish the formula in (12).
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8. Show that a triangular factorization is unique in the following sense: If A is nonsin- R,
gularand L\ U/)y = A = LU, then Ly = Loand Uy = . AN—
9. Prove the case r > ¢ at the end of Theorem 3.10. _,,‘L _l'
10. (a) Verify Theorem 3.12 by showing that PP’ = I = P'P for the permutation E:_—.— T _E
matrix
0100 -—’\N\r 4W'w
P= 1P 000
10001 I
0010 —AA
_ R Figure 3.5 The electrical network
(b} Prove Theorem 3.12. Hint. Use the definition of matrix multiplication and the 6 for Exercise 4.

fact that each tow and column of P and P’ contains exactly one 1.

11. Prove that the inverse of a nonsingular N x ¥ upper-triangular matrix is an upper-
4. Kirchoff’s voltage law says that the sum of the voltage drops around any closed path

triangular matrix.
in the network in a given direction is zero. When this principle is applied to the circuit
shown in Figure 3.5, we obtain the following linear system of equations:
Algorithms and Programs (Ri+ Ry + Ra)I1 + R3ly + Rily = E
(M Rshh +(Ra+ Rz + Rs)h — Rsh = E»
1. Use Program 3.3 to solve the system AX = B, where Rafy — Rshy + (R4 + Rs + Re)z =
1 3 57 1 Use Program 3.3 to solve for the current 1, Iz, and {3 if
A= 2 —1 3 5 and B~ 2 (a) RJ=1,R2=1,R3=2,R4=1,R5=2.R6=4,andE1=23,E2=29
0 0 25 13 thy R1=1,K;1,=0.75,33=1,R4=2,R5=1,R5=4,andEi=l?_
-2 -6 -3 1 4 E; =215

(c) Ri=1,R; =2, R3=4,R1=3,Rs=1,Rs=5,and E)1 =41, E; =38

Use the [L,U,P)=1u(4) command in MATLAB 1o che
0 check your answer. 5. Tn caleulus the following integral would be found by the technique of partial fractions:

2. Use Program 3.3 to solve the linear system AX = B, where A = [ai;]yxn and

ajj = i/~1, and B = [bi;]nx1. where by = N and by = i¥=2/(i — 1) fori = 2. [ xt+x+1
Use N = 3,7, and 11. The exact solutionis X = [1 1 ... 1 1]. Explain any (= Dix =D - 3 + 1)
deviat; A
evla-hons from the exact solution. This would require finding the coefficients A;, fori = 1,2, ..., 6, in the expression
3. Modify Program 3.3 so that it will compute A" by repeatedly solving N linear sys-
tems 2 4x+1
_ x — D —Dx —3Y2(2+1)
ACy=E; forJ=1,2, ..., N. Ay As . A . A Asx + Ag
Then (x -1 (x -2y x-32 -3 x4+
Use Program 3.3 to find the partial fraction coefficients.
A[C; €, ... Cy]=[E\ E: ... E] g : _
and 6. Use Program 3.3 to solve the linear system AX = B, where A is generated us-
N ing the MATLAB command A=rand(10,10) and B=[1 2 3 ... 10]’. Remem-
=[¢ €2 ... cw]. ber o verify that A is nonsingular (det (A)# 0) before using Program 3.3. Check

Mak hat be LU factorizat ' the accuracy of your answer by forming the matrix difference AX ~ B and ex-
€ sure that you compute the actorization only once! amining how close the elements are to zero (an accurate answer would produce
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AX — B = 0). Repeat this process using a coefficient matrix A generated by the
command A=rand (20,20) and B=[1 2 3 ... 20]’, Explain any apparent dit-
ferences in the accuracy of Program 3.3 on these two systems.

7. In(8) of Section 3.1 we defined the concept of linear combination in N-dimensional

space. For example, the vector (4, —3), which is equivalent to the matrix [4 —3] .
could be written as a linear combination of [1 0] and [0 1]

(5]l + > [3]

Use Program 3.3 to show that the matrix [1 3 5 7 9] canbe written as a line
combination of

0 2 3 5 1
4 0 2 6 4
=20, 10(, 10/, |-3{., and -2
3 4 5 0 7
—1 4 1 2 0

Explain why any matrix [X1 X2 X3 X4 xs]’ can be written as a linear combina-
tion of these matrices.

3.6 Iterative Methods for Linear Systems

The goal of this chapter is to extend some of the iterative methods introduced in Chap-
ter 2 to higher dimensions. We consider an extension of fixed-point iteration that ap-
plies to systems of linear equations.

Jacobi Iteration
Example 3.26. Consider the system of equations

dx— y+ z= 7
(N 4x ~8y+ z=-21
—2x+4+ y+5z= 15

These equations can be written in the form

_T+y—z
- 4
21+4
@ y=__L8w
15+2x—y
z=——5_.
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Table 3.2 Convergent Jacobi Iteration for the Linear

System (1)

k X Yk 2k

0 1.0 20 2.0

1 1.75 3.375 3.0

2 1.84375 3.875 3.025

3 1.9625 3.025 2.9625

4 199062500 3.97656250 3.00000000

5 1,99414063 3.99531250 3.00093750
15 199999993 3.99999985 2199999993
19 2.00000000 4.00000000 3.00000000

This suggests the following Jacobi iterative process:

7+ Yi— %%
Xy = — —
2l +dxe + 2
& Y+t = _-—8—*_-_’{
154+ 2z —
k41 = —"—E—"—'—
Let us show that if we start with Py = (xg. yp.20) = (l. 2, 2}, then the iteration in (3)

appears to converge ta the solution (2, 4, 3).
Substitute xg = 1. yp = 2, and zp = 2 into the right-hand side of each equation in (3)
10 obtain the new values

2 -
x1=——-—7+4 2 175
1+442
y1=————2 +8+ =3.375
15+2-
z|=——+5~—2=3.00.

The new point P; = (1.75, 3.375, 3.00) is closer to (2, 4, 3) then Py. Iteration us-
ing (3) generates a sequence of points { Py} that converges to the solution (2, 4, 3) (see
Table 3.2). =

This process is called Jacobi iteration and can be used to solve certain types of
linear systems. After 19 steps, the iteration has converged to the nine-digit machine
approximation (2.00000000, 4 00000000, 3.00000000).
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Linear systems with as many as 100,000 variables often arise in the solution w1
partial differential equations. The coefficient mairices for these systems are sparsc:
that is, a large percentage of the entries of the coefficient matrix are zero. If ther:
is a pattern to the nonzero entries (i.., tridiagonal systems), then an iterative proce-~-
provides an efficient method for solving these large systems.

Sometimes the Jacobi method does not work. Let us experiment and see that ..
rearrangement of the original linear system can result in a system of iteration equation-
that will produce a divergent sequence of points.

Example 3.27. Let the linear system (1) be rearranged as follows:

~2x+ y+5z= 15
) 4x —8y+ z=-21
x— y+ z= T

These equations can be written in the form

_ —I54+y+35z
- 3
5 21+4x +2
y=—_8""_
z=T7—4x+y.

This suggests the following Jacobi iterative process:

=154 yx + 5z

x‘,_'_l = _-_3._._..-
(6) 21 4+ 4x + 24
Y1 = — s

i+l =T —dxg + yi.

See that if we start with Pg = (xo, ¥o. z0) = (1, 2,2) then the iteration using (6) wil'
diverge away from the solution (2, 4, 3).
Substitute x¢ = 1, yo = 2, and zp = 2 into the right-hand side of each equation in (6
to obtain the new values x1, y;, and z;:
—15+2
x| = ——-——-~+2 +10 =—1.5
1 2
y= 2—+-;—+-— =3375
27=7T-4+2=5.00

The new point P; = (1.5, 3.375, 5.00) is farther away from the solution (2, 4, 3) than Py
Iteration using the equations in (6) produces a divergent sequence (see Table 3.3). I
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Table 3.3 Divergent Jacobi Iteration for the Linear

System (4)

k X Yk Zk

0 1.0 2.0 2.0

1 ~1.5 3.375 5.0

2 6.6875 2.5 16.375

3 34.6875 8.015625 —17.25

4 ~46.617188 17.8125 —123.73438
5 —307.929683 -36,150391 211.28125
6 502.62793 —124.929688 1202.56836

Gauss-Seidel Iteration

Somenmes the convergence can be speeded up. Observe that the Jacobi iterative pro-
cess (3) yields three sequences {x}, {¥¢], and (zx] that converge to 2, 4, and 3, respec-
tively (sec Table 3.2). It seems reasonable that x4, could be used in place of xz in
the computation of yy.. Similarly, x¢.1 and ye4; might be used in the computation
of z;.. The next example shows what happens when this is applied to the equations
in Example 3.26.

Example 3.28. Consider the system of equations given in (1) and the Gauss-Seidel iteva-
tive process suggested by (2):

T+ ye— 2k
Xpp) = ——
4
! 2144
e oy = A 2
I5 4 2xp1 ~ yis
Tepl = —— —.

See that if we start with Pg = (xp. yg. 20) = (1, 2. 2). then iteration using (7) will converge
to the solution (2, 4, 3).
Substitute yp = 2 and zg = Z into the first equation of (7) and obtain

= P22
1= 2 =173
Then substituie x; = 1.75 and zo = 2 into the second equatien and get
214 4(175) + 2
yo = “(x ZT2 =37

Pinaily, substituie x; = 1.75 and y; = 3.75 into the third equation to get

15 2(1.75) — 3.75
= =29

<1
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Table 3.4 Convergent Gauss-Seidel Iteration for the

System (1)
k b Yk Zk
0 i.0 20 2.0
i 1.75 3.75 295
2 1.95 3.96875 2.98625
3

1.995625 3.99609375 2.99903125

1.99999083 399999988 2.99999996
1.99999998 3.99999999 300000000
2.00000000 4.00000000 3.00000000

(=B =30 RPN

The new point Py = (1,75, 3.75, 2.95) is closer to (2, 4, 3) than Py and is better than the
value given in Example 3.26. lteration using (7) generates a sequence { Py} that converges
to (2, 4, 3) (see Table 3.4). H

In view of Examples 3.26 and 3.27, it is necessary to have some criterion to de-
termine whether the Jacobi iteration will converge. Hence we make the following
definition.

Definition 3.6. A matrix A of dimension N X N is said to be strictly diagonally
dominant provided that

N
(8) |akk|>2|akj| fork=1,2, ..., N. i

ot

yor

This means that in each row of the matrix the magnitude of the element on the
main diagonal must exceed the sum of the magnitudes of al} other elements in the row
The coefficient matrix of the linear system (1) in Example 3.26 is strictly diagonally
dominant because

In row I; 4 = {— 1]+ (L]
In row 2: | — 8 > |4]| + i1
In row 3: I5] = | - 2]+ |1].

All the rows satisfy relation (8) in Definition 3.6; therefore, the coefficient matrix A
for the linear system (1) is strictly diagonally dominant.
The coefficient matrix A of the linear system (4) in Example 3.27 is not strictly
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diagonally dominant because

Inrow 1: | - 2] < |1] + |5}
In row 2: t— 8 > |4{+ 111
In row 3: 1 < |4+ | —~ 1.

Rows 1 and 3 do not satisfy relation (8) in Definition 3.6; therefore, the coefficient
matrix A for the linear system (4) is not strictly diagonally dominant.

‘We now generalize the Jacobi and Gauss-Seidel iteration processes. Suppose that
the given linear system is

anxy +aizxy +--+ayx;i+--+ ainxy =by
anxy+anxy +--+ayx; 4+ awnxy =bo

9 ' ) )

aji x| +apxy +---+ajxj+---+ ajNxN =bj

an1x1 +aN2x2+---+aijj + -+ aNNxN=bN.
Let the kth point be Py = (xik), xgc), Y‘), U‘))' then the next point is
Piyy = (x“‘"'l) x,‘(,””, .. .,x”“{'”, s ,{f*”]. The superscript (%) on the coor-

dinates of Py enables us to 1dent1fy the coordinates that belong to this point. The
iteration formuias use row j of (9) to solve for x("“) in terms of a linear combination

of the previous values x(©, x| x;k)‘ 3 xc)
Jacobi iteration:
k) _x® ® )
k1) _ bj~ajxy’ — - —ajiax;’) —ajpx ] — - —ajNxy
10 !
ajj

forj=1,2,...,N.
Jacobi iteration uses all old coordinates to generate all new coordinates, whereas
Gauss-Seidel iteration uses the new coordinates as they become available:

Gauss-Seidel Iteration:

(k+1) (k+1) N ® @
(11 I(ic+1) bj —ajix| a”_lx]l —aj41x® ~ gyl
ajf

forj=12,...,N.
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The following theorem gives & sufficient condition for Jacobi iteratton to converge.

Theorém 3.15 (Jacobi Iteration). Suppose that A is a strictly diagonally dominant
matrix. Then AX = B has a unique soiution X = P. Iteration using formula (10)
will produce a sequence of vectars { Py} that will converge to P for any choice of the
starting vector Py.

Proof. The proof can be found in advanced texts on numerical analysis. .

[t can be proved that the Garss-Seidel method will also converge when the ma-
trix A is strictly diagonally dominant. In many cases the Gauss-Seide] method will
converge faster than the Jacobi raethod; hence it is usually preferred (compare Exam-
ples 3.26 and 3.28). It is important to understand the slight modification of formula
(10) that has been made to obtain formula (11). In some cases the Jacobi method will
converge even though the Gauss-Seidel method will not.

Convergence
A measure of the closeness between vectors is needed so that we can determine if
{Pi] is convergihg to P. The Eunclidean distance {see Section 3.1) between P =
(x3,x2,...,xn)and @ = (y1, y2,.... yN) is
N 1/2
(12) 1P — Q= (Z(x; - y,-)z) .
j=1
Its disadvantage is that it requires considerable computing effort. Hence we intraduce
a different norm, || X,

N
(13) X =3 Il
j=1

The following resuit ensures that { X {|, has the mathematical structure of a metiic
and hence is suitable to use as a generalized “distance formula.” From the study of
linear algebra we know that on a finite-dimensional vector space all norms are equiv-
alent; that is, if two vectors are close in the |||/, norm, then they are also close in the
Euclidean norm [[*|.

Theorem 3.16. Let X and ¥ be N-dimensional vectors and ¢ be a scalar. Then the
function || X ||; has the following properties:

(14) 1X); =0,
(15) (X)) =0 ifandonlyif X =40,
(16) fleXly = lel XNy,

(7 BX 4+ Yily < §XH + iYL .
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_-.Praof. . We prove (17) and leave the others as exercises. For each J, the triangle
tequality for real numbers states that [x; + y 71 = Il + ly;l. Summing these yields
fnequality (17):

N N N
IX+YD = b+ 309l + 3 dyjl = Xl + WPy
J=1 '

j=1 j=1
The norm given by (13) can be used to define the distance between points. .

Definition 3.7.  Suppose that X and Y are two points in N-dimensional space. We
define the distance between X and ¥ in the |{*{|, norm as

N
X =¥l =" 1x; =yl N
7=l

Example 3.29. Determine the Euclidean distance and [|+{|, distance between the points
P=(2,4 3 and Q = (1.75, 3.75, 2.95).
The Euclidean distance is

(P~ QU = (21757 + (4 ~3.75)% + (3 — 2.95)%)1/2 — 0.3570.
The lf«|l, distance is
hP — @) = 12— 175 + |4 — 3.75] + |3 — 2.95| = 0.55.

The N1x)); is easier to compute and use for determining convergence in N-dimensional
space. ]

The MATLAB command A(j, [1:j~1,j+1:N1) is used in Program 3.4. This
effectively selects all elements in the jth row of A, except the element in the jth
cotarn (i.e., A{j, 7). This notation is used to simplify the Jacobi iteration (10) step
in Program 3.4.

In both Programs 3.4 and 3.5 we have used the MATLAB command norm, which
i3 the Buclidean norm. The flxf}; can also be used and the reader is encouraged to
check the Help menu in MATLAB or one of the reference works for information on
the nerm command.

Program 3.4 (Jacobi Iteration). To solve the linear system AX = B by starting
with un initial guess X = Pp and generating a sequence { £} that converges to the
whaton. A sufficient condition for the method 1o be applicable is that A is strictly
diagonally dominant.

function X=jacobi(4,B,P,delta, maxi)

% Iaput - A is an N x N nonsingular matrix
% - B is an N x 1 matrix



164 CHAP.3 THE SOLUTION OF LINEAR SYSTEMS AX = B

P is an N x 1 matrix; the initial guess
delta is the tolerance for P

h
%

% - maxl is the maximum number of iterations
% Dutput - X is an N x 1 matrix: the jacobi approximation to
% the solution of AX = B
N = length(B);
for k=1:maxl
for j=1:N
X(§)=(B(30-A(j, [1:5-1,j+1:NDD*P([1:3-1,3+1:N1))/A(5,3);
end

err=abs{norm(X’-P});
relerr=err/(norm(X) +eps) ;
P=X’;
if(err<delta) | (relerr<delta)
break
end
end
X=X’;

Program 3.5 (Gauss-Seidel Iteration). To soive the linear system AX = B |
by starting with the initial guess X = Pg and generating a sequence { Py} that |
converges to the solution. A sufficient condition for the method to be applicable is :
that A is strictly diagonally dominant. '

i
|
'
|

function X=gseid(A,B,P,delta, maxl)
% Input ~ A is an N x N nonsingular matrix

% ~ B is an N x 1 matrix

% ~ P is an N x 1 matrix; the initial guess
% ~ delta is the tolerance for P

% ~ maxl is the maximum number of iterations
% Output - X is an N x 1 matrix: the gauss-seidel
% approximation to the solution of AX = B

N = length(B);

for k=1:maxi
for j=1:N
if j==1
X(1)=(B(1)-A(1,2:N)*P(2:N))/4(1,1);
elseif j==
XN =(BMN)-A(N,1:N-1)*(X(1:N-1)) ) /A(N,N);
else
%X contains the kth approximations and P the (k-1)st
X(§)=(B(3)-A(F,1:j-10*X(1:§-1)
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-ACH, JHLN)*P(j+1:N))/AC5, 3D
end
end
err=abs (norm{X’-P));
relerr=err/(norm{X)+eps) ;

P=X’;
if (err<delta) | (relerr<delta)
break
end
end
X=%7;

Exercises for Iterative Methods for Linear Systems

In Exercises 1 through 8:
(a) Start with Py = 0 and use Jacobi iteration to find P, for k = 1, 2, 3. Will Jacobi

iteration converge to the solution?
(b) Start with Pg = 0 and use Gauss-Seidel iteration to find Py for k = 1, 2, 3. Will

Gauss-Seidel iteration converge to the solution?

. 4x-~ y=15 2. 8x—3y= 10
x+5y= 9 —x+4y= 6
3. —x+3y= 1 4. 2x+3y= 1
6x~2y= 2 Tx—2y= 1
5. S5x—~ y+ z= 10 6. 2x+8y~ z= 11
2x 48— z= 1 Sx— y+ z= 10
—x+ y+4z= 3 —x+ yt+4z= 3
7. x—~5y— z=-8 8. dx+ y— z=13

4x+ y— z= 13 x=5y— z=-8
2x~ y—6z=-2 2x— y—6z=-2
9. Let X = (x1,x2, ..., xN)- Prove that the ||x{|; norm

N

IXly = bl

k=1

satisfies the three properties (14)—(16).
10. Let X = (xy, x2, ..., x5). Prove that the Euclidean norm

N /2
x| = (Z(mz)
k=1



166 CHAP.3 THE SOLUTION OF LINEAR SYSTEMS AX = B

satisfies the four properties given in {14)-(17).
il. Let X = (xy, x2, ..., xy). Prove that the |||, norm

X = max |xg
X oo lskle |

satisfies the four properties given in (14)—(17).

Algorithms and Programs

1. Use both Programs 3.4 and 3.5 to solve the linear systems in Exercises 1 through &
Use the format long command and detta = 1077,

2. In Theorem 3.14 the condition that A be strictly diagonally dominant is a sufﬁcie‘nt.l?m
not necessary condition. Use both Programs 3.4 and 3.5 and several different initk.|

guesses for Py on the following linear system. Note. The Jacobi iteration appears t.-

converge, while the Gauss-Seidel iteration diverges.

x + z=2
—x4+ ¥ =0
x+2y-3z=0

3. Consider the following tridiagonal linear system, and assume that the coefficient ma:-

trix is strictly diagonally dominant.

dix) +c1x2 by
aixy + daxa + cax3 =b2
azxy + d3x3 +c3x4 =by

an_2xXN-2 tdn—1xN-| +CN-1XN = by
anN—1xN—1 +dnxy = by.

(i) Write an iterative algorithm, following (9)—(11), that will S(_)lve this §ystcm. You
algorithm should efficiently use the “sparseness” of the coefficient matrix.

(ii) Construct a MATLAB program based on your algorithm in and solve the followin:

tridiagonal systems.

17

{1
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(@ dm; + my =3 (b} 4m; + my =1
m; +4mz + m3 =3 m +dmy + my =2
m: +4m3z + mq =3 my +4m3 + my =1

m3 +4my + ms =3 my +4mg + ms =2

myg +4mas + meg =3 mag +4ma + mso =1
myg +4msp =3 nag +4msp =2
4. Use Gauss-Seidel iteration to solve the following band system.
12x) — 200 + x3 =35
—2x +12x - 23 4+ xy =5

X — 20 +12%3 — 2x4 + x5 =5
X2 — 2x3 +12X4 - 2,],'5 <+ X6 =35

X236 — 2x47+ 12x48 — 2xs9+ x50=35
X47 — 2I48 + 12X49 - 2150 =5
x4 — 2xa0+ 12x50 =5

5. In Programs 3.4 and 3.5 the relative error between consecutive iterates is used as a
stopping criterion. The problems with using this criterion exclusively were discussed
in Section 2.3, The linear system AX = B can be rewritten as AX — B — 0. If Xy
is the kth iterate from a Jacobi or Gauss-Seidel iteration procedure, then the norm of
the residual AX; — B is, in general, 2 more appropriate stopping criterion.

Modify Programs 3.4 and 3.5 to use the residual as a stopping criterion. Use the
medified programs to solve the band system in Problem 4.

Iteration for Nonlinear Systems:
Seidel and Newton’s Methods (Optional)

Herative techniques will now be discussed that extend the methods of Chapter 2 and
Section 3.6 to the case of systems of nonlinear functions. Consider the functions

Al y)=x2—2x—y405
flx,y)y=x2+4y? -4,

We seek a method of solution for the system of nonlinear equations
Hrlx, y)=0.

The equations f1(x, ¥} = 0 and fa(x, ¥} = 0 implicitly define curves in the xy-
plane. Hence a solution of the system (2) is a point ( P q) where the two curves cross *

3 Ffix,y) =0 and
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y y=x2-2x+ 05
x2+4y2=4

-1.0

Figure 3.6 Graphs for the nonlinear system y = x? ~ 2x + 0.5
and x? + 4y = 4.

(i.e., both f1(p, q) = 0 and f2(p, g) = 0). The curves for the system in (1) are well
known:

x> —2x+05=0 is the graph of a parbola,

€)] 2 2 . .
x“+4y“—=4=0 isthe graph of an ellipse.

The graphs in Figure 3.6 show that there are two solution points and that they are in
the vicinity of (—0.2, 1.0) and (1.9, 0.3).

The first technique is fixed-point iteration. A method must be devised for generat-
ing a sequence {(p, g&)} that converges to the solution {p, g). The first equation in (3
can be used to solve directly for x. However, a multiple of y can be added to each side
of the secand equation to get x? 4+ 4y2 — 8y — 4 = ~8y. The choice of adding —8y it
crucial and will be explained later. We now have an equivalent system of equations:

x2—~y+05

2

—x% —4y? + 8y +4
y= 3 .

These two equations are used to write the recursive formulas. Start with an initial poin.
(P, go), and then compute the sequence {(Pr+1. gk+1)} using

(4

Pi—qx+05
Pi+1 = 81(Prs qr) = B E—

(&)
—pE —4qf +8qr +4
Gr+1 = g2(pr, qi) = S .
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Table 3.5  Fixed-Point Iteration Using the Formulas in (5)

Case (i): Start with (0, 1) Case (ii): Start with (2, 0)
k " g% k P %
0 0.00 1.00 0 2.00 0.00
1 -0.25 1.00 1 2.25 0.00
2 —0.21875 0.9921875 2 2.78125 —0.1328125
3 —0,2221680 0.9939880 3 4.184082 —0.6085510
4 —0.2223147 0.9938121 4 9.307547 —2.4820360
5 —0.222194] (.9938029 5 44,80623 —15.891091
6 —0,2222163 0.9938095 6 1,011.995 ~392.60426
7 ~0.2222147 0.9938083 7 512,263.2 —205,477.82
8 —0.2222145 0.9938084 This sequence is diverging.
9 —0,2222146 0.9938084

Case (i): If we use the starting value (pg, go} = (0, 1), then

2_ 1405 —0F —4(1)2 +8(1) + 4
o= LI 0S  035 and g = W +8+E_
2 8
Iteration will generate the sequence in case (i) of Table 3.5. In this case the sequence
converges to the solution that lies near the starting value (0, 1).
Case (ii): If we use the starting value (pg, go) = (2, 0, then
2 5 —22 — 4(0)2 4 8(0) + 4
o BZOR0S ol ae (02 +80) +4 _
2 8
Iteration will generate the sequence in case (ii) of Table 3.5. In this case the sequence
diverges away from the solution.

Tteration using formulas (5) cannot be used to find the second solution (1.900677,
0.3112186). To find this point, a different pair of iteration formulas are needed. Start
with equation (3) and add —2x to the first equation and —11y to the second equation
and get

0.0.

x?—4x—y+05=-2xr and 2 +4y: —1ly—4=—11y.
These equations can then be used to obtain the iteration formulas

—pi+4pi+aq — 0.5

Pe+1 = g1{Pr, qi) = 2

(6) 2 2
—pi —4g} + 11g; + 4
G+t = 2P, qi) = T .

Table 3.6 shows how to use (6) to find the second solution.
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Table 3.6  Fixed-point Iteration Using the
Formulas in (6)

k Pk ak

0 2.06 0.00

1 1.75 0.0

2 1.71875 0.0852273

3 1.753063 0.1776676

4 1.808345 0.2504410

8 1.903595 0.3160782
12 1.900924 0.3112267
16 1.900652 0.3111994
20 1.900677 0.3112196
24 1.900677 0.3112186

Theory

We want to determine why equations (6) were suitable for finding the solution near
(1.9, 0.3) and equations (5) were not. In Section 2.1 the size of thé derivative at the
fixed point was the necessary idea. When functions of several variables are used, the
partial derivatives must be used. The generalization of “the derivative” for systems
of functions of several variables is the Jacobian matrix. We will consider only a few
introductory ideas regarding this topic. More details can be found in any textbook on
advanced calculus.

Definition 3.8 (Jacobian Matrix). Assume that fi(x, ¥) and f2(x, y) are functions
of the independent variables x and y; then their Jacobian matrix J (x, y) is

3 o
ox 9y
7
@) oh o
ax oy

Similarly, if fi(x, y, 2), fa(x, y. ), and fi(x, y, z) are functions of the independent
variables x, y, and z, then their 3 x 3 Jacobian matrix J(x, y, z) is defined as follows:

(36 o oh
dx dy oz
®) 8 3
ax 3dy 3z
_Bx dy Bz_ A
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Example 3.30. Find the Jacobian matrix J(x, y,2) of order 3 x 3 at the point (1, 3,2)
for the three functions

fl(xc.y,z)=-1r3--)’2+37-'?-4'*'22
hx,y,.0) =xy+yz+x2

=2
Ay, )= P
The Jacobian matrix is
(of af 3]
ax 8y 322 —2y4+1 —43+2
_|32 3 fr | _iv+z x+z y+x
J(—x!yvz)_ ax ay 3Z 2 ‘l_ :12
o o s x%z xz xz
| ax 3y 8z ]

Thus the Jacobian evaluated at the point (1, 3, 2) is the 3 x 3 matrix

—28
41.
3
— 3 ]
Generalized Differential
For a function of several variables, the differential is used to show how changes of the
independent variables affect the change in the dependent variables. Suppose that we

have

Bl= ) Un

J(1,3,2)= |:

W L

©) u=filx,y,2, v=flry2, ad w=filxy2)

Suppose that the values of the functions in (9) are known at the point (x¢, yo. 20)
and we wish to predict their value at a nearby point (x, y,z). Let du, dv, and d w
denote differential changes in the dependent variables and dx, dy, and dz d'enotg dif-
ferential changes in the independent variables. These changes obey the relationships

a ]
d = 2 (x0. 30, 20) dx + Loxg, yo, 200 dy + L e, yo. 200z,
ax dy dz
32 2 dy + % X z0) dz,
(10) dv= g(xo, ¥o. Zo) dx + 3y (x0. yo, 20} dy 3z (o, Y0, 20

3 af:
dw = %(xo, Yo, 20) dx + s {(x0, ¥0, zo) dy + =2 (x0, yo. z0) dz.
ox ay 3z
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If vector notation is used, (10) can be compactly written by using the Jacobian
matrix. The function changes are d F and the changes in the variables are denoted 4 X.

du dx
(anh dF = | dv | = J(xo, yo, 20} | dy | = J (x0. yo. 20) dX.
dw dz

Example 3.31., Use the Jacobian matrix to find the differential changes (du, dv, duw)
when the independent variables change from (1, 3, 2) to (1.02,2.97, 2.01) for the system
of functions

u=file,y,2)=x" -y +y— 7t 4 72
v=fle,y,.2) =xy+yz+xz
w= filx,y,7) = >

xz

Use equation (11) with J(1,3,2) of Example 3.30 and the differential changes
(dx, dy, dz) = (0.02, —0.03, 0.01) to obtain

du 3 -5 -28[ 002 -0.07
dej=| § 3 411 _003)= 0.05 | .
dw -3 5 =3]| ool ~0.0525

Notice that the function values at (1.02, 2.97, 2.01) are close (o the linear approxima-
tions obtained by adding the differentials du = —0.07, dv = 0.05, and dw = —0.0525 1o
the cormresponding function values fi(1I,3,2) = ~17, S2(1,3,2) = 11, and f5(1,3,2) -
1.5; that is,

Fi{1.02,2.97,2.01) = —17.072 = ~17.01 = £;(1,3,2) + du
f201.02,2.97,2.01) = 11.0493 = 11.05 = f2(1,3.2) + dv
£3(1.02,2.97,2.01) = 1.44864 ~ 1.4475 = f5(1,3,2) + dw.

Convergence Near Fixed Points

The extensions of the definitions and theorems in Section 2.1 to the case of two and
three dimensions are now given. The notation for N-dimensional functions has not
been used. The reader can easily find these extensions in many books on numerical
analysis.

Definition 3.9. A fixed point for the system of two equations
(12) ¥ =g1{x,y) and y=gx,y)

is a point (p, g) such that p = g;(p, ¢) and g = ga2(p, ¢). Similarty, in three dimen-
sions a fixed point for the system

(13) x=g1{x,y,2), y=glx,y.2) and z=gix, ¥ 2)
is apoint (p. q,r) such that P =g (p, q,r), q= gz(p, q, randr = g3(p, q, ). A
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Definition 3.10. For the functions (12), fixed-point iteration is
(14) Pi+1 =81k qe)  and  git) = g2(pr. gi)

fork =0, 1, ... Similarly, for the functions (13), fixed-point iteration is

Pi+1 = g81{Pk» gk, Tk)
{15} G+t = 82(Pks Gk, T)
re+1 = &3(Pi. gk, Tk)

fork=0,1,.... A

Theorem 3.17 (Fixed-Point Iteration). Assume that the functions in (12) and (13)
and their first partial derivatives are continuous on a region that contains the fixed point
(p.gqyor(p, q,r), respectively. If the starting point is chosen sufficiently close to the
fixed point, then one of the following cases applies.

Case (i): Two dimensions. If (pg, qo) is sufficiently close to (p, ¢) and if

ag1 g1
a(p,q)\ +‘ 5y P

< i,

(16)
3g2

A ] 11
By (r q)' <

0
282, q)‘ +
ox

then the iteration in (14) converges to the fixed point (p, g). N
Case (ii): Three dimensions. If (pg, qo, ro) is sufficiently close to {(p, g, r) and it
g
’—65—'(19, q.7)
X

0
ﬁ(p,q,r) <1,
az

)
+|ﬁ(p,q,r) +
dy

<1,

dg
ax

2 g2 9g2
an *(PJIJ)‘*“ 3y (p.q.r) +) P (p.g.r)

2
—gi(p.q,r) <1,
az

2g3 !383
x (p.q.7)|+ 3y p.g.r)|+

then the iteration in (15) converges to the fixed point (p, ¢, r).

If conditions (16) ot (17} are not met, the iteration might diverge. This will usually
be the case if the sum of the magnitudes of the partial derivatives is much larger than 1.
Theorem 3.17 can be used to show why the iteration (5} converged to the fixed point
near (—0.2, 1.0). The partial derivatives are

a 0 . y) = l
ag:(x.y)~x, ayg1 Y)=—a

a x 3
— =-= — JY)=-y+1,
axgz(x,y) e aygz(x ¥ y
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Indeed, for all (x, y) satisfying —0.5 < x < 0.5 and 0.5 < y < 1.5, the partial
derivatives satisfy

a a
il , + 1= s =|x|+]-0.5 <1,
axgl(x y)‘ laygl(x J’)’ ix|+1 [

3 ] | — x|
‘agz(x,y)"*-r@gz(x,)’)‘— 1 +|—v+1] <0625 < 1.

Therefore, the partial derivative conditions in (16} are met and Theorem 3.17 implies
that fixed-point iteration will converge to (p, g) = (=0.2222146, 0.9938084). Notice
that near the other fixed point (1.90068, 0.31122) the partial derivatives do not meet
the conditions in (16); hence convergence is not guaranteed. That is,

= 2.40068 > 1,

aig|(1.90068, 0.31122)| +
X

3
—£1(1.90068, 0.31122)
3y

13132(1.90068,0.31122). + J-éa—~gz(1.90068, 031122)‘ =1.16395 > 1.
X ¥y

Seidel Iteration

An improvement, analogous to the Gauss-Seidel method for linear systems, of fixed
point iteration can be made. Suppose that gy is used in the calculation of g1+
{in three dimensions both pi4; and g¢+1 are used to compute ry). When these
modifications are incorporated in formulas (14) and (15), the method is called Seide!

iteration:
(18) it =g1{prog)  and  ger = g2(Pr+1, Gi),

and
Pe+1 = g1(Pi, Gk- ')

(19 Gi+1 = 82(Pi+1, Gk, Tk)
Tit1 = 83(Pr+1, Qe+t Te)-

Program 3.6 will implement Seidel iteration for nonlinear systems. Imple
tion of fixed-point iteration is left for the reader.

Newton’s Method for Nonlinear Systems

We now outline the derivation of Newton's method in two dimensions. Newton's
method can easily be extended to higher dimensions.
Consider the system

u= filx,y)

@0 v = falx, y),
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which can be considered a transformation from the xy-plane to the uv-plane. We are
interested in the behavior of this transformation near the point (xp, yg) whose image
is the point (ug, vp). If the two functions have continuous partial derivatives, then the
differential can be used to write a system of linear approximations that is valid near the

point (xo, yo):

0 ]
u—up = a—fl(xo. yoX(x — xo) + a_fl (xg, y0)(¥ — yo).

@1) ; ay
v—vp= a—xfz(xo, yo)(x — xg) + @fz(xo, yo)(y — vo).

The systern (21) is a local linear transformation that relates smail changes in the
independent variables to small changes in the dependent variable. When the Jacobian
matrix J(xg, yo) is used, this relationship is easier to visualize:

22)

v—vp

2 ]
a—f 1(x0, ¥0) = f1(x0, y0)
[u - uo] _ |9 dy [x - xo]
a a - ’
afz(xo, yo) Efz(xo. Yo) y

If the system in (20) is written as a vector function ¥V = F(X), the Jacobian
J(x, ) is the two-dimensional analog of the derivative, because (22) can be written as
(23) AF = J(xo, yo) AX.

We now use (23) to derive Newton's method in two dimensions.
Consider the system (20) with & and v set equal to zero:

04) 0= filx,y)
0= falx, y).

Suppose that (p, ¢) is a solution of (24); that is,

25) 0= filp.q)
0= f2(p’ 4)

To develop Newton’s method for solving (24), we need to consider small changes
iin the functions near the point (pg, gp):
Au = u — ug, Ap =x — po.
Av=1v—up, Ag =Yy - qo.
Set (x, ¥) = (p, q) in (20) and use (25) to see that (x, v} = (0, 0). Hence the changes
in the dependent variables are
u—uo = f1(p,q) — fr(po, 90) = 0 — f1(po, q0)
v~ v = f2(p. 9) — f2(po. g0) = 0 — f£2(Ppe. q0).

£26)

@n
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Use the result of (27) in (22) to get the linear transformation

3 9
F fi(po, g0 E—;fl (Po, g0) [Ap} ~ [fl(POa QO)]
’ .

28
8) Sf2(po. q0)

3 3
afz(po, q0} afz(po, q0)

H the Jacobian J(py, go) in (28) is nonsingular, we can solve for AP = [Ap Aq]’ =
[» q] = [po 4o as follows:

(29) AP = —J(po,q0)” F(po, qo)-

Then the next approximation P to the solution P is

(30) Py=Py+ AP = Py — J(po.q0) ' F(po, 90).

Notice that (30) is the generalization of Newton’s method for the one-variable case:
thatis, py = pp — f{po)/f'{po)-

Qutline of Newton’s Method

Suppose that P has been obtained.
Step 1. Evaluate the function

_ | filpe qi)
F(Py) = [fz(pk, qrc)]

Step 2. Evaluate the Jacobian

9
Jpy =1

9 b
Py F2(Pr, i) 3~y F2Apr. qi)

0
1P, qi) @f{ (P, Gi)

Step 3. Solve the linear system
J(PyAP = —-F(Py) for AP
Step 4. Compute the next point:
Pry1=Pr+ AP,

Now, repeat the process.
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Example 3.32. Consider the nonlinear system

0=x?—2x—y+05
0=x%+4y° — 4.

Use Newton's method with the starting value (po, go) = (2.00, 0.25) and compute (py, g1 ).

(7. g2), and (p3. 43).
The function vector and Jacobian matrix are

2_2x—y+05 2x~2 -1
F(x,y)=[x x2+4y2yj4 ]_ J(x,y)z[ 2y By]‘

At the point (2.00, 0.25) they take on the values

0.25 2.0 —1.0]

F(2.00,0,25)=[0_25]~ J (2-00’0'25)=[4.0 20"

The differentials Ap and Ag are solutions of the linear system

2.0 ~1.0][ap]_ _fo2s

40 20|lAgql™ |025)°
A straightforward calculation reveals that

_lap]) _ [-0.09375

ab= [Aq] _{ 0.0625 ]

The next point in the iteration is
2.00 —0.09375 1.90625
Pi="FPo+AP= [0.25] *[ 0.0625 ] = [0.3125 ]

Similarly, the next two points are

1.900691 1.900677
Py = {0.311213] and  Ps= [0.311219]'

The coordinates of P3 are accurate to six decimal places. Calculations for finding P and
P are summarized in Table 3.7. [
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Table 3.7 Function Values, Jacobian Matrices, and Differentials Required for Each
Iteration in Newton's Solution to Example 3.32

Solution of the linear system

P, J(PAP = —F(Py) Py +AF
2.00 20 -10}[-0.09375] _ _|0o25 1.90625
0.25 40 20 0.0625|~ |o.2s 0.3125
1.90625 1.8125 -1.0](-0.005559} _  [0.008789 1.900691
0.3125 3.8125 2.5({|—0.001287 | ~ [0.024414 0.311213
1.900691 1.801381  —1,000000 | [ -0.000014] _  [0.000031 1.900677
0.311213 3.801381 2.489700 0.000006 | — ~ {0.000038 0.311219

Impiementation of Newton’s method can require the determination of several par-
tial derivatives. It is permissible to use numerical approximations for the values 0!
these partial derivatives, but care must be taken to determine the proper step size. In
higher dimensions it is necessary to use the methods for solving linear systems intro-
duced earlier in this chapter to solve for AP,

MATLAB

Programs 3.6 (Nonlinear Seidel Iteration) and 3.7 (Newton-Raphson Method) will re-
quire saving the nonlinear system X = G(X), and the nonlinear system F(X) = ()
and its Jacobian matrix, J F, respectively, as M-files. As an example consider saving
the nonlinear system in Example 3.32 and the related Jacobian matrix as the M-files
F.mand JF.m, respectively.

function Z=F(X) function W=JF(X)

x=X(1);y=X(2); x=X(1);y=X(2);

Z=zeros(1,2); W=[2+x-2 ~1;2+x 8xy];
Z(1)=x"2-2%x-y+0.5;

Z(2)=x"2+4y"2-4;

The functions may be evaluated using the standard MATLAB comm.:n.|-

>>»A=feval (’F*,{2.00 0.25])
A=

0.2800 0.2500
>>y=JF([2.00 0.25])
B=

2 -1

42

S1¢. 3.7 ITERATION FOR NONLINEAR SYSTEMS 179

Program 3.6 (Nonlinear Seidel Iteration). To solve the nonlinear fixed-point
;system X = G(X), given one initial approximation Py, and generating a sequence
i{ { P4} that converges to the solution P.

function [P,iter] = seidel(G,P,delta, maxl)

%Input - G is the nonlinear system saved in the M-file G.m
A - P is the initial guess at the solution
h - delta is the error bound
% - max1 is the number of iterations
%0utput - P is the seidel approximation to the solution
% - iter is the number of iterations required
N=length(P);
for k=1:maxl

X=P;

% X is the kth approximation to the solution

for i=1:N

A=feval(’G’,X);
% Update the terms of X as they are calculated
X()=A03);

end

err=abs (norm(X-P));

relerr=err/(norm(X)+eps);

p=X;

iter=k;

if(err<delta)| (relerr<delta)
break

end

end

In the following program the MATLAB command A\B is used to solve the linear
system AX = B (see Q=P-(J\Y’) ). Programs developed earlier in this chapter could
be used in place of this MATLAB command. The choice of an appropriate program
to solve the linear system would depend on the size and characteristics of the Jacobian
matrix.

Program 3.7 (Newton-Raphson Method).  To solve the nonlinear system
F(X)} = 0, given one initial approximation Pg and generating a sequence { Py}
that converges to the solution P.

function [P,iter,err]=newdim(F,JF,P,delta,epsilon,maxl)

%Input - F is the system saved as the M-file F.m
% - JF is the Jacobian of F saved as the M-file JF.M
% - P is the initial approximation to the solution
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% - delta is the tolerance for P
% - epsilon is the tolerance for F(P)
% - maxl is the maximum number of iterations
%0utput - P is the approximation to the solution
% - iter is the number of iterations required
A - err is the error estimate for P
Y=feval(F,P);
for k=1:maxl

J=feval (JF,P);

Q=P-(I\Y*)7;

Z=feval(F,Q);
arr=norm{Q-P);
relerr=err/ (norm{Q}+eps) ;
P=Q;
Y=Z;
iter=k;
if (err<delta)l(relerr<delta)|{abs(Y)<epsilon’
break
end
end

Exercises for Iteration for Nonlinear Systems

1. Find (analyticaily) the fixed point(s) for each of the following systems.
® x=g&y=x-y
y = galx,y) = —x + 6y
M x=gx.N=0-y-x—-3)/3
y=g& ) =(=x+y—-1/3
© =x=g. y)=sin(y)
y=gx,y)=—6x+y
) x=g5ky00=9-3y-2z
y=gx.y2)=2-x+z
z=g(x.y,20)=-94+3x+4y—~z

2. Find (analytically) the zero(s) for each of the following systems. Evaluat
bian of each system at each zero.

(@) 0=filx,y)=2x+y—6
0= falx,y)=x+2y

by 0= filx,y)=3>+2y -4
0= fr(x,y) =2x +2y -3
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Figure 3.7 The hyperbola and
circle for Exercise 5.

(€ 0= filx,y) =2x —4cos(y)
0= falx, y) = 4x sin(y)
@ 0=filx,y,2)=x*+y"—z
0= fle,y, 0 =x+y*+72-1
0= fi(x,y,2)=x+y
3. Find a region in the xy-plane such that if (po. go) is in the region then fixed-point

iteration is guaranteed to converge (use an argument similar to the one that followed
Theorem 3.17) for the system:

x=gix.y) =@ -y —x-3)/3
y=gx,y) = (x+y+1)/3.

4. Rewrite the following linear system in fixed-point form. Find bounds on x, y, and z
such that fixed-point iteration is sure to converge for any initial guess (po, go. ro) that
satisfies the boundary conditions.

x4+ y+ z=1
x+4y+ z=2
x+ y+5z=0

3. For the given nonlinear system, use the initial approximation (pg, go) = (1.1, 2.0%,
and compute the next three approximations to the fixed point using (a) fixed-point
iteration and equations (14) and (b) Seidel iteration using equations (18).

8x —4x2+y2 41
8
2x—x2+4y—y2+3
4

x =gi(x,y}) = (hyperbola)

y=gx.y) = (circle).
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¥
2 -
=2. 5 ~1.0 -05 0.5
—t :__—_
-2 F
3t Figure 3.8 The cubic and porabola
for Exercise 6.

6. For the following nonlinear system, use the initial approximation (pg, q9) = (0.3,
—1.3), and compute the next three approximations to the fixed point using (a) fixed-
point iteration and equations (14) and (b) Seidel iteration using equations {18).

y—x3 +3x2 4 3x
7

2
+2y—x-2
y=gx,y)= 27_}’2—x {parabola).

x = gi{x, y) = (cubic)

7. Consider the nonlinear system

0= filx,y)=x>—y—02
0= falx,y) =y —x—03.

These parabolas intersect in two points as shown in Figure 3.9,

(a) Start with (po. go) = (1.2, 1.2) and apply Newton’s method to compute (p), 41}
and (p2, ¢2)-

(b) Start with (pg, qo) = (~0.2, ~0.2) and apply Newton's method to compute

(pr.q1) and (p2, g2).
8. Consider the nonlinear system shown in Figure 3.10.

0= filx,y) =x"+y* =2
0= folx,y)=xy— 1.

(a) Verify that the solutions are (1, 1) and (—1, ~-1).
(b) What difficulties might arise if we try to use Newton’s method to find the solu-
tions?
9. Show that Jacobi iteration for a 3 x 3 lincar system is a special case of fixed-point

iteration (15). Furthermore, verify that if the coefficient matrix from a 3 x 3 linear
system is strictly diagonally dominant then condition (17) is satisfied.
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Figure 3.9 The parabolas for

\ Figure 3.10 The circle and hyper-
Exercise 7. bola for Exercise 8.

10. Show that Newton’s method for two equations can be written in fixed-point iteration
form

x=g1(x,5), y=gx,y),
where g1(x, y) and g2(x, y} are given by

[, )& A& = fole, NE A, )
det(J(x, ¥))
L&Y EAE Y = A, NE flx,y)
- det(J (x, y)) '
11. Fixed point iteration is used to solve the nonlinear system (12). Use the following

steps to prove that conditions in (16) are sufficient to guarantee that {(px, gx)} con-
verges to (p, ¢). Assume that there is a constant X with0 < X < 1 so that

gilx, y)=x—

g2{x,y) =y

3 3
ﬁgx(x.y)‘ + 531(1, y)‘ <K

|i x,y)
8182 ¥

2
+ ’agz(x.y)l <K

for ali (x, y) in the rectangle R = {(x,y) : @ < x < b,c < y < d}. Also assume
thata < pp < band c < gp < d. Define

eg=p-—p, Ey=q—q, and r,=max{|e},|E}.
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12.

Algorithms and Programs

CHAP.3 THE SOLUTION OF LINEAR SYSTEMS AX = B

Use the following form of the Mean Value Theorem applied to functions of two van-
ables:

kst = —-g1(af, gdex + g1 (p. DE
k+]_3xgl ko Gk )€k aygl P, )ik

} a
= —gi(b}, — LdDYEy,
Ern axgz( e gkdex + aysz(P O Ek

where a and b} lie in [, b] and ct and df lie in [c. 4]. Prove the following:

(a) leil < Kroand |E|| £ Kro

(b) leal < Kri < K*roand |E2| < Kr1 < KPro

(© lex) < Kri—t < K¥rgand |Eg| < Kri1 = Kkrg

(d) limpoo pr = pand limy oo gk = ¢

As noted earlier, the Jacobian matrix of system (20} is the two-dimensional anulog
of the derivative. Write system (20) as a vector function V' = F(X), and let J1 F)
be the Jacobian matrix of this system. Given two nonlinear systems V = F(X) and
V = G(X) and the real number ¢, prove:

(a) J(cF(X)) =cJ(F(X))

M J(FX)+ G(X))=J(F(XN+ JGX)

e

1

Use Program 3.6 to approximate the fixed points of the systems in Exercises 5 a
Answers should be accurate to 10 decimal places.

2. Use Program 3.7 to approximate the zeros of the systems in Exercises 7 and 8.

3.

swers should be accurate to 10 decimal places.

Construct a program to find the fixed points of a system using fixed-point iter:
Use the program to approximate the fixed points of the systems in Exercises 5 a
Answers should be accurate to § decimal places.

4. Use Program 3.7 to approximate the zeros of the following systems. Answers st

be accurate to 10 decimal places.

@ O0=x2—-x+y"+z2-5
O=x’+y*—y+8—4
0=x’+y*+2*+z-6

() 0=x?—x+2y*+yz—10
0=5x—6y+z
0=z-x*—y?

© 0=@E+12+G+D —2z
0= -1 +y" -z
0=4x?+2y2+22— 16
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@ 0=9x7+36y% +4z> - 36
0=1x-2y°—20;
0=16x ~x? —2y% - 1672

" 5, We wish to solve the nonlinear system

0=7x—t0x~y—1
0=8y" —lly+x—1.

Use MATLAB to sketch the graphs of both curves on the same coordinate system
Use the graph to verify that there are nine points where the graphs intersect Usiné
the graPh, estimate the points of intersection. Use these estimates and Prograx.n 3.7t
approximate the points of intersection to 9 decimal places. ‘

. The system in Problem 5 can be rewritten in fixed-point form:

-y —1
10
8 +x—1

B 11

Do some computer experimentation. Discover that, no matter what starting value is
useq, only one of the nine solutions can be found using fixed-point iteration (on this
particular fixed-point form). Are there other fixed-point forms of the system in 5 that
could be used to find other solutions of the system?



Interpolation and
Polynomial Approximation

The computational procedures used in computer software fo_r the evaluzjlljon. of a li-
brary function, such as sin(x), cos(x), or ¢*, involve polynomial appproximation. Thf
state-of-the-art methods use rational functions (which are the quotients of polynomi-
als). However, the theory of polynomial approximation is su‘itable for a first course
in numerical analysis, and we will mainly consider them in this chapter. Suppose that

the function f(x) = &* is to be approximated by a polynomial of degree n = 2 over

the interval [—1, 1]. The Taylor polynomial is shown in Figure 4.1(a) and can be con-

y y

2.5
2.0
1.5
1.

0.5

) PRV DU Lo L " . NI
-1.0 -0.5 0.0 0.5 1.0 -1.0 -0.5 0.0 0.5 1.0

(@) ()]

Figure 4.1 (a) The Taylor polynomial p(x) = 1.000000 + 1.000000x +
0.500000x2 which approximates f(x) = e over {—1, 1]. (b) The Chebyshev
approximation g(x) = 1.000000 + 1.129772x + 0.532042x2 for f(x) = e* over
[—1,1].

186

SeC. 4.1 TAYLOR SERIES AND CALCULATION OF FUNCTIONS 187

Figure 4.2 The graph of the col-
location polynomial that passes
x through (1,2), (2, 1), (3.5), (4, 6),
1 2 3 4 5 and (5, ).

trasted with the Chebyshev approximation in Figure 4.1(b). The maximum error for
the Taylor approximation is 0.218282, whereas the maximum error for the Chebyshev
polynomial is 0.056468. In this chapter we develop the basic theory needed to investi-
gate these marters.

An associated problem involves the construction of the collocation polynomial.
Given n + 1 points in the plane (no two of which are aligned vertically), the colloca-
tion polynomial is the unique polynomial of degree < n that passes through the points.
In cases where data are known to a high degree of precision, the collocation polyno-
mial is sometimes used to find a polynomial that passes through the given data points.
A variety of methods can be used to construct the collocation polynomial: solving a
linear system for its coefficients, the use of Lagrange coefficient polynomials, and the
construction of a divided differences table and the coefficients of the Newton poly-
nomial. All three techniques are important for a practitioner of numerical analysis to
know. For example, the collocation polynomial of degree n = 4 that passes through
the five points (1, 2), (2, 1), (3, 5), (4, 6), and (5, l)is

5x% — 82x3 + 4274 — 806x + 504
24 ’
and a graph showing both the points and the polynomial is given in Figure 4.2,

P(x) =

Taylor Series and Calculation of Functions

Limit processes are the busis of calculus. For example, the derivative
» . flx—h)— fix)
= fim 222~ 2/
7 hl—?(l) h

is the limi1 of the difference quotient where both the numerator and the denominator
80 lo zero. A Taylor series illustrates another type of limit process. In this case an
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Table 4.1 Taylor Series Expansions for Some Common Functions

sin(x):x—§+x?f—%+--- for all x

cos(x)=1—§+§—%j+~n for all x

e"=l+x+§+§+;—:+-" forall x
ln(l+x)=x—£22—+x3—3—':’—4+-'- —l<x=<l
arctau(x):x—§+x?s-§+--- —-1=x=<1

AP =14prt BE D2 POZ DO D s, porpey <

2t

infinite number of terms is added together by taking the limit of certain partial sums.
An important application is their use to represent the elementary functions: sin{x),
cos(x), ¥, In(x), etc. Table 4.1 gives several of the common Taylor series expansions.
The partial sums can be accumulated until an approximation to the function is obtained
that has the accuracy specified. Series solutions are used in the areas of engineering
and physics.

We want to learn how a finite sum can be used to obtain a good approximation
to an infinite sum. For illustration we shall use the exponential series in Table 4.1 to
compute the number e = ¢!, which is the base of the natural logarithm and exponential
functions. Here we choose x = 1 and use the series

SEPENE AR GEND SR 1*
e = +E+a+§‘+z+"'+a+"'

The definition for the sum of an infinite series in Section 1.1 requires that the partial
sums Sy tend to a limit. The values of these sums are given in Table 4.2.

A natural way to think about the power series representation of a function is to
view the expansion as the limiting case of polynomials of increasing degree. If enough
terms are added, then an accurate approximation will be obtained. This needs to be
made precise. What degree should be chosen for the polynomial, and how do we
calculate the coefficients for the powers of x in the polynomial? Theorem 4.1 answers
these questions.
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Table 4.2 Partial Sums S, Used to

Determine e

n| Sa=t+l4l4esd

0 1.0

1 20

2 25

3 2.666666666666 . . .

4 2.708333333333 ...

5 2.716666666666 . .

6 2718055555555 . ..

7 2718253968254 ...

8 2.718278769841 ...

9 2718281525573 ...
10 2.718281801146 . ..
11 2.718281826199 . .
12 2.718281828286 . .
13 2.718281828447 ..
14 2.718281828458 . ..
15 2.718281828459 . ..

Theorem 4.1 (Taylor Polynomial Approximation). Assume that f ¢ C¥+![q, b}
and xg € [a, b] is a fixed valve. If ¥ € [a, b], then

) F(x) = Py(x) + En(x),

where Py (x) is a polynomial that can be used to approximate f(x):

N r(h)
@ 70~ pun) = 5 T ot
The error term E n(x) has the form
f(N+l)(C)
E = _ N+1
(3 N(x) I {x — xp)

for some value ¢ = c(x) that lies between x and xg.
Proof. The proof is left as an exercise. .

Relation (2) indicates how the coefficients of the Taylor polynomial are calculated.
Although the error term (3) involves a similar expression, notice that SP D (c)isto be
evaluated at an undetermined number c that depends on the value of x. For this reason
we do not try to evaluate Ex(x): it is used to determine a bound for the accuracy of
the approximation.
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Example 4.1, Show why 15 terms are all that are needed to obtain the 13-digit approx:
mation e = 2.718281828459 in Table 4.2.
Expand f(x) == ¢* in a Taylor polynomial of degree 15 using the fixed value xp = U

and involving the powers (x — 0)¥ = x*, The derivatives required are f'(x) = f"(x) =

.. = fU6} = &% The first 15 derivatives are used to calculate the coefficients a; = V7K
and are used to write

2 a3 x 15

4) Pis(x) = 1+x+ T + 3 + - 15!;
Setting x = 1 in (4) gives the partial sum §15 = Pi5(1). The remainder term is needed to
show the accuracy of the approximation:

f(lﬁ](c)xlﬁ

(5 Eis(x) = — 5

Since we chose xg = 0 and x = 1, the value ¢ lies between them (i.e., 0 < ¢ < 1), which
implies that e* < e!. Notice that the pa.mal sums in Table 4.2 are bounded above by 2.
Combining these two inequalities vields e < 3, which is used in the following calculation

1 £ 3 i3
[Eys(Dl = —ﬁ <16 < 1.433844 x 10
Therefore, all the digits in the approximation e = 2.718281828459 are correct, because the
actual error (whatever it is) must be less than 2 in the thirteenth decimal place. ]

Instead of giving a rigorous proof of Theorem 4.1, we shall discuss some of the
features of the approximation; the reader can look in any standard reference text on
calculus for more details. For illustration, we again use the function f(x) = ¢* and
the value xp = 0. From elementary calculus we know that the slope of the curve
y = e* at the point (x, e*) is f(x) = ¢*. Hence the slope at the point (0, 1) i~
f/(0) = 1. Therefore, the tangent line to the curve at the point (0, 1) is y = 1 + x
This is the same formula that would be obtained if we used N = 1 in Theorem 4.1}.
that is, P1(x) = F(0) + f'(0)x/1! = 1 + x. Therefore, Pi(x) is the equation of th.
tangent line to the curve. The graphs are shown in Figure 4.3.

Observe that the approximation ¢* = 1 4+ x is good near the center xp = 0 and that
the distance between the curves grows as x moves away from 0. Notice that the slope-
of the curves agree at (0, 1). In calculus we learned that the second derivative indicate-
whether a curve is concave up or down. The study of curvature! shows that if twi:
curves y = f(x)and y = g(x) have the property that f (xo) = g(x0), f'(x0) = g'(x0)
and f”{xq) = g"(xo) then they have the same curvature at xp. This property would b
desirable for a polynomial function that approximates f(x). Corollary 4.1 shows tha
the Taylor polynomial has this property for N > 2.

I'The curvature X of a graph v = £ (x} at (xg, o) is defined by K = | " (xp}t/ (1 +[ f' (x0)12)%/*
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y=¢e*

Figure 4.3 The graphs of y = ¢*
and y = Pi(x) =1+x.

Corollary 4.1. If Py (x) is the Taylor polynomial of degree N given in Theorem 4.1,

“then

6) PP o) = fP(xg) for k=0,1, ..., N.

Proof. Set x = xp in equations (2) and (3), and the result is Px(xg) = f(xo). Thus
statement (6) is true for k¥ = 0. Now differentiate the right-hand side of (2) and get

fPu0) _1_ A %D (xg)
M A= Z —ty —xo>“=k2:0—~,d—(x—xo)*.

Set x = xp in (7) to obtain Py (xp) = f'(x0). Thus statement (6) is true for k = 1.
Successive differentiations of (7) will establish the other identities in (6). The details
are left as an exercise, .

Applying Coroliary 4.1, we see that y = Pz(x) has the properties f(xg) = P2(x0),
f!(x0) = Pj(xg), and f” (x0) = P (x); hence the graphs have the same curvature
at xg. For example, consider f(x) = e" and P2(x) = 1 +x + x2/2. The graphs are
shown in Figure 4.4 and it is seen that they curve up in the same fashion at (0, 1).

In the theory of approximation, one seeks to find an accurate polynomial approx-
imation to the analytic function® f(x) over [a, &]. This is one technique used in de-
veloping computer software. The accuracy of a Taylor polynomial is increased when
we choose N large. The accuracy of any given polynomial will generally decrease as
the value of x moves away from the center xo. Hence we must choose N large enough
and restrict the maximum value of |x — xg| so that the error does not exceed a specified
bound. If we choose the interval width to be 2R and xg in the center (i.e., [x —xpl < R),

2The function f(x) is analytic at xp if it has continuous derivatives of all orders and can be
represented as a Taylor series in an interval about xg.
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Figure 44 The graphsof y = e and y = Po(x) = 1 +
x + x2/2.

Table 4.3  Values for the Error Bound |error| < e® R¥+1 /(¥ 4 1)! Using the
Approximation e* = Py(x)for x| < R

R=20, R=15, R=10, R =05,

|x} < 2.0 |x] = 1.5 x| = 1.0 x| =0.5
& 2 Ps(x) 0.65680499 0.07090172 0.00377539 0.00003578
et 2z Pg(x) 0.18765857 0.0£519323 0.00053934 6.00000256
& 2 Py(x) 0.04691464 0.00284873 6.00006742 0.00000016
& = Pg(x) 0.01042548 0.00047479 0.00000749 0.00000001

the absolute value of the error satisfies the relation
RN +1

(8) ferrorf = [En(x)| < U

where M < max{| f ¥+ (2)| : xo— R < z < xp+ R}. If N is fixed and the derivatives
are uniformly bounded, the error bound in (8} is proportional to RN+ /(N 4 1)! and
decreases if R goes to zero as N gets large. Table 4.3 shows how the choices of these
two parameters affect the accuracy of the approximation e* =2 Py (x) over the interval
{x| < R. The error is smallest when N is largest and R smatlest. Graphs for Py, P3,
and Py are given in Figure 4.5.

Example 4.2. Establish the error bounds for the approximation ¢* = Pg(x) on each of

the intervals |x| < 1.0 and |x| = 0.5.
If 1x| < 1.0, then letting R = 1.0 and | ¥ (c)| = |e¢] < &' = M in (8) implies that

6"0(1.0)9
9!

lerrori = [Eg(x)| < 22 ().00000749.
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Figure 4.5 The graphs of y = ¢*, y = Pa(x), y = P3(x),

and y = Py(x).

¥
3x1077L

¥ -'-Eg(x)
2% 10°7}
1x 1077}
- : * X Figure 4.6 The graph of the error
-0 05 0.0 05 1.0 3 = Eo(x) = ¥ — PoCx).

If (x| < 0.5, then letting R = 0.5 and { f @ (c)| = {e¢] < €% = M in (8) impiies that

e23(0.5)°
9
Example 4.3, If f(x) = ¢*, show that N = 9 is the smallest integer, so that the |error] =
|Ex{x)| = 0.0000005 for x in [—1, 1]. Hence Py(x) can be used to compute approximate
values of ¢* that will be accurate in the sixth decimal place.
We need to find the smallest integer N so that

(1 N+1
lerror] = [Ey(x)| < (I\E;-k])' < 0.0000005.

lerror] = |Eg(x)| < 22 0.00000001. ™

In Example 4.2 we saw that N = 8 was too small, so we try N = 9 and discover
that [Ex(0) < e'(1P*1/(9 4+ I} < 0.000000749. This value is slightly larger than
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desired; hence we would be likely to choose N = 10. But we used ¢ < e! as a crude
estimate in finding the error bound. Hence 0.000000749 is a little larger than the actual
error. Figure 4.6 shows a graph of Eg(x) = ¢* — Py(x). Notice that the maximum vertical
range is about 3 x 10~7 and occurs at the right end point (1, E9(1)). Indeed, the maximum
error on the interval is Eg(1) = 2.718281828 — 2.718281526 ~ 3.024 x 10~7. Therefore,
N = 9is justified. [

Methods for Evaluating a Polynomial

There are several mathematically equivalent ways to evaluate a polynomial. Consider,
for example the function

9 fx) =@ -1k

The evaluation of f will require the use of an exponential function. Or the binomial
formula can be used to expand f(x) in powers of x:

. /8
10 fex=Y. (k)x“"‘(-“"

k=0
= xB — 8x7 +28x% — 56x7 + 70x* - 56x% +28x% — 8x + 1.

Horner’s method (see Section 1.1), which is also called nested multiplication, can
now be used to evaluate the polynomial in (10). When applied to formula (10}, nested
muitiplication permits us to write

(D fx) = {((((((x — B)x + 28)x — 56)x + 70}x — 56)x + 28)x — 8)x + 1.

To evaluate f(x) now requires seven multiplications and eight additions or sub-
tractions. The necessity of using an exponential function to evaluate the polynomial

has now been eliminated.
We end this section with the theorem that relates the Taylor series in Table 4.1 and
the Taylor polynomials of Theorem 4.1.

Theorem 4.2 (Taylor Series). Assume that f(x) is analytic and has continuous

derivatives of all order N = 1,2, .. ., on an interval {a, b) containing x;. Suppose that
the Taylor polynomials (2) tend to a limit

N sk
(12) S(x)= lim Py(x)= lim Z -)ﬂ(x — xo)F,
N—oo N—so00 = k!
then f(x) has the Taylor series expansion

o0 o{k)
(13) fo=Y TG0 o)k,

!
k=0 k!
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Proof. ‘This follows directly from the definition of convergence of series in Sec-
tion 1.1. The limit condition is often stated by saying that the error term must go
to zero as N goes to infinity. Therefore, a necessary and sufficient condition for (13)
1o hold is that

S ) (x — xp)NH!

14 lim E = [i =
(14) am wn(x) Nljlﬂm N+ 1) 0,
where ¢ depends on N and x. .

Exercises for Taylor Series and Calculation of Functions

1. Let f(x) = sin(x) and apply Theorem 4.].
{8) Use xp =0and find Ps(x), P7(x), and Py(x).
{b) Show thatif |x| < I then the approximation

. x3 x5 ):7 xg
szn(x)~x—§+5—!—ﬁ+ﬁ
has the error bound | Eg(x)}| < 1/10! < 2.75574 x 10~7,

(¢) Usexp = n/4and find Ps(x), which involves powers of (x —~ 7 /4).
2. Let f(x) = cos(x) and apply Theorem 4.1.

(8) Use xg = 0and find Pyix), Ps(x), and Ps(x).

(b) Show thatif |x| = 1 then the approximation

2 gt 6 B
cos(x)%1~5+-4—!—a+§
has the error bound |Eg(x)| < 1/9! < 2.75574 x 107,
(e} Usexq = m/4and find P4(x), which involves powers of (x — 7 /4).
3. Does f(x) = x'/? have a Taylor series expansion about xg = 07 Justify your answer.
Does the function f(x) = x /2 have a Taylor series expansion about xg = 17 Justify

FOUI answer. _
4. (a) Find a Taylor polynomial of degree N = 5 for f(x) = 1/(l + x) expanded
about xg = 0.

(b) Find the error term Es(x) for the polynomial in part (a).
-]

Find the Taylor polynomial of degree N = 3 for f(x) = e~*/2 expanded about
x9 =0,

6. Find the Taylor polynomial of degree N = 3, P3(x), for f(x) = x> — 2x2 4 2x
expanded about xg = 1, Show that f(x) = P3(x).
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7. (2) Find the Taylor polynomial of degree N = 5 for f(x) = x'/? expanded about (¢) Show that the error term for Pa (x) is
x0 = 4.
(b) Find the Taylor polynomial of degree N = 5 for f(x) = x'/? expanded about En) = (—1)N xN+1
%0 =9. ‘ M= W I DA+ o
(¢} Determine which of the polynomials in parts (a) and (b) best approximates
(6.5)\/2, (d) Evaluate P3(0.5), P5(0.5), and Py(0.5). Compare with In(1.5).

8. Use £(x) = (2 + x)!/? and apply Theorem 4.1. (e) Show thatif 0.0 < x < 0.5 then the approximation

(a) Find the Taylor potynomial P3(x) expanded about xo = 2. ER o o8 o
X
(b) Use P3(x) to find an approximation to 3/2. In{x) = x — > + T + -3 + ¥
(¢) Find the maximum value of | f*(c)| on the interval | < ¢ < 3 and find a bound
for | E5(x)|. has the error bound | Eg| < 0.00009765. . ..
9. Determine the degree of the Taylor polynomial Py (x) expanded about xp = 0 that 14. Binomial series. Igt S(x) =1 +x)? and xo = 0.
should be used to approximate €% so that the error is less than 1076, (@ Showthat Ff®(x)=p(p-1)--- (p—k+ DA +x)Pk,

10. Determine the degree of the Taylor polynomial Py (x) expanded about xo = 7 that (b) Show that the Taylor polynomial of degree N is

i 32 is less than 1076
should be used to approximate cos(33x /32) so that the error is less ! an ) Pee) = 14 prt P . PP D) (p e N+ 1
11. (a) Find the Taylor polynomial of degree N = 4 for F(x) = fZ, cos(z?) dr ex- NiX) = p 5y t + o .
panded about xp = 0.
(b) Use the Taylor polynomial to approximate £(0.1).
(¢) Find a bound on the error to the approximation in part (b). En(x) = p(p ~ 1)~~(p—N)xN"'1/((1 +oNH-rN + Y.
12. (a) Use the geometric series

(¢) Show that

(d) Set p = 1/2 and compute P2(0.5), P4(0.5), and Pg(0.5). Compare with

—-l—§=l—x2+x"‘—x6+x3—--~ for x| <1, (L5172,
14x (e) Show thatif 0.0 < x < 0.5 then the approximation
and integrate both sides term by term to obtain 5 5 . S
(A4x) gt 2 5 3% 7
x3 5 X 2 8§ 16 128 256
arctan(x):x———lw—-—-,;--t—n- for [x] < 1.
35 has the esror bousd {Es| < (0.5)5(21/1024) = 0.0003204 . . ..

(b) Use x/6 = arctan(3~'/2) and the series in part (a) to show that (f) Show thatif p = N is a positive integer, then

o3l x2(1_§;+3?4_37‘3+§_“,). PN(x).—_1+Nx+iV(i2"!l_)"2+...+NxN~l XV
Notice that this is the familiar binomial expansion.
(¢) Use the series in part (b) to compute 7 accurate to eight digits. 15, Find c such that | E4] < 107 whenever |x — xg/ < ¢.
Fact. w == 3.141592653589793284 . . .. (@) Let f(x) = cos(x) and xg = 0.
13. Use f(x) = In(1 + x) and xg = 0, and apply Theorem 4.1. (b) Let f(x) =sin(x) and xo = 7 /2.
(a) Show that f®(x) = (=¥ ((k — DY/ + ). (©) Let f(x) =¢"andxp = 0.
(b} Show that the Taylor polynomial of degree N is 16. (a) Supposethaty = f(x)is an even function (i.e., f(—x) = S(x) for al) x in the
5 3 . NeloN domain of f). What can be said about Py {x)?
Py (x)zx_x_ +x__x_+...+ﬂ_i (b) Suppose that y = f(x) is an odd function (i.e., f(—x) = — f(x) for all x in the

273 4 N ' domain of f). What can be said about Py (x)?
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17. Lety = f(x) bea polynomial of degree N. If f(xg) > Oand f'(x0), ..., f™(x0) =
0, show that all the real roots of f are less than xo. Hint. Expand f in a Taylor
polynomial of degree N about xp.

18. Let f(x) = e*. Use Theorem 4.1 to find Py{x), for N = 1, 2, 3,..., expanded
about xg = 0. Show that every real root of Py (x) has multiplicity less than or equal
to one. Note. If p is a root of multiplicity M of the polynomial P{x), then p is a root
of multiplicity M — 1 of P'(x).

19. Finish the proof of Corollary 4.1 by writing down the expression for P‘,f,k)(x) and
showing that

PP o) = f®(xg) for k=23, ..., N.

Exercises 20 and 21 form a proof of Taylor’s theorem.

20. Let g(r) and its derivatives g*) (1), for k = 1,2...., N 4 1, be continuous on the
interval (a, &), which contains xo. Suppose that there exist two distinct points x and
xg such that g(x) = 0, and g(x0) = g'(xg) = ...g"¥'(x0) = 0. Prove that there
exists a value ¢ that lies between xg and x such that gt¥+)(¢) = 0.

Remark. Note that g(t) is a function of 7, and the values x and xq are to be treated

as constants with respect to the variable 7.
Hint. Use Rolle’s theorem (Theorem 1.5, Section 1.1) on the interval with end

points xo and x to find the number ¢, such that g'(c1) = 0. Then use Rolle’s theorem
applied to the function g'(t) on the interval with end points xp and ¢ to find the
number ¢; such that g7(cz) = 0. Inductively repeat the process until the number
cn+1 is found such that g™+ (enyq) = 0.

21. Use the result of Exercise 20 and the special function

(t — xO)N+I

gty = f(t) — Pn{t) — EN(X)(x——xo)ﬁ"'_”

where Py (x) is the Taylor polynomial of degree N, to prove that the error term
En{x) = f(x) — Py(x) has the form

(x —xg)V+!

= fINHY X
En(x)=1f (©) NF DO

Hint. Find g™+ (r) and evaluate it at # = c.

Algorithms and Programs

The matrix nature of MATLAB allows us to quickly evaluate functions at a large nurn-
ber of values. If X=[-1 0 1], then sin(X) will produce [sin{-1) sin(0) sin(1}1.
Similarly, if X=—1:0.1:1, then Y=sin(X) will produce a matrix Y of the same dimension
as X with the appropriate values of sine. These two row matrices can be displayed in the

4.2.
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form of a table by defining the matrix D = [X* Y’] (Note. The matrices X and Y must be
of the same length.)
1. (a) Use the plot comunand to plot sin(x), Ps(x), P7(x), and Po(x) from Exercise
1 on the same graph using the interval —1 < x < 1.
(b) Create a table with columns that consist of sin(x), Ps(x), Py(x), and Py(x)
evaluated at 10 equally spaced values of x from the interval [—1, 1].

2. (a) Use the plot command to plot cos(x), P4(x), Ps(x), and Py(x) from Exercise
2 on the same graph using the interval —1 < x < 1,
(b) Create a table with columns that consist of cos(x), Ps(x), Ps(x), and Pg(x)
evaluated at 19 equally spaced values of x from the interval [—1, 1].

Introduction to Interpolation

In Section 4.1 we saw how a Taylor polynomial can be used to approximate the func-
tion f(x). The information needed to construct the Taylor polynomial is the value
of f and its derivatives at xg. A shortcoming is that the higher-order derivatives must
be known, and often they are either not available or they are hard to compute.
Suppose that the function y = f(x) is known at the N + 1 points (xg, yo), - . -,
(xx. yn), where the values x; are spread out over the interval [a, b] and satisfy
a<xp<xy<-.-<axy<b and y= flx).
A polynomial P(x) of degree N will be constructed that passes through these N + 1
points. In the construction, only the numerical values x; and y; are needed. Hence
the higher-order derivatives are not necessary. The polynomial P(x) can be used to
approximate f (x) over the entire interval (a, b]. However, if the error function E(x) =
F(x) — P(x) is required, then we will need to know f¥*1}(x) and a bound for its
magnitude, that is

M =max{|fM*P(x) :a <x < b}

Situations in statistical and scientific analysis arise where the function y = f(x)
is available only at N + 1 tabulated points (xx, y:), and a method is needed to approx-
imate f(x) at nontabulated abscissas. If there is a significant amount of error in the
tabulated values, then the metheds of curve fitting in Chapter 5 should be considered.
On the other hand, if the points (xz, ;) are known to a high degree of accuracy, then
the polynomial curve y = P(x) that passes through them can be considered. When
X < x < xp, the approximation P(x)} is called an inferpolated value. 1f either
X < xgorxy < x,then P(x) is called an extrapolated value. Polynomials are used to
design software algorithms to approXimate functions, for numerical differentiation, for
numerical ‘ntegration, and for making computer-drawn curves that must pass through

tpecified points.
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The tangent line
y ¥ has slope P’(4).

20 )- (5.5, P(5.5)) 20}
(4, P(4))

4, P(4)

1.0 1.0
05+ 05
0.0 1 1 i ! I i x 0.0 1 i 1 ] 1 L x F'igure 4.8 'me approximating

1 2 3 4 5 6 1 2 3 4 5 6 polynomial P(x) is integrated and
its antiderivative is used to find the

Figure 4.7 (a) The approximating Figure 4.7 (b) The approximating area under the curve for i < x <4.

polynomial £ (x) can be used for inter- polynomial P(x) is differentiated and

polation at the point (4, P(4)) and ex- P’(x} is used to find the slope at the in-

trapolation at the point (5.5, P(5.5)). terpolation point (4, P(4)).

The interpolated value is P(4) = 1.60 (see Figure 4.7(a)).
. R ; (b} dz = 3:13 = -—0.06
Let us briefly mention how to evaluate the polynomial P(x): dy = 2ar + dox = 04 + (—0.06)(4) = 0.16
(1 P(x)=anx" +an_1xV o b x4 ayx + ag. dy = ay +dix = —0.4+ (0.16)(4) = 0.24.
Homer’s method of synthetic division is an efficient way to evaluate P(x). The deriva- The numerical derivative is P'(4) = 0.24 (see Figure 4.7(b)).
tive P'{x) is o
3
C is = — = —0.005
(v)) P'(x) = Nayx" "1 + (N = Day-1xV 2+ 4 2ax + a4 © A"
= 2 _ =
and the indefinite integral /(x) = [ P(x) dx, which satisfies I'(x) = P(z), is = 3 T iax = 0.06666667 + (~0.003)(4) = 0.04666667
,a .
3 1oy = aNxN+1 N a:vwlxN - a2x3 N a;x’ N ve ir = 5 +i3x = —0.2 + {0.04666667)(4) = —0.01333333
T ON+1 N 3 2 aox ' iy = agp+ 2x = 1.28 + (—0.01333333)(4) = 1.22666667

where C is the constant of integration. Algorithm 4.1 (end of Section 4.2) shows how ig =0+ i1x = 0+ (1.22666667){4) = 4.90666667.

to adapt Horner's method to P’(x) and 7 (x). 4
Hence [(4) = 4.90666667. Similarly, I (1) = 1.14166667. Therefore, [, P(x)dx =

Exampie 4.4. The polynomial P(x) = —0.02x7 + 0.2x% — 0.4x + 1.28 passes through 74y — (1) = 3.765 (see Figure 4.8).
the four points (1, 1.06), (2. 1.12), (3, 1.34), and (5, 1.78). Find () P(4), (b) P'(4). (d) Use Algorithm 4.1(i) with x = 5.5.
() ff P(x)dx, and (d) P(5.5). Finally, (¢) show how to find the coefficients of P(x).
Use Algorithm 4.1(i)~iii) (this is equivalent to the process in Table 1.2) with x = 4. by = a3 = —0.02
0 by = ay + bax = 0.2+ (—~0.02)(5.5) = 0.09
(a) by = a3 = -0.02 » - by = a; + bax = —0.4 + (0.09)(5.5) = 0.095
b2 =+ by =024 (2000 =0. bp = ag + bix = 1.28 4 (0.095)(5.5) = 1.8025.

by =a; + bax = —0.4 + (0.12)(4) = 0.08
bo =ag+ bix = 1.28 + (0.08)(4) = 1.60. The extrapolated value is £(5.5) = 1.8025 (see Figure 4.7(a)).
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Table 4.4  Values of the Taylor Polynomial T (x) of Degree 5, and the
Function In{1 + x) and the Error In(1 4+ x) — T(x) on [0, 1]

Taylor polynomial, Function, Error,

x T(x) In{1 + x) In(1+x)—T(x)
0.0 0.00000000 0.00000000 0.00000000
0.2 0.18233067 0.18232156 —0.00000911
0.4 0.33698133 0.33647224 —0.00050909
0.6 0.47515200 0.47000363 —0.00514837
0.8 0.61380267 0.58778666 —0.02601601
1.0 0.78333333 0.69314718 —0.09018615

{(e) The methods of Chapter 3 can be used to find the coefficients. Assume that P(x) =
A + Bx + Cx? 4+ Dx?; then at each value x = 1,2, 3, and 5 we get a linear equation
involving A, B, C, and D.

Atx=1:4+4+1B+ I1C+ 1D =106
Atx=2:A+2B+ 4C+ 8D =1.12

4
@ Atx =3:A+3B+ 9C+ 27D =134
Atx=35:A+5B+25C+ 125D =1.78
The solutionto (4)is A =1.28, B = —04,C = 0.2, and D = —-0.2. F

This method for finding the coefficients is mathematically sound, but sometimes
the matrix is difficult to solve accurately. In this chapter we design aigorithms specifi-
cally for polynomials.

Let us return to the topic of using a polynomial to calculate approximations to a
known function. In Section 4.1 we saw that the fifth-degree Taylor polynomial for
fxy=In(l+x)is

2 x3 1t x3

X

() Tx)=x 2+3 4+-5—.

If T(x) is used to approximate In(1 + x) on the interval [0, 1], then the error is O at
x = 0 and is largest when x = 1 (see Table 4.4). Indeed, the error between T (1) and
the correct value In{1) is 13%. We seek a polynomial of degree 5 that will approximate
In(1 + x) better over the interval [0, 1]. The polynomial P (x) in Example 4.5 is an
interpolating polynomial and will approximate In(1 4 x) with an error no bigger than
0.00002385 over the interval [0, 1].

Example 4.5. Consider the function f(x) = In(1 + x) and the polynomial

P(x) = 0.02957206x° — 0.12895295x* + (.28249626x3
— 0.48907554x2 + 0.99910735x
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Table 4.5 Values of the Approximating Polynomial P(x) of Example 4.5 and the Function
F(x} = In{1 + x) and the Emror £(x) on [—0.1, 1.1]

Approximating polynomial, Function, Error,

x P(x) fx} =n(l +x) E(x) = f(x) — P(x)

-0.1 —0.10509718 —0.10536052 —0.00026334
0.0 0.00000000 0.00000000 0.00000000
0.1 0.05528988 0.09531018 0.00002030
0.2 0.18232156 0.18232156 0.00000000
03 0.26237015 0.26236426 —0.00000589
04 0.33647224 0.33647224 0.00000000
0.5 0.40546139 0.40546511 0.00000372
0.6 0.47000363 0.47000363 0.00000000
0.7 0.53063292 0.53062825 —0.00000467
0.8 0.58778666 0.58778666 0.00000000
09 0.64184118 0.64185389 0.00001271
1.0 0.69314718 0.69314718 0.00000000
1.1 0.74206529 0.74193734 —0.00012795
¥y

0.6 - y=In(l+x)

04 |

0.2

Figure 4.9 The graph of y =
L L . L L x  P(x), which “lies on top” of the

0.0 0.2 04 0.6 08 1.0 graph y = In(1 + x).

based on the six nodes x;x = k/5fork = 0, 1, 2, 3, 4, and 5. The following are empirical
descriptions of the approximation P (x} = In(l + x).

1. P(xx) = f{xz) at each node (see Table 4.5).

2. The maximum error on the interval [—0.1, 1.1] occurs at x = -0.1 and |errorf <
0.00026334 for —0.1 < x < 1.1 (see Figure 4.10). Hence the graph of y = P(x}
would appear identical to that of y = In (1 + x) (see Figure 4.9).

3. The maximum error on the interval [0, 1] occurs at x = 0.06472456 and |error| <,
0.00002385 for 0 < x < 1 (see Figure 4.10).
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T

/)

¥y
0.00002 |- = E)
ox__04
-0.00002 |-
~0.00004|

X
0.6 08 1

Figure 4.10 The graphofthe error y = E{(x) =

In(1 + x) = P(x).

Remark. At a node x; we have f(x;) = P(x;). Hence E(x;) = 0 at a node. The graph ¢
E(x) = f(x)— P(x) looks like a vibrating string, with the nodes being the abscissa wher.

there is no displacement.

E:4

Algorithm 4.1 (Polynomial Calculus).

derivative P'(x), and its integral { P(x)dx by performing synthetic division.

To evaluate the polynomial P(x), its

INPUT N {Degree of P(x}}
INPUT A(0), A(1),..., A(N} {Coefficients of P{x)}
INPUT C {Constant of integration}
INPUT X {Independent variable}

(i) Algorithm to Evaluate P{x)

B(N) = A(N)

FOR K = N — 1 DOWNTO 0 DO
B(K):=A(KY+ B(K+ D)X

PRINT “The value P(x} is”, B(Q)

Space-saving version:

Poly := A(N)

FOR K = N — 1 DOWNTQ 0 DO
Poly := A(K) + Poly * X

PRINT "The value P(x) is", Poly

(i)  Algorithm to Evaluate P/(x)

DIN — 1) :=Nx A(N)

FOR K = N — | DOWNTO 1 DO
DIK—-1):=K~AK)+ D(K)x X

PRINT “The value P'(x) is”, D(0)

Space-saving version:

Deriv ;= N x A(N)

FOR K = N - 1 DOWNTOQ | DO
Deriv := K % A(K) + Detiv X

PRINT “The value P/(x) is”, Deriv

(iii) Algorithm to Evaluate f(x)
HN+ 1) = AN/IN+1)
FOR K = N DOWNTO 1 DO
Ky =AK-1D/K4+ K+ D)X
IOy =C+I1{)y=X
PRINT “The value ! (x) is”, 7(0)

Space-saving version:
Integ := A(NY/(N + 1)
FOR K = N DOWNTO 1 DO
Integ := A(K — 1}/K + Integ x X
Integ := C + Integ = X
PRINT “The value [ (x) is”, Integ
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Exercises for Introduction to Interpolation

1. Consider P(x) = —0.02x3 + 0.1x2 — 0.2x + 1.66, which passes through the four
points (1, 1.54), (2, 1.5), (3, 1.42), and (5, 0.66).
(a) Find P(4).
(h) Find P'(4).
(¢) Find the definite integral of P(x) taken over [1, 4}.
(d) Find the extrapolated value P(5.5),
(&) Show how to find the coefficients of P(x).

2. Consider P(x) = —0.04x% 4 0.14x% — 0.16x + 2.08, which passes through the four

points (0, 2.08), (1, 2.02), (2, 2.00), and (4, 1.12).

{(a) Fnd P(?).

(b) Find P'(3).

(c¢) Find the definite integral of P(x) taken over [0, 3].

(d) Find the extrapolated value P(4.5).

(¢) Show how to find the coefficients of P(x).

Consider P(x) = —0.0292166667x> + 0.275x% —0.570833333x — 1.375, which

passes through the four points (1, 1.05), (2, 1.10), (3, 1.35), and (5, 1.75).

(a} Show that the ordinates 1.05, 1.10, 1.35, and 1.75 differ from those of Exam-
ple 4.4 by less than 1.8%, yet the coefficients of x* and x differ by more than
42%.

(b) Find P(4) and compare with Example 4.4.

() Find P'{4) and compare with Example 4.4.

(d) Find the definite integrat of P(x) taken over [1, 4] and compare with Exam-
ple 4.4,

(e} Find the extrapolated value P(5.5) and compare with Example 4.4.

Remark. Part {a) shows that the computation of the coefficients of an interpolating

polynomial is an iil-conditioned problem.

bt

Algorithms and Programs

1. Write a program in MATLAB that will implement Algorithm 4.1. The program
should accept the coefficients of the polynomial P(x) = anx¥ tay_1x¥ T4 4
a3x® +aix +apasanl x N mawrix: P =f{ay ay-y -~ @ a5 ao).

2. For each of the given functions, the fifth-degree polynomial P(x) passes through
the six points (0, £(0)), (0.2, £(0.2)), (0.4, £(0.4)), (0.6, F£(0.6)), (0.8, £(0.8)),
(1, £(1)). The six coefficients of P(x) are aq, ay, .. ., as, where

P(x) = asx’ + agx® + a3x® + apx? + a1x + ap.



(i) Find the coefficients of P(x) by solving the 6 x 6 system of linear equations
ap +arx +axx” + a3x’ + asxt + asx® = filx;)

using xj = (j — 1)/Sand j = 1,2,3,4,5, 6 for the six unknowns {az}_,.

(ii) Use your MATLAB program from Problem 1 to compute the interpoiated va
ues P(0.3), P(0.4), and P(0.5) and compare with £(0.3), J(0.4), and f(0.5
respectively,

(iif) Use your MATLAB program to compute the extrapolated values P(—0.l)an*
P(1.1) and compare with f(—0.1) and f(1.1), respectively.

(iv) Use your MATLAB program to find the integral of P(x) taken over [0,1!
and compare with the integral of f(x) taken over [0, 1]. Plot f(x)} and P{x:
over [0, 1] on the same graph. }

(v) Make a table of values for P(x;), S(xx), and E{xy) = f(xg} — P(xy), whero
xe =k/100fork =0,1,...,100.

(@ fx)=¢"
{(b) f(x)=sin(x)}
(€ fl)=&x+DEHD

3. A portion of an amusement park ride is to be modeled using three polynomials. The
first section is to be a first-degree polynomial, Py (x), that covers a horizontal dis
tance of 100 feet, starts at a height of 110 feet, and ends at a height of 60 feet. The
third section is to also be a first-degree polynomial, () (x), that covers a horizontal
distance of 50 feet, starts at a height of 65 feet, and ends at a height of 70 feet. The
middle section is to be a polynomial, P{x) (of smallest possible degree), that covers
a horizontal distance of 150 feet.

(a) Find expressions for P(x), Pi(x), and Q;(x) such that P(100) = P(100).
P'(100) = P{(100), P(250) = Q(250), and P'(250) = Q1(250) and the
curvature of P(x) equals the curvature of Pi(x) at x = 100 and equals the
curvature of @) (x) at x = 250.

(b) Plot the graphs of Pi(x), P(x), and O (x) on the same coordinate system.

(¢) Use Algorithm 4.1(iii) to find the average height of the ride over the given hori-
zontal distance.

Lagrange Approximation

Interpolation means to estimate a missing function value by taking a weighted aver-
age of known function values at neighboring points. Linear interpolation uses a line
segment that passes through two points. The slope between (xg, yo) and (x], yi) is
m = (y1 — yp)/{x1 — x0), and the point-slope formula for the line y=m(x —x0)+ yo
can be rearranged as

(1 y= P(x}=yo+ (y1 — yo)

X —xp
x| —Xp

When formula (1) is expanded, the result is a polynomial of degree < 1. Evaluation of

P(x) at xg and x| produces yg and y|, respectively:
P(x0) = yo + (y1 — y0}(©) = yo,
@ P(x1) = yo + (y1 — yo)(1) = y1.

The French mathematician Joseph Louis Lagrange used a slightly different method to
find this polynomial. He noticed that it could be written as

P X — X + X — X0
&) y= l(JC)—yoxO_I1 N T xe

Each term on the right side of (3) involves a linear factor; hence the sum is a polynomial
of degree < 1. The quotients in (3) are denoted by
- X1 X — X0

and Lji(x)= .
Xp — X1 X1 —Xp

) Liolx) =

Computation reveals that Ll'o(xo) =1,Liolx)= 0, Ll,l (xg) = 0, ancl»Ll_] xp=1
so that the polynomial P;(x) in (3) also passes through the two given points:

(5) Pi(xo)=yo+y1(0) =y and Pi(xy) = yo(0) + y1 = n1.
The terms L1 o(x) and L;(x) in (4) are called Lagrange coefficient polynomials

based on the nodes x¢ and x;. Using this notation, (3) can be written in summation
form

1
(6) Pi(x) = ) yLialx).
k=0

Suppose that the ordinates y; are computed with the formula yx = f(xx). If Py (x.) is
used to approximate f(x) over the interval [xo, x1], we call the process interpolation.
If x < xp{or x; < x), then using P;(x) is called extrapolation. The next example

illustrates these concepts.

Example 4.6. Consider the graph y = f{x) = cos(x) over [0.0, 1.2].
(a) Use the nodes xo = 0.0 and x; = 1.2 to construct a linear interpolation polyno-
mial Pi{x).
(b) Use the nodes x¢ = 0.2 and x; = 1.0 to construct a linear approximating polyno-

mial Oy (x). .
Using (3) with the abscissas xg = 0.0 and x; = 1.2 and the ordinates yg = c0s(0.0) =

1.000000 and y; = cos(1.2) = 0.362358 produces

x—12 03623531—0'0
P1(x) = 100000055 —> + 0. 12-00

= —0.833333(x — 1.2) + 0.301965(x — 0.0).
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T ' | | L x 1 ] 1 . 1

00 02 04 06 08 10 1.2 00 02 04 06 08 10 12
(@) )]

Figure 4.11 (a) The linear approxitnation of y = Pj(x) where the nodes xp = 0.0
and x; = 1.2 are the end points of the interval [a, b]. (b) The linear approximation of
¥ = {h{x) where the nodes xp = 0.2 and x; = 1.0 lie inside the interval [a, b].

When the nodes xo = 0.2 and x; = 1.0 with yo = cos(0.2) = (.980067 and vi =
cos(1.0} = 0.540302 are used, the result is

x—~ 1.0 x—0.2
= 0.980067 2 4 0.540302F 02
Qe 031p " O oo

= —1.225083(x — 1.0) + 0.675378(x — 0.2).

Figure 4.11(a) and (b) show the graph of y = cos(x) and compares it with y = P;(x) and
¥y = Q1(x), respectively. Numerical computations are given in Table 4.6 and reveal that
Q1(x) has less error at the points x; that satisfy 0.1 < x; < 1.1. The largest tabulated
error, £{0.6) — P;(0.6) = 0.144157, is reduced to £ (0.6} — @1 (0.6) = 0.065151 by using
O1{x). =

The generalization of (6) is the construction of a polynomial Py (x) of degree at
most N that passes through the N + 1 points (xg, yo), {(x1, y1), ..., (xn. yn) and has
the form

N
(7 Pr(x) = wLyi(x),
=0

where Ly j is the Lagrange coefficient polynomial based on these nodes:

(x —x0) - (¥ = xp—1)(x — Xpg1) - - (X — xN)
(xk — x0) - (X — X 1Y%k — K1) - (xie =~ xp)

(8) Lyi(x)y=

It is understood that the terms (x — x¢) and (x; — x4) do not appear on the right side of
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Table 4.6 Comparison of f(x) = cos(x) and the Linear Approximations P;(x) and Q;(x)

X Sxg) = cos(xy) Py} FOa) = Pr{xg) Q1(x) Flxg) = 21{x0)
04 1.000000 1.000000 0.000000 1.090008 —0.090008
0.1 0.995004 0.946863 0.048141 1.035037 —0.040033
0.2 0.980067 0.893726 0.086340 0.980067 0.000000
0.3 0.955336 0.840589 0.114747 0.925096 0.030240
0.4 0.921061 0.787453 0.133608 0.870126 0.050935
0.5 0.877583 0.734316 0.143267 0.815155 0.062428
0.6 0.825336 0.681179 0.144157 0.760184 0.065151
0.7 0.764842 0.628042 0.136800 0.705214 0.059628
0.8 0.696707 0.574905 0.121802 0.650243 0.046463
0.9 0.621610 0.521768 (.099842 0.595273 0.026337
1.0 Q.540302 0.468631 Q071671 0,540302 0.000000
1.1 0.453596 0.415495 0.038102 0.485332 —0.031736
1.2 0.362358 0.362358 0.000000 0.430361 ~0.068003

equation {8). It is appropriate to introduce the product notation for (8), and we write

n?’=o (r—x5)
2k
9 Lyp(ry= 30—
H}Lo(xk — x5}
k
Here the notation in (9) indicates that in the numerator the product of the linear
factors (x — x;) is to be formed, but the factor (x — x;) is to be left out (or skipped).
A similar construction occurs in the denominator,
A straightforward calculation shows that, for each fixed &, the Lagrange coefficient

polynomial L y x (x) has the property
(10) Lyi(x;j)=1 when j=k and Lyg(x;)=0 when j#k%.

Then direct substitution of these values into (7) is used to show that the polynomial
curve y = Py (x) goes through (x;, ¥;):

(11 Py(xj)=yolwo(x;) +---+y;Ly j(x;) +-- -+ ynLy nix;)
=y0) +-- +y;(D)+---+yn0) =y;.

To show that Py(x) is unique, we invoke the fundamental theorem of algebra,
which states that a polynomial 7 (x) of degree < N has at most N roots. In other
words, if T(x) is zero at N + 1 distinct abscissas, it is identically zero. Suppose that
Px(x) is not unique and that there exists another polynomial Qx(x) of degree < N
that also passes through the N + 1 points. Form the difference polynomial T(x) =
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Figure 4.12 (a) The quadratic approximation polynomial y = P(x) based on the
nodes xp = 0.0, x; = 0.6, and x; = 1.2. (b) The cubic approximation polynomial
v = P3(x) based on the nodes xp = 0.0, xy =0.4,x; =08, and x3 = 1.2.

Py{x} — Qn(x). Observe that the polynomial 7{x) has degree < N and that T'(x;) =
Py(x;}) —On(x;) =y;—y; =0,for j =0,1,..., N. Therefore, T(x) = 0 and nt
follows that @y (x) = Pn(x).

When (7) is expanded, the resuit is similar to (3). The Lagrange quadratic interpo-
lating polynomial through the three points (xp, yo). (x1, ¥1), and (xz2, y2) is

(x —x1){x — x3) (x — xp)(x — x2) (x — x0){x — x1)
(o —x)m0 —x2) 7 —xe)r —x2) | Pl m — x0)az — x1)

(12) P(x) =y

The Lagrange cubic interpolating polynomial through the four points (xp, yo), (x1, ¥1).
(x2, ¥2), and (x3, y3) is

x — x)(x —x2)(x —x3) (x — x0){x — x2){x — x3)

(xo — x1)(xp — x2)(x0 — x3) ! (xy — xp)(xy — x2)(x; — x3)

" (x — xp)(x —x1Hx ~ x3) X (x — x0){x —x1)(x ~ x2) ‘
(x2 — xoHx2 — x1)(x2 — x3) (x3 — x0)(x3 — X3 }(x3 — x2)

(13) Py(x) = yo

+

Example 4.7. Consider y = f(x) = cos(x) over [0.0, 1.2].

(a) Use the three nodes xo = 0.0,x; = 0.6, and x; = 1.2 to construct a quadrati
interpolation polynomial P> (x).

{b) Use the four nodes xo = 0.0, x; = 0.4, x3 = 0.8, and x3 = 1.2 to construct a cubi
interpolation polynomial P3(x).
Using xg = 0.0, x1 = 0.6, xo = 1.2 and yg = ¢0s(0.0} = 1, y; = cos(0.6) = 0.82533¢
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and y2 = cos{1.2) = 0.362358 in equation (12) produces

x—0.0)(x —1.2)
0.6—-0.00006-1.2)

(x —0.6)(x - 1.2)
(0.0 —0.6)(0.0—1.2) +0825336
(x —0.0)(x — 0.6}
+0.362358 (1.2-00)(1.2-0.6)
= 1.388889(x — 0.6)(x — 1.2) — 2.292599(x — 0.0)}(x — 1.2)
+0.503275(x — 0.0)(x — 0.6).

Py(x)= 1.0

Using xp = 0.0, x; = 0.4, x3 = 0.8, x3 = 1.2 and yg = co0s(0.0) = 1.0, y; = cos(0.4) =
0.921061, y2 = cos(0.8) = 0.696707, and y3 = cos(1.2) = 0.362358 in equation (13)
produces

(x — 0.4)(x —0.8)(x ~ 1.2)
(0.0— 0.4)(0.0 — 0.8)(0.0 — 1.2)

(x — 0.0)(x — 0.8)(x ~ 1.2)
(0.4—0.0)(0.4 — 0.8)(0.4— 1.2)

(x — 0.0} x — 0.4)(x — 1.2)
(0.8=0.0)(0-8 — 0.4)(0.8 — 1.2)

(x — 0.0)(x — 0.4)(x — 0.8)
(1.2—0.0)(1.2—04)(1.2—038)
= —2.604167(x — 0.4)(x — 0.8)(x — 1.2)
+7.195789(x — 0.0)(x — 0.8)(x — 1.2)

~ 5.443021(x — 0.0)(x — 0.4)(x — 1.2)
+0.943641(x — 0.0)(x — 0.4)(x - 0.8).

P3(x) = 1.000000

+0.921061

+ 0.696707

+ 0.362358

The graphs of y = cos{x) and the polynomials y = P>(x) and y = P3(x) are shown in
Figure 4.12(a) and (b), respectively. n

Error Terms and Error Bounds

Itis important to understand the nature of the error term when the Lagrange polynomial
is used to approximate a continuous function f(x). It is similar to the error term for
the Taylor polynomial, except that the factor (x — xo)V*! is replaced with the product
{x - xo)(x — x1) - - - (x — x). This is expected because interpolation is exact at each
of the N + 1 nodes xg, where we have Enx(x;) = f(xe) — Pn(xx) = yx — yi = 0 for
k=0,1,2,..., N.

Theorem 4.3 (Lagrange Polynomial Approximation). Assume that f € C N+, b)
and that xp, x1, ..., X5 € [a, b]lare N + 1 nodes. If x € [a, b], then

(14) flx) = Py(x)+ En(x),
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where Py (x) is a polynomial that can be used to approximate f(x):
N
(15) fx) = Py(x) =) fx)Lya(x),
k=0

The error term £y (x} has the form

_x—x)x —x) - x = xm) V()
(16) En(x) = NT s

for some value ¢ = c(x) that lies in the interval [a, b].

Proof. As an example of the general method, we establish (16) when N = 1. The
general case is discussed in the exercises. Start by defining the special function g(1) as

follows

(¢ — xo)(t — x1)

Qan g0 = fty— Pi(r) — E; (ﬂm-

Notice that x, xg and x| are constants with respect to the variable 7 and that g(r) eval-
uates to be zero at these three values; that is,

() = £(x) = Pi(x) — Exn) S XE T3 ey By — Er(x) =0

(x — xp){x — x1)
{xo — x0)(x0 — x1)

0 = —-P =0,
o ——— S (x0) — Pi(xp)

g{xo) = f{x0) = Pi{xo) — E1(x)

(L —xo)(x1 —x1) _ _ -0
g(x:)=f(x1)—P1(xl)—E1(x)m—f(xl) Py (x)) =0.

Suppose that x lies in the open interval (xo, x1). Applying Rolle’s theorem to g(r)
on the interval [xg, x] produces a value dp, with xg < do < x, such that

(18) g'(dp) =0.

A second application of Rolle’s theorem to g(t) on [x, x;] will produce a value 4,
with x < d; < x, such that

{(19) g'(d) =0,

Equations (18) and (19) show that the function g'(t) is zero at t = dp and ¢ = d|.
A third use of Rolle’s theorem, but this time applied to g’(r) over {dy, d|], produces a
value ¢ for which

(20) g@e) =0
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Now go back to {17) and compute the derivatives g’(¢) and g” (¢):

b g pe (r —x0) + (t = x1)
21) g0 =70 = kA= By sr s,

2

" - _ 0 —E - - .
22) g0 = f'¢) L o e

In (22) we have used the fact the P;(¢) is a polynomial of degree N = I; hence its
second derivative is Py’() = 0. Evaluation of (22) at the point ¢ = ¢ and using (20)
yields

2
23 0= f"(c)- E1(x) m/————.
(23) 1) = i) e
Solving (23) for Ej(x) results in the desired form (16) for the remainder:
(x —x0)(x = x1) fP(c)
2! ’
and the proof is complete. .

(24} Ei(x) =

The next result addresses the special case when the nodes for the Lagrange poly-
nomial are equally spaced x; = xo + hk, fork = 0, 1, ..., N, and the polynomial
Pr(x) is used only for interpolation inside the interval [xg, xx1.

Theorem 4.4 (Error Bounds for Lagrange Interpolation, Equally Spaced Nodes).
Assume that f(x) is defined on [a, b], which contains equally spaced nodes x; =
xo + hk. Additionally, assume that f(x) and the derivatives of f(x), up to the order
N + 1, are continuous and bounded on the special subintervals [xg, x11, [xg, x2], and

[x0, x2], respectively; that is,
(25) LF @) < Myyr for x0 < x < xw,

for N = 1, 2, 3. The error terms (16) corresponding to the cases N = 1, 2, and 3 have
the following useful bounds on their magnitude:

M.

(26) [Ei(x)] = —=  valid for x € [xp, x1),
mM;

@n |Ea(x)| < valid for x € [xo, x2],
| 9./3
WM.

(28) |E3(x)] < valid for x € [xg, x3].

Proaf. We establish (26) and leave the others for the reader. Using the change of
variables x — x¢ = ¢ and x — x; =1 — h, the error term E; (x) can be written as

(2 —ht) fP(c)

(29) Ei(x) = Ey(xp+1) = =

for 0<r<h
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The bound for the derivative for this case is
(30) fP@) <My for xp<c<xy.

Now determine a bound for the expression (12 ~ ht) in the numerator of (29); ¢z’
this term @{1) = t? — k1, Since §'(t) = 2t — h, there is one critical point t = A,
that is the solution to ®’(r) = 0. The extreme values of ®(r) over [0, k] occur eith. :

at an end point ®(0) = 0, ®(h) = 0 or at the critical point ®(h/2) = —h%/4. Sinc.
the latter value is the largest, we have established the bound

(313 @) = 1e? —hil <

|-k A?
— forO0<t<h
4 g V==
Using (30) and (31) to estimate the magnitude of the product in the numerator n 2
results in

()] F? h2M,
32) lEs(IH:l (t)ll; (c)lS 3 2

and formula (26) is established.

Comparison of Accuracy and Q(hV+1)

The significance of Theorem 4.4 is to understand a simple relationship between the
size of the error terms for linear, quadratic, and cubic interpolation. In each case the
error bound | Ex(x)| depends on % in two ways. First, BN*! is explicitly present so
that | Ex (x)] is proportional to ¥ *!. Second, the values My ) generally depend o
h and tend to | F¥+D(xg)| as & goes to zero. Therefore, as h goes to zero, {En(x)
converges to zero with the same rapidity that A#V*! converges to zero. The notation
O (AN TYY is used when discussing this behavior. For example, the error bound (26}
can be expressed as

|Ej()l = O valid for x € [xp, x]).

The notation @ (k%) stands in place of h%M,/$ in relation {26) and is meant to convey
the idea that the bound for the error term is approximately a multiple of #?; that is,

|E1(x)] < Ch? = O(R?).
As a conseguence, if the derivatives of f(x) are uniformly bounded on the in-

terval |#| < 1, then choosing N large will make 2¥+1 small, and the higher-degree
approximating polynomial will have less error.
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Figure 4.13 (a) The error function E5(x) = cos(x) = Py(x). (b) The error function
E3(x) = cos{x)} — Pa(x).

Example 4.8. Consider y = f(x} = cos(x) over {0.0, 1.2]. Use formulas {26) through
(28) and determine the error bounds for the Lagrange polynomials P; (x), P2(x), and Pi(x)
that were constructed in Examples 4.6 and 4.7.

First, determine the bounds Mz, M3, and M, for the derivatives | f @ (x)}, 17 x)!,
and | £ (x}{, respectively, taken over the interval (0.0, 1.2];

I F D) = |- cos(x)| < |— cos(0.0)] = 1.000000 = Ma,
1@ = |sin(x)| < |sin(1.2)] = 0.932039 = M,
[Py = |cosx)| < [cos(0.0)] = 1.000000 = My.
For Py(x) the spacing of the nodes is & = 1.2, and its error bound is
KMy _ (1.2)2(1.000000)
g8 8
For P»(x) the spacing of the nodes is h = 0.6, and its error bound is

(33 1B = = 0.130000.

BMs (0.6)%(0.932039)
(34) Exx) = =< = 0.012915.
W 9v3

For P3(x) the spacing of the nodes is k = 0.4, and its error bound is

My < {0.4)*(1.000000)
24 — 24

From Example 4.6 we saw that [ E;(0.6)| = | cos(0.6) — P1(0.6)| = 0.144157, so

the bound 0.180000 in (33} is reasonable. The graphs of the error functions £3 (x) =

cos(x) — Pp(x) and E3(x) = cos(x) — P3(x) are shown in Figure 4.13(a) and (b),

= 0.001067. [

{35) [E3(x}| <
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Table 4.7 Comparison of f{(x) = cos(x) and the Quadratic and Cubic Pelynomial
Approximations P2(x) and P3(x)

i Fxk) = cos(xg) Po(xe) Es{xk) Py(xx} Ea{xy)
0.0 1.000000 1.000000 0.0 1.000000 0.0

0.1 0.995004 0.990911 0.004093 0.995835 —0.00083 |
0.2 0.980067 06.973813 0.006253 0.980921 —0.000853
0.3 0.955336 0.948707 0.006629 0.955812 —0.000470
0.4 0.921061 0.915592 0.005469 0.921061 0.0

0.5 0.877583 0.874468 0.003114 0.877221 0.00036!
0.6 0.825336 0.825336 0.0 0.824847 0.00089
0.7 0.764842 0.768194 —0.003352 0.764491 0.00035 .
0.8 0.696707 0.703044 —0.006338 0.696707 0.0

0.8 0.621610 0.629886 —~0.008276 0.622048 —0.000-43~
1.0 0.540302 0.548719 —0.008416 0.541068 —0.0007€¢
1.1 0.453596 0.459542 —0.005946 0.454320 —0 00072~
12 0.362358 0.362358 0.0 0.362358 0.0

respectively, and numerical computations are given in Table 4.7. Using values in the
table, we find that |E2(1.0)] = |cos(1.0) — P2(1.0)| = 0.008416 and |E3(0.2)] --
| c0s(0.2) — P3{0.2)| = 0.000855, which is in reasonable agreement with the bour
0.012915 and 0.001607 given in (34) and (35), respectively.

MATLAB

The following program finds the collocation polynomial through a given set of poir- -
by constructing a vector whose entries are the coefficients of the Lagrange interpo.
tory polynomial. The program uses the commands poly and conv. The poly co - -
mand creates a vector whose entries are the coefficients of a polynomial with specifi.
roots. The conv commands produces a vector whose entries are the coefficients o
polynomial that is the product of two other polynomials.

Example 4.9. Find the product of two first-degree polynomials, P(x) and Q(x), w
roots 2 and 3, respectively. :

>>P=poly(2)
P:

1 -2
>>Q=poly(3)
Q:

1 -3
>>conv(P,Q)
ans=

1-56

Thus the product of P(x) and Q(x)is x> — 5x + 6
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| Pro 4. i i
| > (g;imz’} (LaLgran(ge Approximation). .To evaluate the Lagrange polynomial
L k=0 YeLn & x)basedonN+1pomts(xk.yk)fork=0,I,...,N.

function [C,Ll=lagran(X,Y)

4#Input - X is a vector tha i i

% - Y is a vector tha: EEEEZi:: : i;:: ot abs?lssas
; of ordinates
U/.Dutput - C is a matrix that contains the coefficients of
UA the Lagrange interpolatory polynomial

n/° = L is a matrix that contains the Lagrange

A coefficient polynomials

w=length(X);

==l

L=zeros(w,w);

#Fcrm the Lagrange coefficient polynomials
for k=1:n+1
for j=l:n+1
1 k~=j
‘-.f=conv(V.-p01y(X(j)))/(X(k)-X(j));
=nd
end
L(k,:)=V;
end

“Datermine the coefficients of the Lagrange interpolating
4polynomial
C=YsL;

Exercises for Lagrange Approximation

L. Find Lagrange polynomials that approximate f{x) = x3,

(a) Find the linear interpolation polynomial Pj(x) using the nodes xp = —1 and
x)p =0,

(b) Find ke guadratic interpolation poiynomial P>(x) using the nodes xp = —I,
xt=0and x; = 1,

(¢} Findthe cubic interpolation polynomial P3(x) using thenodesxp = —1,x; =0,

x2= 1, andx; = 2.
(d) Find the lirear interpclation polynomial P)(x) using the nodes xg = | and
x =2

{¢) Find the quadratic interpolation polynomial Py(x) using the nodes xq = €,
x1=1,and xz = 2.
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2 Let f(x)=x+2/x.
(a) Use quadratic Lagrange interpolation based on the nodes xo = 1, x1 = 2, and
x2 = 2.5 to approximate f(1.5) and f(1.2).
{b) Use cubic Lagrange interpolation based onthenodes xg = 0.5, x) =1, x» =
and x3 = 2.5 to approximate f(1.5) and f(1.2).

3. Let f(x) = 2sin(wx/6), where x is in radians.

(a) Use quadratic Lagrange interpolation based on the nodes xg = 0,x; = 1,2l
x3 = 3 to approximate f(2) and f(2.4).

(b) Use cubic Lagrange interpolation based on thenodesxg =0, x1 =1, x2 = -
and x3 = 5 to approximate f(2) and f(2.4).

4. Let f(x) = 2sin(mx/6), where x is in radians.

(a) Use quadratic Lagrange interpolation based on the nodes xop = 0, x; = 1, a1d
" x; = 3 to approximate f(4) and f(3.5).
(b) Use cubic Lagrange interpolation based on the nodes xo = O xp=1x="
and x3 = 5 to approximate f(4) and f(3.5).

5. Write down the error term E3(x) for cubic Lagrange interpolation to f(x), where

interpolation is to be exact at the four nodes xo = —1,x; =0,x2 = 3,and x4 =

and f(x) is given by

(@ fx)=4x-3x+2

() fxy=x*-22°

© fx)= x5~ 5x%

Let f(x) = x*.

(a) Find the quadratic Lagrange polynomial P;(x) using the nodes xp = 1. x1 =

1.25,and xo = 1.5.
(b) Use the polynomial from part (a) to estimate the average value of f(x) over 1he
interval [1, 1.5].

(c) Use expression (27) of Theorem 4.4 to obtain a bound on the error in appro:-

mating f(x) with P2(x).

7. Consider the Lagrange coefficient polynomials L3 x(x) that are used for quadratic
interpolation at the nodes xo, x|, and x2. Define g(x) = Loo(x) + Lzi(x -
Lya(xy—1.

(a) Show that g is a polynomial of degree < 2.
(b) Show that g{xz) =0fork =0,1,2.
(c) Show that g(x) = 0 for all x. Hint. Use the fundamental theorem of algebra

6

8. Let Lyo(x), Ly 1{x), ..., and Ly v (x) be the Lagrange coefficient polynom .-
based on the N + 1 nodes xg, x1, .. ., and xy. Show that Zf:o Lyx(x)=1for.n.
real number x.

9. Let f(x) be a polynomial of degree < N. Let Py (x) be the Lagrange polynomia. I

degree < N based on the N + 1 nodes xq, X1, . .., XN- Show that f(x) = Py{(x) I:
all x. Hint. Show that the error term En(x) is identically zero.
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10. Consider the function f(x} = sin(x) on the interval {0, 1]. Use Theorem 4.4 to

determine the step size / so that

(a) linear Lagrange interpolation has an accuracy of 1076 (i.e., find # such that
[E1(x} <5 x 1077).

{(b) quadratic Lagrange interpolation has an accuracy of 10~9 (i.e., find 4 such that
|E2(x)| <5 x 1077).

(¢} cubic Lagrange interpolation has an accuracy of 1076 (i.e., find # such that
[E3(x)i < 5 x 1077).

1. Start with equation (16) and N = 2, and prove inequality (27). Let x; = xg + 4.

X2 = xg + 2h. Prove that if xg < x < x; then

3
Il —xollx — xy]lx — x2| < W
Hint. Use the substitutions t = x — x), ¢t + 2 = x — xg, and t —h = x — x; and the
function v{¢) = 1> — th? on the interval —h <t < h. Setv'(r) = 0 and solve for ¢ in
terms of A.

12, Linear interpolation in two dimensions. Consider the polynomialz = P(x, y) = A+

Bx+Cy that passes through the three points (xg. Yo. zo), (x1. ¥1, 21), and (x2, y2. z2).
Then A, B, and C are the solution vaiues for the linear system of equations

A+ Bxo+Cyvo=20
A+Bx1+Cy =27,
A+ Bxa+Cyvi=2.

(a) Find A, B, and C so that z = P(x,y) passes through the points (1,1, 5).
(2,1,3),and (1, 2,9).

(b} Find A, B, and C so that z = P(x, y) passes through the points (1, 1, 2.5),
(2,1,0),and (1,2, 4).

(c}) Find A, B, and C so that z = P(x,y) passes through the points (2, 1, 5),
(1,3,N,and (3, 2,4).

(d) Can values A, B, and C be found so that z = P(x, y) passes through the points
(L1,2,5),(3,2,7,and (1, 2, 0)? Why?

13. Use Theorem 1.7, the Generalized Rolle’s Theorem, and the special function

_ _ _ (£t = x0)(t —x1)- -t — xn)
&) = f(6) — Pn(1) — En(x) Ry s Sy —

where Py(x) is the Lagrange polynomial of degree N, to prove that the error term
En(x) = f(x) ~ Py(x) has the form

f(N‘H)(C)

En(x) = (x —x0)(x —x1) -+ (x — XN)W*

Hint. Find g™V (¢} and then evalnate itat r = c.
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Algorithms and Programs

1. Use Program 4.1 to find the coefficients of the interpolatory polynomials in Prob-
lem 2(i) a, b, and ¢ in the Algorithms and Programs in Section 4.2. Plot the graphs
of each function and the associated interpolatory polynomial on the same coordinate
system.

3. The measured temperatures during a 5-hour period in a suburb of Los Angeles on
November 8 are given in the following table.

(a) Use Program 4.1 to construct a Lagrange interpolatory polynomial for the data
in the table.

(b} Use Algorithm 4.1(iii} to estimate the average temperature during the given
5-hour period. i

(c) Graph the data in the table and the polynomial from part (a) on the same coordi-
nate system. Discuss the possible error that can result from using the polynomial
in part (a) to estimate the average temperature.

Time, PM. | Degrees Fahrenheit
66
66
65
64
63
63

;o W N

4.4 Newton Polynomials

It is sometimes useful to find several approximating polynomials Py (x), Po(x), ooy
Py(x) and then choose the one that suits our needs. If the Lagrange polynomials
are used, there is no constructive relationship between Py_1(x) and Py{(x). Each
polynomial has to be constructed individually, and the work required to compute the
higher-degree polynomials involves many computations, We take a new approach and
construct Newton polynomials that have the recursive pattern

(1) Pi(x) = ap + a1(x — X0),
(2) Pa(x) = ag + a1 (x — xg) + a2(x — x0)(x — x1),
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3 P3(x) = ag+ a1 (x — x0) + az(x — xp)(x — x1)
+ aa(x — xo)(x — x1){(x — x3),

@ Pn(x) = ag + ai(x — xg) + as(x — xp){x ~ x1)
+a3(x — x0)(x — x1){x — x2)
+ag(x —xo)(x —x)(x —x2)(x —x3) + - --
+anlx —x0)--- (x —xy_1).

Here the polynomial Py (x) is obtained from Py_i1(x) using the recursive relationship
)] Pr(x) = Py_1(x) + an(x — xo)(x —x1}(x = x2) - - (x — xn_1).

The poiypomja.l (4) is said to be a Newton polynomial with N centers x. x
... ¥N-1. It involves sums of products of linear factors up to oo

an(x —x0)(x —x1)(x —x3) - - (x —xpy_y),
80 Py (x) will simply to be an ordinary polynomial of degree < N,

Exaéll.ﬂe 4.10.  Given the centers xp = 1, x; = 3, x3 = 4, and x3 = 4.5 and the
coerficients ap = 5, ay = —2, a3 = 0.5, a3 = —0.1, and a4 = 0.003, find P, (:t) P(x)
P(x). and Py(x) and evaluate P¢(2.5) fork = 1,2, 3, 4. SR e
Using formulas (1) through (4), we have

Pix)=5-2(x-1),

P)=5-2r — 1)+ 0.5(x — D(x — 3),

P3(x) = Pa(x) — 0.1(x — 1}(x — 3)(x — &),

Py(x) = P3(x) +0.003(x — D{x — 3)x —4)(x — 4.5).
Evaluuiing the polynomials at x = 2.5 results in

PI(2.5)=5—2(1.5) =2,

Py(2.5) = P1(2.5) + 0.5(1.5)(—0.5) = 1.625,

P3(2.5) = P2(2.5) — 0.1(1.5)(—0.5)(—1.5) = 1.5125,

P4(2.5) = P3(2.5) + 0.003(1.5)(—0.5)(—1.5)(—2.0) = 1.50575. .

‘Nested Multiplication

if .N is fixed and the polynomial Py (x) is evaluated many times, then nested multi-
pl:catron.should be used. The process is similar to nested multiplication for ordin

polynomials, except that the centers x; must be subtracted from the independent ary
able x The nested multiplication form for P3(x) is P s

(3] Pi(x) = ((a3(x — x2) + a2)(x ~ x1) +a))(x — xp) + ag.
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To evaluate P3(x) for a given value of x, start with the innermost grouping and form
successively the quantities

S3 =as,

Sz = Sa(x — x3) + a2,
§1 = S(x —x1)+an,
So = S1(x — x0) + ao.

(€A]

The quantity Sp is now P3(x).

Example 4.11. Compute P3(2.5) in Example 4.10 using nested multiplication.
Using (6), we write

Ax)={(-01x-4H+05Hx-3H-D(x -1 +5.

The values in (7) are

S5 = —0.1,
52 = —0.1(2.5-4)+ 0.5 =0.65,
51 =065(2.5-3)—2=-2.325,

So=—2.325(2.5— 1) + 5 =1.5125.

Therefore, P3(2.5) = 1.5125. [ ]

Polynomial Approximation, Nodes, and Centers

Suppose that we want to find the coefficients a, for all the _polynomjals Py(x}), ...,
Px (x) that approximate a given function f (x). Then Pi(x) will be based on the centers
Xg, X1, ..., Xx and have the nodes xg, x|, ..., Xk+1- For the polynomial Py(x) the
coefficients ag and @1 have a familiar meaning. In this case

8 Pi(x0) = f(xo} and  Pi(x)) = flx1).
Using (1) and (8) to solve for ag, we find that
&) f(x0) = P1{x0) = ap + a1 (x0 — x0) = ao.
Hence ag = f (xp). Next, using (1), (8), and (9), we have
fix1) = Pi(x1) = ao + a1(x1 — xg) = fxo} +ar{x1 — xo),
which can be solved for ay, and we get

f(x1) = f(x)
q) = —————.

(10) %1 — %0
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Hence a) is the slope of the secant line passing through the two points (xp, f(x0))
and (xy, f(x1)).

The coefficients ag and a) are the same for both P (x) and Pa(x). Evaluating (2)
at the node x,, we find that

an f(x2) = Pa(x2) = ap + ay (x2 — x0) + a2(x2 — x)(x2 — x7).
The values for ap and ay in (9) and (10) can be used in (1 1) to obtain

ay = fx2) —ap —ar(xa — xp)
(x2 = xp)(x2 — x7)
_ ( fe) = fro)  f)— f <"°)) [ —x1)

X2 — X0 X1 — Xp

For computational purposes we prefer to write this last quantity as

(12) a = (f("”_f("') SEALLS f(XOJ)/(xz—xo).

X2 — X] X1 —Xp

The two formulas for a; can be shown to be equivalent by writing the quotients
over the common denominator (x; — x;)(x2 — X0}(xi — xp). The details are left for
the reader. The numerator in (12) is the difference between the first-order divided
differences. Tn order to proceed, we need to introduce the idea of divided differences.

Definition 4.1 (Divided Differences). The divided differences for a function f(x)
are defined as follows:

Flxe] = Fxg),

Floeo, ] = L2 = o]
Xp — Xjp—)
13 e
( ) f[xk"‘z'xk—l,Xk]z f[xk 1> Xk] f[xk 2, Xi—1] ’
Xk — Xg—2
Slxi—2, X1, %) — fXk—3, X2, xp—1]

SIxe—3, X2, X1, x%] =

Xk — Xk—3

The recursive rule for constructing higher-order divided differences is

Xpe—jtls s k) — FlXk—j, oo, X0
(14) FUrkmje Tk jls s 54] = flxe—j+ k] — flxe—; k—1]
X = Xk—j
and ig used to construct the divided differences in Table 4.8. A

The coefficients a; of Py(x) depend on the values flxp),forj=0,1,...,k The
next.theorem shows that a¢ can be computed using divided differences:

(t5 ar = fixo, x1, ..., x).
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Table 4.8 Divided-difference Table for y = f(x)

X Flxgl .1 T, .1 f. . . fo. . . .1
xg Slxol

xy Sfln] Sflxo, 1]

X2 Sflxal Sflxy. x2] Slxp, x1, %21

x3 Sx3l Flxa, x3] flxr, x2, x3] flxg, x1, x2, x3]

x4 Slxa] flxa, x4] Flxa, x3, x4} Sflx1.x2, %3, %4 Slxp. %1, x2, x3, x4]

Theorem 4.5 (Newton Polynomial). Suppose that xg, x1, ..., xx are N + | distinct
numbers in [a, b]. There exists a unique polynomial Py (x)} of degree at most N with
the property that

flxj)=Pyix;) forj=0,1,...,N.
The Newton form of this polynomial is
(16) Py(x)=ao+taix—xp)+ - +aylx —xp){x —x1) - (x —xn=1),
where ax = flxp, x1, ..., ;] fork=0,1,..., N.

Remark. If {(x;, y j)}j‘;{) is a set of points whose abscissas are distinct, the values
f(x;) = y; can be used to construct the unique polynomial of degree < N that passes
through the N + 1 points.

Corollary 4.2 (Newton Approximation). Assume that Py (x} is the Newton poly-
nomial given in Theorem 4.5 and is used to approximate the function f(x), that is,

a7 fx) = Py(x) + En(x).

If f € C¥*!a, b), then for each x € {a, b] there corresponds a number ¢ = ¢(x) in
(a, b}, so that the error term has the form

(I —xo)(.!: —_).’1) . e -(_x _xN)f(N+1)(C)
(N+1)! ’

(18) Ey(x) =

Remark. The error term E i (x) is the same as the one for Lagrange interpolation, which
was introduced in equation (16) of Section 4.3.

It is of interest to start with a known function f (x) that is a polynomial of degree N
and compute its divided-difference table. In this case we know that f¥+D(x) = ¢
for all x, and calculation will reveal that the (N + 1)st divided difference is zero.
This will happen because the divided difference (i4) is proportional to a numerical
approximation for the jth derivative.
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Table 4.9
First Second Third Fourth Fifth
divided divided divided divided divided
Xp Flxz] difference difference difference difference difference
xXp = -3
X = 0 3
=3 15 i5 6
x3=4 | 48 33 9 1
g = 105 57 12 H 0
=6 192 87 15 1 ) 0
Table 4 10 Divided-Difference Table Used for Constructing the Newton Polynomials
Py(x) in Example 4.13
Xi Flxe] fl, 1] .. P S B I |
x=0.0 1.0000000
x=10 0.5403023 —0.4596977
xp=20| —0.4161468 —0.9564491 —0.2483757
x3=3.0]| —0.9899925 —0.5738457 0.1913017 0.1465592
3 =4.0( -0.6536436 0.3363499 0.4550973 0.0879318 —0.0146568

Example 4.12. Let f(x) = x? — 4x. Construct the divided-difference table based on the
nodesxo = 1,x7 = 2,..., x5 = 6, and find the Newton pelynomial P;(x) based on xg, x;,
X2, and x3.

See Table 4.9. [ ]

. The coefficients ap = ~3, a; = 3, a; = 6, and az = 1 of P3(x) appear on the
diagonal of the divided-difference table. The centers xo=1,x =2, and x> = 3 are
the values in the first column. Using formula (3), we write

P3y(x) = =3+3(x — D+ 6(x — )(x —2) + (x — 1)(x — 2)(x — 3).

Example 4.13. Construct a divided-difference table for f(x) = cos(x) based on the five
points (k, cos(k)), for k = 0, 1, 2, 3, 4. Use it to find the coefficients a; and the four
Newton interpolating polynomials Py (x), fork == 1,2, 3, 4.

For simplicity we round off the values to seven decimal places, which are displayed
in Table 4.10. The nodes xq, x1, x2, x3 and the diagonal elements ag, aj, a3, a3, a in
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y y
1.0 1.0
0.5 05
!
-0.5 -0.5F
-1.0F -1.0F

Figure 4,14 (b} Graphs of y = cos(x)
and the quadratic Newton polynomial
y = P2(x) based on the nodes xgp =
0.0, x; = 1.0, and x; = 2.0.

Figure 4.14 (a) Graphs of y = cos(x)
and the linear Newton polynomial y =
P, (x) based on the nodes xo = 0.0 and
x = 1.0

Table 4.10 are used in formula (16), and we write down the first four Newton polynomials:

Py (x) = 1.0000000 — 0.4596977(x — 0.0},
Pa(x) = 1.0000000 — 0.4596977(x — 0.0) — 0.2483757(x — 0.0)(x — 1.0},
P5(x) = 1.0000000 — 0.4596977(x — 0.0) — 0.2483757(x — 0.0}(x — 1.0)
+ 0.1465592(x — 0.0)(x — 1.0)(x — 2.0),
Py(x) = 1.0000000 — 0.4596977(x ~ 0.0) — 0.2483757(x — 0.0)(x — 1.0}
+ 0.1465592(x — 0.0)(x — 1.0)(x = 2.0)
— 0.0146568(x — 0.0)(x — 1.0)(x — 2.0){x — 3.0).

The following sample calculation shows how to find the coefficient az.

Flxg,xy) = LK1= Flxol _ 05403023 — 10000000 _ ) ;506977
: Pag—— 10-00
flx2] — flx1]  —0.4161458 — 0.5403023 — —0.9564491
flx1,x2] = Y — 1 = 20—-1.0 ) '
flx1,x2) — flxg, x1]  —0.9564491 + (0.4596977 — _0.2483757.
az = flxo. x1,x2] = Y1 — % = 20-00

The graphs of y = cos(x) and y = Pi(x), y = Pa(x),and y = P3(x) are shown in

Figure 4.14(a), (b), and (c), respectively. . N
’ For computational purposes the divided differénces in Table 4.8 need to be stored in an

array which is chosen to be D(k, j). Thus (15) becomes

(19) D(kvj)=f[xk—jaxkfj+ll'~'1xk] forj Sk'

| 20 P(x) =do,o + di,1(x — x0) + da2(x ~ xg}(x — x7)
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¥y
1.0
0.5+
1 Figure 4.14 (c) Graphs of
05l ¥y = cos{x) and the cubic New-
ton polynomial y = Py(x) based
Lok on the nodes xy = 0.0, x; = 1.0,

x3 = 2.0, and x3 = 3.0.

Relation (14) is used to obtain the formula to recursively compute the entries in the array:

Dk, j—1)~Dtk—1,j—1)
Xp — Xg—j ‘

(20) Dk, j) =

Notice that the value ay in {15) is the diagonal element a;, = D(k, k). The algorithm for
computing the divided differences and evaluating Py (x) is now given. We remark that
Problem 2 in Algorithms and Programs investigates how to modify the algorithm so that
the values {a;} are computed using a one-dimensional array. [

Program 4.2 (Newton Interpolation Polynomial). To construct and evaluate the
Newton polynomial of degree < N that passes through (xz, yi) = (xy, f(xz)) for
k=0,1,...,N:

Feotdy v —xo)(x —x1) - (x — xN—p),

where

dk,O = Vi and dk,j =

function [C,D]=newpoly(X,Y)
%nput - X is a vector that contains a list of abscissas

% - Y is a vector that contains a list of ordinates
%0utput - C is a vector that contains the coefficients

% of the Newton intepolatory polynomial

% - D is the divided-difference table

n=length(X);
=zeros(n,n);

D(:,1)=y";
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¥ Use formula {20) to form the divided-difference table
for j=2:n
for k=j:n
D(k,j)=(D(k,j-1)-D(k—1,j-1))/(X(k)“X(k-j+1));
end
end
YDetermine the coefficients of the Newton interpolating
Ypolynomial
C=D{n,n);
for k=(n-1):-1:1
C=conv(C,poly(X{k}));
m=length(C);
C(m)=C(m)+D{k,k) ;
end

Exercises for Newton Polynomials

In Exercises 1 through 4, use the centers xo, X, X2, and x3 and the coefficients ag, a1, a2, a3,
and as to find the Newton polynomials Py (x)}, P2(x), P3{x), and P4 (x), and evaluate them
at the value x = ¢. Hint. Use equations (1) through (4) and the technigues of Example 4.9.

L. ap=14 a=-1 a=04 a3 =001 a4=-0.002
xp=1 x) = =4 x3 =45 c=25

2. ap =5 ag==-2 az=05 a3 =-01 a3 =10.003
xp=0 xp=1 x=2 x3=73 c=25

3 a="7 a =3 a =101 a3 =005 a4=-004
n=-1 x= =1 x3=4 c=3

4. gqo=—-2 a1= ay =—0.04 a3=006 a4=0.003
x=-3 xn=-1 x=1 x3=4 c=2

In Exercises 5 thorugh 8:

(a) Compute the divided-difference table for the tabulated function.
{b) Write down the Newton polynomials Pi{x), P2(x), P; {x), and Py(x).
(¢) Evaluate the Newton polynomials in part (b) at the given values of x.

(d) Compare the values in part (c) with the actual function value f(x).
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5. fix)y =x1? 6. f(x) =3.6/x
x=45,7.5 x=2535
E | x| fOw) k| xe [flxo
0 | 4.0 | 2.00000 0 | 1.0 | 3.60
1 | 50 | 223607 1 |20 | 1.8
2 6.0 | 2.44949 2 30 | 1.20
3 | 7.0 | 2.64575 3 |40 | 090
4 8.0 | 2.82843 4 50 | 0.72
7. f(x) = 3sin®(wx/6) 8. fx)=e™*
x=15,35 x=0515
k| oxp |flxe) k| x| fGw
0 {00 {000 0 | 0.0 | 1.00000
1 ;10 ;075 1 | 1.0 | 0.36788
2 |20 | 225 2 |20 | 0.13534
3 |30 | 300 3 | 3.0 | 0.04979
4 | 40 | 225 4 |40 | 001832

9. Consider the M -+ 1 points (xo, yo), ..., {(xp, Ym).

(a) Ifthe (N + 1)st divided differences are zero, then show that the (N + 2)nd up
to the Mth divided differences are zero.

(b) If the (N + 1)st divided differences are zero, then show that there exists a poly-
nomial Py (x) of degree N such that

Pvixp)=w fork=0,1, ..., M.

In Exercises 10 through 12, use the result of Exercise 9 to find the polynomial Py (x) that
goes through the M + 1 points (N < M),

0. — 17— 1, — 71— 12, ——
Xk | ¥k Xk | ¥r Xk | i
0 (-2 1] 8 0| s
1] 2 2|17 1] s
2| 4 324 21 3
3| 4 4 |29 3| 5
4{ 2 5132 4|17
5 -2 6|33 5 |45
- - 6 |95
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13. Use Corollary 4.2 to find a bound on the maximum error (|E2(x)|) on the inter-

val [0, 7}, when the Newton interpolatory polynomial P(x) is used to approximate
f(x) =cos(mx) at the centers xg = 0, x; = 7/2,and x3 = .

Algorithms and Programs

1. Use Program 4.2 and repeat Problem 2 in Programs and Algorithms from Section 1 3.

2. In Program 4.2 the matrix D is used to store the divided-difference table.
(a) Verify that the following modification of Program 4.2 is an equivalent wa: to
compute the Newton interpolatory polynomial.

for k=0:N
A(K)=Y(k);
end
for j=1:N
for k=N:-1:j
AR =(A(R)-A(k-1))/ (X (k) -X(k-3));
end
end

(b) Repeat Problem 1 using this modification of Program 4.2

Chebyshev Polynomials (Optional)

We now tumn our attention to polynomial interpolation for f(x) over [—1, 1] based
on the nodes —1 < x9p < x; < --- < xy < 1. Both the Lagrange and Newton

polynomials satisfy
F(x} = Pn{x) + En(x),
where
_ f(N+l)(C)
(1) Eyn{x) = Q(x)—_(N+ Y

and (J(x) is the polynomial of degree N + 1:
(2) Qx) = (x — xp)(x —~ x1)--- (x — xn).
Using the relationship

max_ <, <1{| f ¥V (x)})
(N + 1)

|En(x)| = |Q(x))
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Table4.11 Chebyshev Polynomials

To(x) through T7(x)
ity =1

Tl (x) =X .
Blx) =22 -1

T3(x) = 4x3 — 3x

Ty(x) = 8x% — 8x2 41

Ts(x) = 1627 - 20x3 + 5x

To(x) = 3205 —48x% 4+ 1822 — |
T7(x) = 64x7 — 112x5 £ 5623 — 7x

our task is to foilow Chebyshev’s derivation on how to select the set of nodes {xx} }(V_O
that minimizes max_j<,<1{}Q(x)|}. This leads us to a discussion of Chebyshev pol}-
nomials and some of their properties. To begin, the first eight Chebyshev polynomials
are Jisted in Table 4.11.

Properties of Chebyshev Polynomials

Property 1. Recurrence relation

Chehyshev polynomials can be generated in the following way. Set Tp(x) = 1 and
71141 = x and use the recurrence relation

(3 Te(x) =2 Ty () — Ti—a(x)  for k=2, 3, ....

Property 2. Leading Coefficient
The coefficient of xV in Ty(x)is 2V~! when N > 1.

Property 3. Symmetry

When N = 2M, Tap(x) is an even function, that is,

@ Tam(—x) = Tapy(x).
When N = 2M + 1, Topry1(x) is an odd fuaction, that is,

(s) Dop41(—x) = —Tapge1(x).
Pioperty 4. Trigonometric Representation on [~1, 1]

(3] Tn(x) =cos(Narccos(x)) for —1<x<].
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¥
1.0 y=Ty(x)
y= T] (x)
S
. . . — x
-1.0 -0.5 0.5 1.0
-0.5F
y=T,(x Figure 4.15 Graphs of the Che
- hev polynomials Tp(x), T;(x),
=T - shev poly 0 i
yeho 1 y=T® .., Ta(x) over [—1, 1].

Property 5. Distinct Zeros in [—1, 1]
Tyn(x) has N distinct zeros x; that lie in the interval [—1, 1] (see Figure 4.15):

2%+ 1
1 xk=cos(%¥—'—) for k=0, 1, ..., N—1.

These values are called the Chebyshev abscissas (nodes).

Property 6. Extreme Values

® [Twix} <1 for —-1=<x<1,

Property 1 is often used as the definition for higher-order Chebyshev polynomials.
Let us show that 7T3(x) = 2xT2(x) — T1(x). Using the expressions for 71 (x) and T>(x) '
in Table 4,11, we obtain

2 Ta(x) — Ti(x) = 2x(2x2 — 1) — x = 4x° — 3x = T3(x).

Property 2 is proved by observing that the recurrence relation doubles the leading -
coefficient of T,,_, (x) to get the leading coefficient of T (x).

Property 3 is established by showing that T>s (x) involves only even powers of x
and T3p41(x) involves only odd powers of x. The details are left for the reader.

The proof of property 4 uses the trigonometric identity

cos(kf) = cos{28) cos((k — 2)8) — sin(26) sin{(k — 2)8)
Substitute cos(28) = 2cos?(#) — 1 and sin(28) = 2 sin(8) cos(6) and get

cos(k9) = 2 cos(8){cos(8) cos((k — 2)8) — sin(B) sin((k -~ 2)8)) — cos{(k — 2)8)

$8C. 4.5 CHEBYSHEV POLYNOMIALS 233
which is simplified as

cos(k8) = 2 cos(f) cos((k — 1)8) — cos{(k — 2)8).
Finally, substitute @ = arccos(x) an obtain

{9) 2xcos((k — 1) arccos{x)) — cos{{k — 2) arccos(x)}
= cos(karccos(x)) for —1 <x < L

The first two Chebyshev polynomials are Tp(x) = cos(Qarccos(x)) = | and
Fi(x) = cos(l arccos(x)} = x. Now assume that T {(x} = cos(k arccos{x)} fork = 2.
3,.... ¥ — 1. Formula (3} is used with (9) to establish the general case:

Tuilx) = 2xTy_1(x) — Ty-2(x)
= 2x cos{{N — I)arccos(x))} — cos((N — 2) arccos(x})
= cos(N arccos(x)} for —1 <x <1,

Properties 5 and 6 are consequences of Property 4.

Minimax

The Russian mathematician Chebyshev studied how to minimize the upper bound for
1En(x)|. One upper bound can be formed by taking the product of the maximum value
of |O(x)| over all x in {—1, 1] and the maximum value | f¥ P (x)/(N + 1)!| over
all x in [—1, 1]. To minimize the factor max{] @(x}|}, Chebyshev discovered that xg,
x|, ... xy should be chosen so that Q(x) = (1/2")Ty1(x).

Theorem 4.6. Assume that N is fixed. Among all possible choices for Q(x) in equa-
tion (2), and thus among all possible choices for the distinct nodes [xk},f;oin [—1, 1]

the polynomial T(x) = Ty 4+1(x) /2% is the unique choice that has the property

_max {IT0)} = _max {10}

Moreover,
(TN =
(i0) _{rgxsl O} = 55-
Proof  The proof can be found in Reference [29). .
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Table4.12 Lagrange Coefficient Polynomials Used to Form Ps(x)
Based on Equally Spaced Nodes x; = —~1 4 2k/3

L3 g(x) = —0.06250000 + 0.06250000x + 0.56250000x2 — 0.56250000x>
Ly (x) = 0.56250000 — 1.68750000x — 0.56250000x2 + 1,68750000x3
L3 2(x) = 0.56250000 + 1.68750000x — 0.56250000x2 — 1.68750000x>
L3 3(x) = —0.06250000 — 0.06250000x + 0.56250000x2 + 0.56250000x3

The consequence of this result can be stated by saying that, for Lagrange interpo-
fation f(x) = Py(x} + En(x) on [—1, 1], the minimum value of the error bound

(max{)Q (x)|})(max{] f ¥V x) /(N + D))

is achieved when the nodes {x;} are the Chebyshev abscissas of Tyy1(x). As anil-
lustration, we look at the Lagrange coefficient polynomials that are used in forming
P3(x). First we use equally spaced nodes and then the Chebyshev nodes. Recall that
the Lagrange polynomial of degree N = 3 has the form

(I1)  Pa(x) = f(x0)L3,0(x) + flx1)L31(x) + f(x2)L32(x) + Flxs)L33(x).

Equally Spaced Nodes

If f(x) is approximated by a polynomial of degree at most N = 3 on [—1, 1], the
equally spaced nodes xp = —1, x; = —1/3, %3 = 1/3, and x3 = 1 are easy to
use for calculations. Substitution of these values into formula (8) of Section 4.3 and
simplifying will produce the coefficient polynomials L3 4 (x} in Table 4.12.

Chebyshev Nodes

When f(x) is to be approximated by a polynomial of degree at most N = 3, using
the Chebyshev nodes xo = cos(7r/8), x| = cos(57/8), x2 = cos(3m/8), and x3 =
cos(r /8). the coefficient polynomials are tedious to find (but this can be done by a
computer). The results after simplification are shown in Table 4.13.

Exampie 4.14. Compare the Lagrange polynomials of degree N = 3 for f(x) = e* that
are obtained by using the coefficient polynomials in Tables 4.12 and 4.13, respectively.
Using equally spaced nodes, we get the polynomial

P(x) = 0.99519577 + 0.99904923x + 0.54788486x% + 0.17615196x>.
This is obtained by finding the function values

flxoy=e"D = 036787944,  f(xy) = 173 = 071653131,
flxa) = e/3 = 139561243,  f(x3) = eV = 2.71828183,
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Table .13 Coefficient Polynomials Used to Form P3;{x} Based on the
Chebyshev Nodes xx = cos((7 — 2k) /8)

Co(x) = —0.10355339 +0.11208538x + 0.70710678x2 — 0.765366861:;
Ci(x) = 0.60355339 — 1.57716102x — 0.70710678x + 1.8477590@.:3
Ca(x) = 0.60355339 + 1.57716102x — 0.70710678x> — 1.84775906x
C3(x) = —0.10355339 — 0.11208538x + 0.70710678x% + 0.76536686x

and using the coefficient polynomials L3 ¢ (x) in Table 4.12, and forming the linear combi-
nation
P(x) = 0.36787944L3 o(x) + 0.71653131L31(x) + 1.39561243L3 2(x)
+2.71828183L3 3(x).

Similarly, when the Chebyshev nodes are used, we obtain
3
V{x) = 0.99461532 4 0.99893323x + 0.54290072x2 + 0.17517569x°.
Notice that the coefficients are different from those of P (x). This is a consequence of using
different nodes and function values:
Flxp) = e~ 092387953 — 0,39697597,
f(xl) — 8—0.38268343 _ 0.68202877,
£xg) = 038268383 — 1 46621380,
Flxz) = 29B87953 = 2.51904417.

Then the alternative set of coefficient polynomials Cy(x} in Table 4.13 is used to form the
linear combination

V (x) = 0.39697597Co(x) + 0.68202877C1(x) + 1.46621380C2(x) + 2.51904417C3(x).

For a comparison of the accuracy of P{x) and V (x), the error functions are graphed
in Figure 4.16(a) and (b), respectively. The maximum error le* —~ P{(x}| occurs at x =

0.75490129, and

le* — P(x)} < 000998481 for —1<x < 1.
The maximum error |¢* — V(x)] occurs at x = 1, and we get

(¥ — V{x)| < 0.00665687 for —1<x =<1

Notice that the maximum error in V {x) is about two-thirds the maximum error in P(x).
i a
Also, the error is spread out more evenly over the interval.



236 CHAP.4 INTERPOLATION AND POLYNOMIAL APPROXIMATION

¥y hd
0.005] y=e"—Px) 0.00 Yez — V(o)
-1.0 -0.5 0.5 1.0 -1.0 -0.5, 0.5 1.0
-0.005F —0.005
~0.010*+ -0.010+
(a) (&)

Figure 4.16 (a) The error function y = e* — P(x) for Lagrange approximation over [—1, 1]
(b) The error function y = ¢* — V{(x) for Lagrange approximation over [—1, 1].

Runge Phenomenon

We now look deeper to see the advantage of using the Chebyshev interpolation nodes.
Consider Lagrange interpolating to f(x) over the interval [—1, 1] based on equally
spaced nodes. Does the error Ex(x) = f(x) — Py{x) tend to zero as & increases? For
functions like sin(x} or ¢*, where all the derivatives are bounded by the same constant
M, the answer is yes. In general, the answer to this question is no, and it is easy to find
functions for which the sequence { Py (x)} does not converge. If f{x) =1/(1+ 12x%),
the maximum of the error term En(x) grows when N — oc. This nonconvergence
is called the Runge phenomenon (see Reference [90], pp. 275-278). The Lagrange
polynomial of degree 10 based on 11 equally spaced nodes for this function is shown
in Figure 4.17(a). Wild oscillations occur near the end of the interval. If the number of
nodes is increased, then the oscillations become larger. This problem occurs because
the nodes are equally spaced!

If the Chebyshev nodes are used to construct an interpolating polynomial of de-
gree 10to f(x) = 1/(1 4+ 12x?), the error is much smaller, as seen in Figure 14.17(b).
Under the condition that Chebyshev nodes be used, the error Ey(x) will go to zero
as N — oo. In general, if f(x) and f'(x) are continuous on [—1, 1], then it can be
proved that Chebyshev interpolation will produce a sequence of polynomials { Py (x}}
that converges uniformly to f (x) over [—1, 1].

Transforming the Interval

Sometimes it is necessary to take a problem stated on an interval [a, b] and reformu-
late the problem on the interval [c, 4] where the solution is known. If the approxima-
tion Py (x) to f(x) is to be obtained on the interval [a, ], then we change the variable
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Figure 4.17 (a) The polynomial

approximation to y = 1/{1 + 12x%)
x  based on 11 equally spaced nodes
0.5 Lo over [-1,1].

Figure 4.17 (b) The polynomial
approximation to y = 1/(1 + 12x%)
. “—x  based on 11 Chebyshev nodes over

$o that the problem is reformulated on [—1, 1]:

{12} xz(b_a)t+a+b or r=2x"a-1.

2 2 b—~a

wherea <x <band -1 <t < 1.
The required Chebyshev nodes of Ty,1{(t) on{—1, 1] are

b3
1 = 2N +1-2k)—— =
(13 I = Cos (( + )2N+2) for k=0, 1, . N

and the interpolating nodes on [a, b} are obtained by using (12):
b—a a+b

+

> 5 for k=90,1, ..., N.

Xi = ¥
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Theorem 4.7 (Lagrange-Chebyshev Approximation Polynomial). Assume that
Py (x) is the Lagrange polynomial that is based on the Chebyshev nodes givenin (14).
If f e CNH[a, b], then

1 P 200 —a)¥*! (N+D)
(13) [f(x) = Py(x)| < 4N_+1-W+_1)'a< {1f (1)”

Example 4.15. For f(x} = sin(x) on [0, m/4), find the Chebyshev nodes and the crror
bound (15) for the Lagrange polynomial Ps{x).
Formulas (12) and (13) are used to find the nodes;

(1 =2\ 7m =w
Xk—COS(—"-T §+§ fOl'k—O, I...., 5.

Using the bound | f® (x)| < |—sin(/4)| = 272 = M in (15), we get

I (x) — PN(xJ|<( )( )2 112 < 0.00000720. .

Orthogonal Property

In Exampie 4.14, the Chebyshev nodes were used to find the Lagrange interpolating
polynomial. In general, this implies that the Chebyshev polynomial of degree N can be
obtained by Lagrange interpolation based on the N + 1 nodes that are the N + 1 zeros
of Tw.:(x). However, a direct approach to finding the approximation polynomial is
to express Py (x) as a linear combination of the polynomiais T, (x), which were given
in Table 4.11 Therefore, the Chebyshev interpolating polynomial can be written in the
form

N
(16) Py(x) =) aTi(x) = coTo(x) + e1Ti(x) + - -+ cn Tw (x).
k=0
The coefficients {c; } in (16} are easy to find. The technical proof requires the use
of the following orthogonality properties. Let

+1
1 = = ;
(1In Xj = COS (ﬂ2N+2) for k=0, 1, , N;
N
(18) D Tin)Ti0) =0 when i # j,
k=0
. N+1 .
(19) gmxk)rj(xk) =—— wheni=j#0,
N
(20) > Tox)Tolu) = N + 1.
k=0

Property 4 and the identities (18) and (20) can be vsed to prove the following
theorem.
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Theorem 4.8 (Chebyshev Approximation}. The Chebyshev approximation polyno-
mial Py (x) of degree < N for f(x) over [—1, 1] can be written as a sum of {T;(x)}:

(21) fx) = Py(x) = i;_chj(x).
The coefficients {c;} are computed with the for:nulas
@ o= 373;—1 Z P00 = 55 g}f{xk)
and
6= + 1 Zf(xk)rj(xk)
(23) =N—H1§f(xk)cos(%2) for j=1,2, ..., N

Example 4.16. Find the Chebyshev polynomial P3(x) that approximates the function

f(x) =¢€" over[-1,1].

The coefficients are calculated using formulas (22) and (23), and the nodes x; =
cos(mr(2k+1)/8) fork =0,1,2,3.

1 3 - 1_3 X
o = ZZ To(xk)-..zge‘ = 1.26606568,

3 3
Cl= 3 DTl = 3 Y e = 113031500,
k=0

3
ey = % 3 M Ty(x) = -;—Ze‘“cos (2::2";" l) = 0.27145036.
k==l

3 2
€3 = "Z IkT3(xk)‘-_Z - ( k+1) = 0.04379392,
k=0 k=0
Therefore, the Chebyshev polynomial Py(x) for e* is
24 P3(x) = 1.26606568To(x) + 1.13031500Ti(x)

+0.27145036T»(x) + 0.04379392T3(x).
If the Chebyshev polynomial (24) is expanded in powers of x, the result is
P3(x) = 0.99461532 + 0.99893324x + 0.54290072x2 + 0.17517568x>,

which is the same as the polynomial V(x}) in Example 4.14. If the goal is to find the
Chebyshev polynomial, formulas (22) and (23) are preferred. n
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MATLAB

The following program uses the eval command instead of the feval command use .

in earlier programs. The eval command interprets a MATLAB text string as an ex

pression or statement. For example, the following commands will quickly evaluat.

cosine at the values x = k/10fork=0,1,...,5:
>> x=0:.1:.5;
>> eval{’cos(x)’)

ans =
1.0000 0.9950 0.9801 0.9553 0.9211 0.8776

Program 4.3 (Chebyshev Approximation). To construct and evaluate the Cheby-
shev interpolating polynomial of degree N over the interval [—1, 1], where

N
P(x) =) c;Tj(x)
=0
is based on the nodes

_ (2k + 1)1’!’)
X == COS§ N +2 .

function [C,X,Y}=cheby(fun,n,a,b)

%Input - fun is the string function to be approximated
% - N is the degree of the Chebyshev interpolating
%4 polynomial

a is the left end point
b is the right end point
%0utput - C is the coefficient list for the polynomial
% - X contains the abscissas
% - Y contains the ordinates
if nargin==2, a=-1;b=1;end
d=pi/(2*n+2);
C=zeros(1i,n+1);
for k=1:n+1

X(k)=cos((2*k-1)*d);
end
X=(b-a)*X/2+(a+b)/2;
x=X;
Y=oval (fun);
for k =1:n+1

z=(2*k-1)*d;

for j=i:n+l
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C(3)=C{G)+¥Y (k) *cas((j-1)*z};
end
and

C=2%C/(n+1);

C(1)=C(1)/2;

Exercises for Chebyshev Polynomials (Optional)

1. Use property | and
(a) construct T4(x) from 73(x) and T (x).
(b) construct 75(x) from T4(x) and T3{x).
2. Use property 1 and
(a) construct Tg(x) from T5(x) and Ty{x).
(b) construct T5(x) from T4(x) and Ts(x).

. Use mathematical induction to prove property 2.

3

4. Use mathematical induction 1o prove property 3.
5. F:nd the maximum and micimum values of To(x).
6

. Find the maxirnum and minimum values of T3(x).
Hint. T,(1/2) = 0 and 7,(—1/2) = 0.

7. Find the maximum and minimum values of T3(x).
Hirt. 700 = 0, T;(271/%) = 0.and (-2 12 _ 0.

e

Let f(x} = sin(x)on[~1,1"

{a) Use the coefficient polynomials ir. Table 4.13 1o obtain the Lagrange-Chebyshev
polynomial approximation P3(x).

(b) Fird the error bound for | sin(x) — Pyix),.

L. let fixy=In(x+2)oni—1. 1.

(a) LUse the coefficient polynomials in Table 4.13 to obtain the Lagrange-Chebyshev
polynornial approximation P3(x).

{(b) Find the error bound for | In(x + 2) — P3(x)..

#1@. The Lagrange polynomial of degree N = 2 has the form
froy = fleo)lacla) + fle)Lla ()~ flxz)Laa(x).

If the Chebyshey nodes xp = cosi57/0), x| = U, and x» = cos{7/6) are used, show
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that the coefficient polynomials are

x 22
Lao(x) = --\/_5 + 3
4x?
Laax)=1- =3
x  2x?
Lasix)= — + —.
2,2(x) A3

11, Let f(x) =cos(x)on[-1,1].
(a) Use the coefficient polynomials in Exercise 10 to get the Lagrange-Chebyshe
polynomial approximation Pa(x).
(b) Find the error bound for | cos(x) — Py(x)|.

12. Let f(x) =e*on[-1,1].
(a) Use the coefficient polynomials in Exercise 10 to get the Lagrange-Chebyshet
polynomial approximation Pa(x).
{b) Find the error bound for |¢* — P2 (x)|.

In Exercises 13 through 15, compare the Taylor polynomial and the Lagrange-Chebyshev
approximates to f(x) on {—1, 1]. Find their error bounds.

13. f(x) = sin{x} and N = 7, the Lagrange-Chebyshev polynomial is
sin(x) & 0.99999998x — 0.16666599x% 4 0.00832995x° — 0.00019297".
14. f(x) =cos(x) and N = 6; the Lagrange-Chebyshev polynomial is
cos(x) 2 | — 0.49999734x% + 0.04164535x* — 0.00134608x5,
15. f(x) = ¢* and N = 7; the Lagrange-Chebyshev polynomial is
e* ~ 0.99999980 + 0.99999998x + 0.50000634x>
+ 0.16666737x> + 0.04163504x* + 0.00832984x°
+0.00143925x5 + 0.00020399x .

16. Prove equation (18).
17. Prove equation (19).

Algorithms and Programs

In Problems 1 through 6, use Program 4.3 to compute the coefficients {¢;} for the Cheby -
shev polynomial approximation Py (x) to f(x) over[—1,1), when{a) N =4, (b) N = 5.
(©) N = 6, and (@) N = 7. In each case, plot f(x) and Py (x) on the same coordinate
system.

1. f(x)=¢" 2. f(x) =sin(x)

4.6
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3. f(x) =cos(x) 4. f(x) =In(x +2)
5. fn)y=(x+2)'72 6. f(x) = (x+2)0+2
7. Use Program 4.3 (N = 5) to obtain an approximation for fj cos(x2) dx.

Padé Approximations

In this section we introduce the notion of rational approximations for functions. The
function f(x) will be approximated over a small portion of its domain, For example,
if f(x) = cos(x), it is sufficient to have a formula to generate approximations on the
interval [0, /2]. Then trigonometric identities can be used to compute cos(x) for any
value x that lies outside [0, 7 /2].

A rational approximation to f(x) on [a, b] is the quotient of two polynomials
Py(x) and Qp(x) of degrees N and M, respectively. We use the notation Ry mx)to
denote this quotient:

Prpix)
Opm(x)

Our goal is to make the maximum error as small as possible. For a given arnount
of computational effort, one can usually construct a rational approximation that has a
smaller overall error on [a, b} than a polynomial approximation. Our development is
an introduction and will be limited to Padé approximations.

The method of Padé¢ requires that f(x) and its derivative be continuous at x = 0.
There are two reasons for the arbitrary choice of x = 0. First, it makes the manipula-
tions simpler. Second, a change of variable can be used to shift the calculations overto
an interval that contains zero. The polynomials used in (1) are

(1) Ry m(x) = for a = x < b.

2 Pn(x) = po+pix + p2x® + -+ + pyxVN
and
3) Omx)=1+q1x +qx* + -+ gyxM.

The polynomials in (2) and (3) are constructed so that f(x) and Ry ps(x) agree at
x = 0 and their derivatives up to N 4 M agree at x = 0. In the case Colx) = 1, the
approximation is just the Maclaurin expansion for f(x). For a fixed value of N + M
the error is smallest when Py {(x) and Qs (x) have the same degree or when Py (x) has
degree one higher than Qs (x).

Notice that the constant coefficient of Qs is g = 1. This is permissible, because
it cannot be 0 and Ry s (x) is not changed when bath Pr(x) and Qp(x) are divided
by the same constant. Hence the rational function Ry 4 (x) has N + M + | unknown
coefficients. Assume that f(x) is analytic and has the Maclaurin expansion

(4) f@W =a+ax+ax®+ - apxt+--.,
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and form the difference f(x)}Qu(x) — Py(x) = Z(x):
®) (Z“fx’) (Z 411’) -2l 3 e
=0 =0 j=0 F=N+M+1

The lower index j = M + N + 1 in the summation on the right side of (5) is chosen
because the first N 4 M derivatives of f(x) and Ry m(x) are to agrec atx = Q.
When the left side of (5) is multiplied out and the coefficients of the powers of

are setequal tozero fork = 0, 1, ..., N + M, the resultis a system of N + M 4 |
linear equations:
ap—po=0
quag+a—p1 =0
(6) qa0+qa1+a2—p2=0

gsap+ g1 +qraz+az— p3 =0
gMaN-mM + am-1ay-m+1+ - +av—py =0

and
gMaN-—m+1 + gum—1an-m+2 + -+ q1an +any =0

gMaN-M2 +am—1aN-_M+3 + -+ qrany1 +anyg2 =0
)]

gMan +gu-_1any+1  +-o Fgrayem— +anem =0

Notice that in each equation the sum of the subscripts on the factors of each product
is the same, and this sum increases consecutively from 0 to N + M. The M equations
in (7) involve only the unknowns g1, g2, ..., gy and must be solved first. Then the
equations in (6) are used successively to find po, p1, - ... Pn.

Example 4.17.  Establish the Padé approximation

® cosx) & Roatry = 13120 = 6900x2 + 313x*
ST 715,120 + 660x% + 1334
See Figure 4.18 for the graphs of cos(x) and Ry 4(x) over [—35, 5].
If the Maclaurin expansion for cos(x) is used, we will obtain nine equations in nine
unknowns. Instead, notice that both cos{x} and R4 4(x) are even functions and involve
powers of x2. We can simplify the computations if we start with f (x} = cos(x'/?):

I T P R
9) foy=1-gx+ 2" = 556X + 26320”

In this case, equation (5) becomes

1 1., 1 4 1 4 2 2
(1 2I+24X 720x +40!320x (l+qxx+q2x) pPo—p1x — pax

=0+0x+0x2+0x3+0x4+csx5+05x6+---.
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y
1.0
y=R4‘4(x)
0.5+
x A Y 3 1 1 A L lx
-s\\-4 -3 -2/ 1 1 \2 3 4/[s
=cos
y=costn) 0.5}
-1.0F

Figure 418 The graph of y = cos(x) and its Padé
approximation R 4(x).

When the coefficients of the first five powers of x are compared, we get the following
system of linear equations:

1—-po=0

_%+QI‘P1=0

(10) L tp—m=

' 2472 2=p=0
Pl 1

70t g — 3902 =0
1 1 1

20320 7307 T2 =0

The last two equations in (10) must be solved first. They can be rewritten in a form that is
<asy te solve:

=L 30g, = =
q] Q2—30 an —Q1+ 0q2=§a'

Firstfind g3 by adding the equations; then find ¢;

1 1 1 13
it _ Ly 1y
ay =13 (30 se) 15,120°
1 156 11
Q1=+

30 © 15,120 252°

Now the first three equations of (10) are used. It is obvious that py = 1, and we can
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use g1 and ¢ in (11) to solve for p; and p2:

" 1,11 15
(12) P ="5T253 7 "2s52
11l 13 313

72347504 T 15020~ 15,120
Now use the coefficients in (11) and (12) to form the rational approximation to f (x):

3 ya L= 115x/252 4 313x%/15,120
a3 ™ T 252 + 135215120

Since cos(x) = f (xz), we can substitute x2 for x in equation (13) and the result is the
formula for Ra 4(x) in (8). ™

Continued Fraction Form

The Padé approximation R4 4(x) in Example 4.17 requires a minimum of 12 arithmetic
operations to perform an evaluation. It is possible to reduce this number to seven by
the use of continued fractions. This is accomplished by starting with (8) and findin;
the quotient and its polynomial remainder.

15,120/313 — (6900/313)x2 + x*
15,120/13 + (660/13)x2 4 x*

313 /296,280 12,600/823 + x?
13 169 15,120/13 + (600/13)x2 + x* |~

Ry 4(x) =

The process is carried out once more using the term in the previous remainder. The
result is

Reatx) = 313 296,280/169
' 13 15,120/13 + (660/13)x% + x*
12,600/823 + x2
313 296,280,169

13 379,380 i 420,078,960/677,329
10,699 12,600/823 + x2

The fractions are converted to decimal form for computational purposes and we obtair

(14)  Rya(x) = 24.07692308
1753.13609467
35.45938873 + x2 + 620.19928277/(15.30984204 + x2)
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lf‘igure 4.19 (a) Graph of the error Eg(x) = cos(x) — Ry 4(x} for the Padé approxima-
tion Ry 4 (x). (b) Graph of the error Ep(x) = cos(x)~ Pg(x) for the Taylor approximation
Fg(x).

To evatuate (14), first compute and store x2, then proceed from the bottom right term
in the denominator and tally the operations: addition, division, addition, addition, divi-
sion, and subtraction. Hence it takes a total of seven arithmetic operations to evaluate
R4 4(x) in continued fraction form in (14).

We can compare R, 4(x) with the Taylor polynomial Ps(x) of degree N = 6,

‘which requires seven arithmetic operations to evaluate when it is written in the nested

form

_ af 1 of1 1 ,
(15)  Ps(x)=1+x ( S+ (24 55" ))

=1+ x%(—0.5 + x2(0.0416666667 — 0.0013888889x2)).

The graphs of Eg(x) = cos(x) — Ry 4(x) and Ep(x) = cos(x) — Ps(x) over [—1, 1]
are shown in Figure 4.19(a) and (b), respectively. The largest errors occur at the
end points and are Eg(1) = -0.0000003599 and Ep(l) = 0.0000245281, respec-
tively. The magnitude of the largest error for Ry 4(x) is about 1.467% of the error
for Pg(x). The Padé approximation outperforms the Taylor approximation better on
smaller intervals, and over [—0.1, 0.1] we find that Eg(0.1) = —0.0000000004 and
Ep(0.1) = 0.0000000966, so the magnitude of the ermror for Rz 4(x) is about 0.384%
of the magnitude of the error for Pg(x).
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Exercises for Padé Approximations

1. Establish the Padé approximation:

2. (a)

(b)

3 (a)

(b)

4. (a)

(b)

(c}
5. (a)

(b)

2+=x

x%R - .
4 L1(x) o

Find the Padé approximation R; 1(x) for f(x) = In(1 + x)/x. Hint. Start with
the Maclaurin expansion:

X X2
fE@=1-F+T -

Use the result in part (a) to establish the approximation

6x + x2
6+4x

In(l+x) = R, 1(x) =

Find Ry,1(x) for f(x) = tan(x'/?)/x1/2, Hint. Start with the Maclauri
sion:
2 2

X X
f(x)=1+§+—15—+-<-

Use the result in part (a) to establish the approximation
15x — 23

tan(x) = R32(x) = 562

Find Ry(x) for f(x) = arctan(x'/2)/x!/2. Hint. Start with the Maclaur .
expansion:
2

X X
f(x)=1—§+?—~.

Use the result in part (a) to establish the approximation

15x + 4x3

arctan(x) = Ras(x) = W

Express the rational function Rz 3(x) in part (b) in continued fraction form.
Establish the Padé approximation:

12+ 6x + x2

RO = Fe s

Express the rational function Rz 3(x) in part (a) in continued fraction form.

SEC. 4.6

6. (a)

(b)

(c}
(a)

)

(c}
8. (a)

()

(c)

PADE APPROXIMATIONS 249

Find the Padé¢ approximation Ry 2(x) for £(x) = In(1 + x)/x. Hint, Start with
the Maclaurin expansion:

2 x3 X

X X
f(x)—l—E'F?—T-}'?—'--.

Use the result in part (a) to establish

30x + 21x2 4 »3

In(1 ~ R = )
mA+0 > Re2() = S350

Express the rational function R3 2(x) in part (b) in continued fraction form.
Find Ry (x) for f(x) = tan(x'/2)/x!/2, Hint. Start with the Maclaurin expan-

sion.

x 22 17x3 g2t
=1+ = - — gy
f&) 3t Y3 tams T

Use the result in part (a) to establish

945x — 105x3 + x5
945 — 420x2 4 15x%

tan(x) = Rs 4(x) =

Express the rational function Rs 4(x) in part (b) in continued fraction form.

Find Ry 2(x) for f(x) = arctan(x!/?)/x1/2. Hint. Start with the Maclaurin
expansion:

2 3 4
x x* x x
f(x)—l_i‘l‘?-?""?_“‘ R
Use the result in part (a) to establish A

945x + 735x° + 64x5
945 + 1050x2 + 2254

arctan(x) = Rsa(x) =

Express the rational functionRs, 4(x) in part (b) in continued fraction form.

9. Establish the Padé approximation:

120 + 60x + 12x2 + x3

* 2~ R = .
¢ N R = ey T 1 5 7

4 0. Establish the Padé approximation:

1680 + 840x + 180x2 + 20x3 + x4
1680 — 840x 4 180x2 — 20x3 4 x*~

€ = Ry4(x) =
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Algorithms and Programs

1. Compare the following approximations to f(x) = ¢*.

2 3 4

X P4 X

lor: = —_ — -_—

Taylor: Ts(x) 1+x+2+6+24
12+ 6x +x2

Padé: R = —""
¢ RAEnTrn e
(@) Plot f(x), Tg(x), and Rz,2(x) on the same coordinate system,
{b) Determine the maximum error that occurs when f(x) is approximate : - .
Te(x) and Ry 7(x), respectively, over the interval [—1, 1].
2. Compare the following approximationsto f(x) = In(1 + x).

2 x3 4 x5

x x
Taylor: Ts(x)—.x—?-}-?_-z—..’._sﬂ
30x + 21x% 4 x°

Padé:  Rs2() = 536 002

(a) Plot f(x), Ts(x), and R32(x) on the same coordinate system.
(b) Determine the maximum error that occurs when f(x) is approximate.. . 1}
T5(x}) and R3 2(x), respectively, over the interval [—1, 1].

3. Compare the following approximations to f(x) = tan(x).

3 5 T 9
X 2x 17x 62x
T l N T = —_— —_ e
aylor dW) =x+ 3+ 75+ o
945x — 105x3 4 %

945 — 420x2 + 15x4

Padé:  Rsa4(x) =

{a) Plot f{x), To(x), and Rs 4(x) on the same coordinate system.
(b) Determine the maximum error that occurs when f(x) is approximated with
Ty(x) and Rs 4{(x), respectively, over the interval [—1, 1].

4. Compare the following Padé approximations to f(x) = sin(x) over the interval

[-1.2,1.2].
166,320x — 22,260x3 + 551x°
Rs 4(x) = 3 2
15(11,088 4 364x2 + 5x%)
Ro 5() 11,511,339,840x — 1,640,635,920x% + 52,785,432x° — 479,249x7
7.6 =

7(1,644,477,120 + 39,702,960x2 + 453,960x4 + 2,623x6)

(a) Plot f(x}, Rs 4(x), and R7s(x)} on the same coordinate system.
(b} Determine the maximum error that occurs when f(x) is approximated with
Rs 4(x) and R7 6(x), respectively, over the interval [—1.2, 1.2].

SEC. 4.6
5. (@)

(b)
(c)
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Use equations (6) and (7) to derive Rg 6(x) and Rg g(x) for f(x) = cos(x) over
the interval [—1.2, 1.2].

Plot f(x}), R 6(x), and Rg g(x) on the same coordinate system.

Determine the maximum error that occurs when f(x) is approximated with
Re,6(x) and Ry g(x), respectively, over the interval [—1.2, 1.2].



Curve Fitting

Applications of numerical techniques in science and engineering often involve curve
fitting of experimental data. For example, in 1601 the German astronomer Johmges
Kepler formulated the third law of planetary motion, T = Cx3/2, where x is the dis-
tance to the sun measured in millions of kilometers, T is the orbital period measured
in days, and C is a constant. The observed data pairs (x, T) for the first four planets,
Mercury, Venus, Earth, and Mars, are (58, 88), (108, 225), (150, 365), and (228, 687),
and the coefficient C obtained from the method of least squares is C = 0.199769. The
curve 7 = 0.199769x%/2 and the data points are shown in Figure 5.1.

T
750 |
500 - T=0.199769 x372
250
Figure 5.1 The least-squares fit
T = 0.199769x%2 for the first four
L L - . x  planets using Kepler’s third law of

planetary motion.

252

5.1
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Least-squares Line

In science and engineering it is often the case that an experiment produces a set of
data points (x1, ¥1), ..., (xn, yn), where the abscissas {xx} are distinct. One goal of
numerical methods is to determine a formula ¥ = f(x) that relates these variables.
Usually, a class of allowable formulas is chosen and then coefficients must be deter-
mined. There are many different possibilities for the type of function that can be used.
Often there is an underlying mathematical model, based on the physical situation, that
will determine the form of the function. In this section we emphasize the class of linear
functions of the form

(1 y= f(x) = Ax + B.

In Chapter 4 we saw how to construct a polynomial that passes through a set of
points. If all the numerical values {x¢}, {y¢} are known to several significant digits
of accuracy, then polynomial interpolation can be used successfuily; otherwise it can-
not. Some experiments are devised using specialized equipment so that the data points
will have at least five digits of accuracy. However, many experiments are done with
equipment that is reliable only to three or fewer digits of accuracy. Often there is an
experimental error in the measurements, and although three digits are recorded for the
values {xi} and {y}, it is realized that the true value f(x;) satisfies

@ FOr) = yu + ex,

where e, is the measurement error.

How do we find the best linear approximation of the form (1) that goes near (not
always through) the points? To answer this question, we need to discuss the errors
(also called deviations or residuals):

&) e =flu)—y for t<k<N.

There are several norms that can be used with the residuals in (3) to measure how

farthe curve y = f(x) lies from the data.

@ Maximum error:  Eool(f) = ]g}ixN{Jf(xk) — welh
. 1
5 Average error: Ei(f)= N /;1 [fxr) — yal,
L ) 12
L)) Sr(;g;:-mean-square Exf)= (_ﬁ ’; | f (e} — yxl ) .

The next example shows how to apply these norms when a function and a set of
wpoints are given.
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Table 5.1 Calculations for Finding E1(f)} and E2( ) for

Example 5.1
Xk Ve Flxi) = 8.6 — L6ay leg] e
-1 10.0 10.2 0.2 0.04
0 9.0 8.6 0.4 0.16
1 7.0 7.0 0.0 0.00
2 50 5.4 0.4 0.16
3 40 3.8 0.2 0.04
4 3.0 2.2 0.8 0.64
5 0.0 0.6 0.6 0.36
6 | —10 ~1.0 0.0 0.00
26 1.40

Example 5.1. Compare the maximum error, average error, and rms error for the lincur
approximation y = f(x) = 8.6 — 1.6x to the data points (-1, 10), 0.9), (1,7), (2,7
(3,4, (4, 3),(5,0), and (6, —1).

The errors are found using the values for f(xz) and e; given in Table 5.1.

)] Ex(f) = max{0.2,04,0.0,0.4,0.2,0.8, 0.6,0.0} = 0.8,
) E\(f) = %(2.@ — 0.325,

1.4 1/2
) Ex(f) = (?) ~0.41833

We can see that the maximum error is largest, and if one point is badly in error. 1t
value determines Eq( f). The average error E1(f) simply averages the absolute value of
the error at the various points. It is often used because it is easy to compute. The erro
E2(f) is often used when the statistical nature of the errors is considered.

A best-fitting line is found by minimizing one of the quantities in equations (4) through
(6). Hence there are three best-fitting lines that we could find. The third norm £2(f) is the
traditional choice because it is much easier to minimize computationally. ]

Finding the Least-squares Line

Let {(xx, yk)]fil be a set of N points, where the abscissas {x;} are distinct. The least-
squares line y = f(x) = Ax + B is the line that minimizes the root-mean-square error
E2(f).

The quantity £2(f) will be a minimum if and only if the quantity N(E2(f)? =
Z,f‘;l (Axg + B — ) is a minimum. The latter is visualized geometrically by mini-
mizing the sum of the squares of the vertical distances from the points to the line. The
next result explains this process.
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¥

Figure 5.2 The vertical distances
between the points {(xg, )} and
the least-squares line y = Ax + B.

X

Theorem 5.1 (Least-squares Line). Suppose that {(xi, y&)}}_, are N points, where
the abscissas {xy },"(V=1 are distinct. The coefficients of the least-squares line

y=Ax~+ B

are the solution to the following linear system, known as the normal equations:
N s N N
(Zxk A+ (Zxk) B= chm,
k=1 k=1 k=1
N N
(Zxk) ArNE=Y e
k=1 k=1

Proof Geometrically, we start with the line y = Ax + B. The vertical distance dj
frorn the point (xx, yx) to the point (x¢, Axx + B) on the line is dy = |Axx + B — y|
(see Figure 5.2). We must minimize the sum of the squares of the vertical distances d:

(to)

N N
an E(A,B)=) (Ax+B—y)* =) df.
k=1 k=1

The minimum value of E(A, B) is determined by setting the partial derivatives
dE/3A and D E /3 B equal to zero and solving these equations for A and B. Notice that
{xx} and {yx} are constants in equation (11) and that A and B are the variables! Hold
£ fixed, differentiate £(A, B) with respect to A, and get

3E(A, BY & N
(1 ——-= gzmxk + B = y)(x) = 2;(“% + B — %)
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Table 5.2  Obtaining the Coefficients for

Normal Equations
2

Xk Yk Xy Xk Yk
-1 10 1 -~10
0 9 0 0
1 7 1 7
2 5 4 10
3 4 9 12
4 3 16 12
5 0 25 0
6 -1 36 -6
20 37 92 25

Now hold A fixed and differentiate E(A, B) with respect to B and get

dE(A, B)

(13 dB

N N
=Y 2Axn+B-y)=2) (Axe+B -y
k=1 k=1
Setting the partial derivatives equal to zero in (12) and {13}, use the distributive
properties of summation to obtain

N N i N
(14) O=Z(Axf+BXk—xkyk)=AZX;%+BZIJ< —ZXkyk,
k=1 k=1 k=1 k=1

N N N
(15) 0= (An+B-y)=AY x+NB—-) wn. .
k=1 k=1 k=1

Equations (14) and (15) can be rearranged in the standard form for a system and
result in the normal equations (10). The solution to this system can be obtained by one
of the techniques for solving a linear system from Chapter 3. However, the method
employed in Program 5.1 translates the data points so that a well-conditioned matrix is
employed (see exercises).

Example 5.2. Find the least-squares line for the data points given in Example 5.1.
The sums required for the normal equations (10) are easily obtained using the values
in Table 5.2. The linear system involving A and B is

92A420B =25
20A+ 8B =13T.
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Figare 5.3 The least-squares line
y = —1.6071429x + 8.6428571.

The solution of the linear system is A &~ —1.6071429 and B = 8.6428571. Therefore, the
least-squares line is (see Figure 5.3)

y = —1.6071429x + 8.6428571 ]

The Power Fit y = AxM

Some situations involve f(x) = Ax™, where M is a known constant. The example of
planetary motion given in Figure 5.1 is an example. In these cases there is only one
parameter A to be determined.

Theorem 5.2 (Power Fit). Suppose that {(xg, y,;c)},‘i‘L1 are N points, where the ab-
scissas are distinct. The coefficient A of the least-squares power curve y = Ax™ is
given by

o eEe)/(e)

Using the least-squares technique, we seek a minimum of the function E(A):

N
an E(A) =) (Ax{ -y
k=1

In this case it will suffice to solve E’(A) = 0. The derivative is

N N
(18) E'(A) =2 (As} —y0xf) =23 (AxfM — <} yp).
k=1 k=1
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Table 5.3  Obtaining the Coefficient for a Power Fit

Time, Distance, dj dy? I
0.200 0.1960 0.00784 0.0016
0.400 0.7850 0.12560 0.0256
0.600 1.7665 0.63594 0.1296
0.800 3.1405 2.00992 0.4096
1.000 4.9075 4.90750 1.0000

7.68680 1.5664

Hence the coefficient A is the solution of the equation
N N
(19) O=AfoM—fo4yk,
k=1 k=1

which reduces to the formula in equation (16).

Example 5.3. Students collected the experimental data in Tabie 5.3. The relation is
d= %grz, where d is distance in meters and 7 is time in seconds. Find the gravitational

constant g.
The values in Table 5.3 are used to find the summations required in formula (16), where

the power used is M = 2.
The coefficient is A = 7.68680/1.5664 = 4.9073, and we get d = 4.9073:> and

g = 2A = 9.7146 m/sec?. .

The following program for constructing a least-squares line is computationally sta-
ble: it gives reliable results in cases when the normal equations (10} are ill conditioned.
The reader is asked to develop the algorithm for this program in Exercises 4 through 7.

Program 5.1 (Least-squares Line). To construct the least-squares line y = Ax +
B that fits the N data points (x1, y1), .... {xn§, YN).

function [4,B]=lsline(X,Y)

#Input - X is the 1xn abscissa vector

% - Y is the 1xn ordinate vector

#0utput - A is the coefficient of x in &x + B

% - B is the constant coefficient in Ax + B

xmean=mean (X) ;
ymean=mean(Y) ;
sumx2=(X-xmean) * (X-xmean) ’;
sumxy=(Y¥-ymean) * (X-xmean) ’;
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A=sumxy/sumx?2;
B=ymean-A*xmean;

Exercises for Least-squares Line

In Exercises 1 and 2, find the least-squares line y = f(x) = Ax + B for the data and
calculate Ez(f)

L (@) b
Xy Yo | filxe) Xk Yo | fOx)
-2 i 1.2 —6 7 7.0
-1 2 1.9 -2 5 4.6
0 3 2.6 0 3 34
1 3 3.3 2 2 2.2
2 4 4.0 6 0 -0.2
(©)
Xk Ye | flxe)
—4 -3 -3.0
-1 -1 -0.9
0 0 0.2
2 1 1.2
3 2 1.9
2. (@ (b)
X Y o flx) Xk Ye | [(xe)
—4 1.2| 044 —6 =53 | —-6.00
-2 2.8 3.34 -2 -35| -2.84
0 6.2 6.24 0 -1.7|-1.26
2 7.8 9.14 2 0.2 0.32
4 13.2 | 12.04 6 4.0 3.48
(c}
Xk Ye | SFxg)
-8 | 68| 7.32
-2 5.0 3.81
0 2.2 2.64
4 0.5 0.30
6 —-1.3 | —-0.87

_ 3. Find the power fit y = Ax, where M = 1, which is a line through the origin, for the
data and calculate E»(f).
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{a) {b)
Xt Ye | filxe) Xk Y | flxe)
-4 -3 -2.8 3 1.6 1.722
—1 ~1 -0.7 4 24 2.296
0 0 0.0 5 2.9 2.870
2 1 1.4 6 34 3.444
3 2 2.1 8 4.6 4,502
(c)
Xk v | SFG&o)
1 1.6 1.58
2 2.8 3.16
3 4,7 4.74
4 6.4 6.32
5 8.0 7.90

. Define the means X and ¥ for the points {(xk, yo)}b.; by

Show that the point (X, ¥) lies on the least-squares line determined by the given set of

points.
. Show that the solution of the system in (10) is given by

where

D= NZxk

La-(5n)

Hint. Use Gaussian elimination on the system in (10).

. Show that the value of D in Exercise 5 is nonzero.

Hint. Show that D = N Y8 (xx — D)%

. Show that the coefficients A and B for the least-squares line can be computed -
follows. First compute the means X and y in Exercise 4, and then perform the calvu-
lations:

N N
C=) -0 A= Zxk—mm— B =7 - A%.
k=1 k=

SEC

10.

11,

12.
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Hint. Use Xy = x; — X, ¥ = yx — ¥ and first find the line ¥ = AX.

. Find the power fits y = Ax? and y = Bx? for the following data and use E»(f) to

determine which curve fits best,

(a) (b
Xk Yk Xk Yk
2.0 5.1 2.0 5.9
2.3 7.5 2.3 8.3
26| 10.6 261 10.7
291 144 291 13.7
3.2 190 321170

. Find the power fits y = A/x and y = B/x? for the following data and use E2(f) 1o

determine which curve fits best.

(a) (b)
Xk Yk Xk Yk
0.5 7.1 0.7 8.1
0.8 4.4 09 4.9
1.1 | 32 1.1 | 33
1.8 19 16| 1.6
4.0 0.9 3.0 0.5

(a) Derive the normal equation for finding the least-squares linear fit through the
origin y = Ax.

(b) Derive the normal equation for finding the least-squares power fit y = Ax?.

(c) Derive the normal equations for finding the least-squares parabola y = Ax?+ B.

Consider the construction of a least-squares line for each of the sets of data points
determined by Sy = {(%, (%)2)},"‘;1, where N = 2,3,4,.... Note that, for each
value of N the points in Sy all lie on the graph of f(x) = x? over the closed interval
[0, 1]. Let ¥ and ¥, be the means for the given data points (see Exercise 4). Let X
be the mean of the values of x in the interval [0, 1], and let ¥ be the mean (average)
value of f(x) = x? over the interval [0, 1].

(a) Show limy e X¥ = X.
(b) Showlimy_ ¥y = .

Consider the construction of a least-squares line for each of the sets of data points:

k k
Sw = —a)5 +a F(b - )5 +a)}ie,

for N =2,3,4,.... Assume that y = f(x) is an integrable function over the closed
interval [a, b]. Repeat parts (a) and (b) from Exercise 11.
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52 Curve Fitting
Data Linearization Method for y = Ce4*

262 CHApr.5 CURVE FITTING

Algorithms and Programs

1. Hooke’s law states that ' = kx, where F is the force (in ounces) used to streich

a spring and x is the increase in its length (in inches). Use Program 5.1 to find an Suppose t‘hat we are given the points (x;, ¥1), (x2, ¥2), ..., (xn, yn) and want to fit an
approximation to the spring constant £ for the following data, expotiential curve of the form
a)
( ® Xk F el y = Ce™
02 53 The first step is to take the logarithm of both sides:
04| 10.6
061 159 e In(y) = Ax + In(C).
?3 iéi Then introduce the change of variables:
2. Write a program to find the gravitational constant g for the following sets of data. Ux. 3 Y=In(y), X=x, and B=In(C).
the power fit that was shown in Example 5.3. ) L ) .
(a) (b This resuits in a linear relation between the new variables X and ¥:
Time, # Distance, di Time, 1¢ Distance, dx
@) Y =AX+ B.
Q.200 4.1960 0.200 0.1965 ) ]
0.400 0.7835 0.400 0.7855 The original points (xy, vk} in the xy-plane are transformed into the points (X, V) =
Q.600 1.7630 0.600 1.7675 (xt. In(y)) in the X ¥-plane. This process is called data linearization. Then the least-
0.800 3.1345 0.800 3.1420 squares line (4) is fit to the points {(X, ¥;)}. The normal equations for finding A and
1.000 t 48975 1.000 4.9005 B are
3. The following data give the distances of the nine planets from the sun and their side N N N
real period in days. ZX;E A+ ZXk B=ZXkYk,
=1 =] =]
Distance from Sidereal period ® N N
Planet sun (km x 105) (days) ( Xk) A+ NEB _ Z Y.
Mercury 57.59 87.99 k=1 k=1
Venus 108.11 224.70 . . .
Earth 149.57 365.26 After A and B have been found, the parameter C in equation (I) is computed:
Mars 227.84 686.98 B
Tupiter 778.14 43324 {6 C=e".
Satumn 1427.0 10,759
Uranus 2870.3 30,684 Exampie 5.4. Use the data linearization method and find the exponential fit y = C e*
Neptune 4499.9 60,188 for the five data points (0, 1.5), (1,2.5), (2.3.5), (3, 5.0), and (4, 7.5).
Pluto 5909.0 90,710 Apply the transformation (3) to the original points and obtain
Moclif);i yo;:'h pr?gram frogl I;;'gl;ler? 2 ut10 ;lso falcul]ate Ey( );) Uasfl it' to ﬁind the . {(Xe Yo} = {0, In(L.5), (1, In2.5)), 2, n(3.5)), (3, In(5.0)), (4, n(7.5))
power fit of the form y = Cx or (a) the first four planets and (b) all nine planets. ) — 10, 0.40547), (1,0.91629), (2, 1.25276), (3. L. ). @ 2.01490)}.
4. (a) Find the least-squares line for the data points {(xi, yk)}},, where x¢ = (0.1)k
and yi = x;. + cos(k!/2). These transformed points are shown in Figure 5.4 and exhibit a linearized form. The equa-
(b} Calculate E5(f). tion of the least-squares line ¥ == AX + B for the points (7) in Figure 5.4 is
(c} Plot the set of data points and the least-squares line on the same coordinate ) ¥ = 0.391202X + 0.457367.

system.
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" 4 I 1

X Figure 54 The transformed 1. .
0 1 2 3 4 points {(X, Y¢)}.

Table 5.4  Obtaining Coefficients of the Normal Equations for the Transformed Data Points
((Xx, Y )i

Sec. 5.2 CURVE FITTING

X Y Xy Yy = In(y) X2 XYy
0.0 1.5 0.0 0.405465 0.0 0.000000
1.0 2.5 1.0 0.916291 1.0 0.916291
2.0 35 2.0 1.252763 4.0 2.505526
3.0 5.0 3.0 1.609438 9.0 4.828314
4.0 7.5 4.0 2.014903 16.0 8.059612

10.0 6.198860 300 16.309743
=2 X =X =YX =X XYy

Calculation of the coefficients for the normal equations in (5) is shown in Table 5.4.
The resulting linear system (5) for determining A and B is

30A + 10B = 16.309742

@ 10A+ 5B = 6.198860.

The solutionis 4 = 0.3912023 and B = 0.457367. Then C is obtained with the calculation

C = e%%57367 — 1579910, and these values for A and C are substituted into equation (1)
to obtain the exponential fit (see Figure 5.5):

(10) y = 1.579910%3%1203% (£t by data linearization). .

265

Figure 5.5 The ex nential.ﬁt
L . . —Lx y= 1.579910e0'39ug%“'0btamed by
0 1 2 3 4 using the data linearization method.

Nonlinear Least-squares Method for y = Ce?x

Suppose that we are given the points (x1, ¥1), (¥2, ¥2), - -, (xn, yn) and want o fitan
exponential curve:

A
an y=Ce™.

The nonlinear least-squares procedure requires that we find a minimum of
N
(12) E(A,C) =Y (Ce™ —yp)*.
k=1

The partial derivatives of E(A, C) with respect to A and C are

N
(13) 9E _ 2 (Ce™™ — y)(Cxre™™)
8A
and
N
(14) OF _ 23 (Cett — et
aC k=1

When the partial derivatives in (13) and (14) are set equal to zero and then simplified,
the resulting normal equations are

N N
Axp o
c ZxkeZAxk _ Z-’Ck)’ke T o (),
k==1 k=1

(15) N i .
Cy e — ) yett =0,
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The equations in (13) are nonlinear in the unknowns A and C and can be solved using
Newton's method. This is a time-consuming computation and the iteration involved
requires good starting values for A and C. Many software packages have a built-in
minimization subroutine for functions of several variables that can be used to minimize
E(A, €) directly, For example, the Nedler-Mead simplex algorithm can be used to
minimize (12} directly and bypass the need for equations (13) through (15).

Example 5.5. Use the least-squares method and determine the exponential fit y = Ce#*
for the five data points (0, 1.5), (1, 2.5), (2, 3.5), (3, 5.0), and (4, 7.5).
For this solution we must minimize the quantity E(A, C), which is

E(A,C) = (C ~ 1.5 + (Ce* —~ 2.5)% + (C** — 3.5)*

16
(16) +(Ce3A —5.0)% + (Ce*t - 7.5)%

We use the fmins command in MATLAB to approximate the values of A and C that n.r
mize E(A, C). First we define E(A, C) as an M-file in MATLAB.

function z=E(u)

A=u(1);

C=u(2);

2z={C-1.5) .~ 2+{(C.*+exp(A)~2.5} . "2+(C.*exp(2%A)-3.5) . "2+. ..
(C.*axp(3+A)-5.0) . "2+ (C.*exp(4*4)~7.5) . "2;

Using the fmins command in the MATLAB Command Window and the initial valucs
A=10and C = 1.0, we find
>>fmins (’E’, [1 1))
ans =

0.38367046980073 1.61089952247928

Thus the exponential fit to the five data points is
an y = 1.6108995¢%3835705  (fit by nonlinear least squares).

A comparison of the solutions using data linearization and nonlinear least squares 1~
given in Table 5.5. There is a slight difference in the coefficients. For the purpose oi
interpolation it can be seen that the approximations differ by no more than 2% over 1hw
interval [0, 4] (see Table 5.5 and Figure 5.6). If there is a normal distribution of the errors
in the data, (17) is usually the preferred choice. When extrapolation beyond the range of
the data is made, the two solutions will diverge and the discrepancy increases to about 6«
when x = 10.

Transformations for Data Linearization

The technique of data linearization has been used by scientists to fit curves such .~
y = Ce'®® y = Aln{x) + B, and y = A/x + B. Once the curve has been chosen.
1 suitable transformation of the variables must be found so that a linear relation is
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Table 5.5 Comparison of the Two Exponential Fits

Xi Vi 1.5799,0-39120x 1.61090-38357x
0.0 1.3 1.5799 1.6109
1.0 25 2.3363 2.3640
2.0 35 3.4548 3.4692
3.0 5.0 5.1088 5.0911
4.0 1.5 7.5548 7.4713
5.0 11.1716 10,9644
6.0 16.5202 16.0904
7.0 24.4293 23.6130
8.0 36.1250 34.6527
90 53.4202 50.8535
16.0 | 78.9955 74.6287

y
80
60
s}
0
7 T T T —— * Figure 5.6 A graphical compari-
0 2 4 ] B 10 son of the two exponential curves.

obtained. For example, the reader can verify that y = D/(x + () is transformed
into a linear problem ¥ = AX + B by using the change of variables (and constants)
X =xy,Y = y,C = —1/A, and D = —B/A. Graphs of several cases of the
possibilities for the curves are shown in Figure 5.7, and other useful transformations
are given in Table 5.6,

Linear Least Squares

The linear least-squares problem is stated as follows. Suppose that N data points
(3%, Y)} and a set of M linear independent functions {f;(x)} are given. We want
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/

__x _-1 _ .3
y-A-l-Bx' A-T.B—] y=Alll(x)+B;A=2'B=i. y=Aln(x)+B; A=-2,B=2
. 1 2 l
y=Celi A=3.C=3 y=Ce* A=-1.C=3 yaceh A=t c-2
2

1
]
'
|
1
1
'
|
]
1
1
1
L]

1
y=.__i;A-_-4.B=_3 )’=CX8_DJ;C=]2,D= _ L . _
(Ax + B) 1 Y= T L=5C=204=2

Figure 5.7  Possibilities for the curves used in “data linearization™.
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Table 5.6 Change of Variable(s) for Data Linearization

269

Change of variable(s) and constants

Fuaction, y = f(x) Linearized form, ¥ = Ax + B
A 1
y=—+B8 y=A-+8B
X X
b + a2
= —ix —
Y=i+c yrewTT
L ! Ax + B
= - o Ay
Y= Ax+ B y
_ x l—Al-{»B
y"Ax+B y x
y=Aln(x)+ B y=Aln(x)+ B
y = Cett In(y) = Ax + In(C)
y=Cx? In(y) = Aln(x) + In(C)
y=(Ax+ B)~2 y V2= Ax+B
y = Cxe~Px In (X) = —Dx +1n(C)
X
L ln(L 1) Ax + In(C)
= — —_— = Ax
7T T4 Cetx y

X=-Y=y

X=xy, Y=y
-1 —B
C= D= —
A A

1

X=x,Y=-

y

1

X=1,Y=—

X ¥

X=x¥=In(y)
C=e8

X =Inx). ¥ =In(y)
C=eB
X=x¥Y=y2
X=x¥Y=In (%)

C=eB. D=-A

L
X=x,Y=ln(~——l)
y

€ = ¢ and L is a constant
that must be given

to find M coefficients {c;]} so that the function f (x) given by the linear combination

M
(18) fEy =3 c;fix)
j=1

will minimize the sum of the squares of the errors

N

k=1

N M 2
(19)  Elcr,ca...oom =9 (fa—yi=Y ((Zc;f,-(xo) - )%) :
k=1 j=1
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For E to be minimized it is necessary that each partial derivative be zero (i.e.,
dE/dc; =0fori =1,2,..., M), and this results in the system of equations

N M
20) Z((Zc;f;(xk))—yk) () =0 fori=1,2, ..., M.

k=1 j=1

Interchanging the order of the summations in (20) will produce an M x M system
of linear equations where the unknowns are the coefficients {c;}. They are called the
normal equations:

M N N
(21) Z( fi(xk)fj(xk)) cj= Ef}(xk)yk fori=1,2, .... M.
k=] k=1

i=1

The Matrix Formulation

Although (21) is easily recognized as a system of M linear equations in M unknowns,
one must be clever so that wasted computations are not performed when writing the
system in matrix notation. The key is to write down the matrices F and F’ as follows:

AGn frlx) - fulx)

Hitx2)  falx2) o fulx)

F=1A0G3) filxay -+ fa(xs)

N (;rN) fz(;rN) E fM(.xN)
fie)  fAix2) A3 - AGN)
P fxy ol fax3) - falaw)
fM-(xl) fM&xz) fMix3) fM(‘xN)

Consider the product of F’ and the column matrix ¥:

Hx)y  fitx2) fAilxsy - Al | [ 2
22) FY < fz(zx1) fz(:n) fz(:xs) fz(jw) ):2
fm(x1) fM‘(JfZ) fMiﬂ) e fM(xN) Y‘N

The element in the ith row of the product F'Y in (22) is the same as the ith element 1n
‘he column matrix in equation (21); that is,

N
23) Y fiom=row F'-[y y2 ... y].
k=1
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Now consider the product F'F, which is an M x M matrix:

F'F =
Ay 2D - fr(x)
YRS vl | Y 1 R e
e - M i) faGs) o fule) |,
TuG) fua) fuCs) - fule) f](;flv) fZ(:YN) fMixN)

The element in the ith row and jth column of F'F is the coefficient of ¢; in the
ith row in equation (21); that is,

N
(24) Y filts) fit) = [ File) + FGE i) + -+ fiGen) £ Cen).
k=1

When M is small, a computationally efficient way to calcuiate the linear least-squares
coefficients for (18) is to store the matrix F, compute F'F, and F'Y and then solve
the linear system

(25) F'FC = F'Y forthe coefficient matrix  C.

Polynomial Fitting

When the foregoing method is adapted to using the functions { f;(x) = x/ —13 and the
index of summation ranges from j = 1to j = M + 1, the function f(x) will be a
polynomial of degree M:

(26) flx)=ci+cx +c3x? 4+ ey x™.

We now show how to find the least-squares parabola, and the extension to a poly-
nomiat of higher degree is easily made and is left for the reader.

Theorem 5.3 (Least-squares Parabola). Suppose that {(x, y,q)}}c‘"___1 are N points,
where the abscissas are distinct. The coefficients of the least-squares parabola

27) y=f(x)=Ax’+Bx+C

are the solution values A, B, and C of the linear system

N N N N
(ng) A+ (ng) B+ (z,g) C=3 sk
k=1 k=1 1 k=1

N N k:f N
(28) (fo) A+ (fo) B+( Ik) =Y nu,
= - =1 k=1
: N l N ‘ N
(ng) A+ ():xk) B NC=Y m
k=1, k=1 =1
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Table 5.7 Obtaining the Coefficients for the Least-Squares Parabola of Example 5.6

X Yk 2 X x XYk x2 vk
-3 3 ~27 81 9 27
0 1 0 0 0 0 0
2 1 4 8 16 2 4
4 3 16 64 256 12 48
3 8 29 45 353 5 79

Proof. 'The coefficients A, B, and C will minimize the quantity:

N
(29) E(A, B,C) =Y (Ax}+ Bxi +C — y)*
k=1

The partial derivatives 3E/dA, 3E /9B, and 9 E /9C must all be zero. This results in

_9E(A,B,C) _ ZN 2 1.2
0= A = 2k=l(Axk +Bxk+c .Yk) (xk)1
_OE(AB.O) _{h 1
(30 0= 5 = 2k§=l(Axk + Bxp + C — yi)' (xi).
dE(A, B,C) ad 2 1
0=T=2§ (Axi + Bxp + C ~ yp)'(1).

k=1

Using the distributive property of addition, we can move the values A, B, and C
outside the summations in (30) to obtain the normal equations that are given in (28). »

Example 5.6. Find the least-squares parabola for the four points (-3, 3), (0, 1), (2. 1),
and (4, 3).
The entries in Table 5.7 are used to compute the summations required in the linear
system (28).
The linear system (28) for finding A, B, and C becomes
353A+45B+29C =19
45A+29B+ 3C= 5
29A+4+ 3B+ 4C= 8.
The solution to the linear system is A = 585/3278, B = —631/3278,and C = 1394/1639,
and the desired parabola is (see Figure 5.8)
_ 585 , 631 1394

— 2 _
y= 32,7,8.7c 3278x 1639 = 0.178462x° — 0.192495x + 0.850519, ]
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4 L ! L L 4 — x Figure 5.8 The least-squares
-3 -2 -1 0 1 2 3 4 parabola for Example 5.6.

Polynomial Wiggle

It is tempting to use a least-squares polynomial to fit data that is nonlinear. But if the
data do not exhibit a polynomial nature, the resulting curve may exhibit large oscilla-
tions. This phenomenon, called polynomial wiggle, becomes more pronounced with
higher-degree polynomials. For this reason we seldom use a polynomial of degree 6 or
above unless it is known that the true function we are working with is a polynomial.

For example, let f{x) = 1.44/x% + 0.24x be used to generate the six data points
(0.25,23.1), (1.0, 1.68), (1.5, 1.0), (2.0, 0.84), (2.4, 0.826), and (5.0, 1.2576). The
result of curve fitting with the least-squares polynomiais

Py(x) = 22.93 — 16.96x + 2.553x2,
P3(x) = 33.04 — 46.51x + 19.51x% — 2.296x3,
Py(x) = 39.92 — 80.93x + 58.39x% — 17.15x> + 1.680x*,

and

Ps(x) = 46.02 — 118.1x + 119.4x% ~ 57.51x> + 13.03x* — 1.085x°

is shown in Figure 5.9(a) through (d). Notice that P3(x), P4(x), and Ps(x) exhibit a
large wiggle in the interval [2, 5]. Even though Ps(x} goes through the six points, it
produces the worst fit. If we must fit a polynomial to these data, P2(x) should be the
choice.

The following program uses the matrix F with entries f;(x) = x/~! from equa-
tion (18).
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A=F*F;

B=F’*Y?;

C=A\B;

C=f1ipud(C);

@) ®) Exercises for Curve Fitting

()

)

1. Find the least-squares parabola f(x) = Ax% + Bx + C for each set of data.

(a) (b)
Xk | Wk Xk | Yk
-3 i5 -3 | -1
-1 5 -1 |25
1 1 1 |25
3 5 3 1

2. Find the least-squares parabola f(x) = Ax? + Bx + C for each set of data.

Figure 5.9 (a) Using P2(x) to fit data. (b) Using Ps(x) to fit data, (c) Using Ps(x) to (a) (b) ©
fit data. (d) Using Ps(x) to fit data. Xk Yk Xi Y Xk Yi
-2 |—58 -2 2.8 -2 10
- -1 1.1 -1 2.1 -1 1
Program 5.2 (Least-squares Polynomial). To construct the least-squares polyno- ) 3.8 0 325 0 0
mial of degree M of the form 1 33 I 6.0 1 2
a M1 M 2 j-15 2 11.5 2 9
Pyx)=c14+ecx+ec3x“+---+coyx + opme1X
3. For the given set of data, find the least-squares curve:
that fits the N data points {(xg, yk)}f":;- (@ f(x) = Ce**, by using the change of variables X = x, ¥ = In(y), and C = &5,
. from Table 5.6, to linearize the data points.
function C = lspoly(X,Y,M) (b) f(x) = Cx4, by using the change of variables X = In(x), ¥ = In(y), and
#lmput - X is the lxm abscissa vector C = ¢®, from Table 5.6, to linearize the data points.
h - Y is the 1xn ordinate vector ) (¢} Use E3(f) to determine which curve gives the best fit.
% - M is the degree of the least-squares polynomial
% Output - C is the coefficient list for the polymomial
n=length(X); T |
B=zeros(1:M+1); 1] 0.6
F=zeros{(n,M+1); 2 1.9
#Fill the columns of F with the powers of X 3 4.3
for k=1:M+1 4 7.6
F(: k=X .7 (k-1); 5 12.6

end

%Solve the linear system from (25}
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4. For the given set of data, find the least-squares curve: (@) Assume that L = 8§ x 10° (b) Assume that L = 8 % 10°
(@ f(x) = Ce™, by using the change of variables X = x, ¥ = In(y),and C = e®.
from Table 5.6, to linearize the data points. Year I P, Year | # | Pi
() f(x) = 1/(Ax + B), by using the change of variables X = x and ¥ = 1/y. 1800 | —10 53 19006 | 0 76.1
from Table 5.6, to linearize the data poinis. iggg —g 232 1920} 2 | 106.5
) ] . 76.1 1940 | 4 | 1326
(¢) Use Ez(f) to determine which curve gives the best fit. 1950 5 152.3 190! 6 | 180.7
1980) 8 | 226.5
Xk Yk .
n Exercises 8 through 15, carry out the indicated change of variables in Table 5.6, and
-1 6.62 lerive the linearized form for each of the following functions.
0 3.94
1 217 A D
2 | 135 B.y=2+8 y=3Tc
3 0.89 1 x
i y= 1L y=
Y= Ax+ B Y= A1 Bx
1. y=Aln(x)+ B 13, y=CxA
— -2 - ~D
5. For each set of data, find the least-squares curve: H.y=(Ax+8) 1. y=Cxe™™
(a) f(x) = CeA.x’ by using the change of variables X = x, Y = ln(y). and C = &* i6. (a) Follow the pl'OCCdlll‘e outlined in the p‘l'OOfOfThCO‘l'Cm 5.3 and derive the normal
from Table 5.6, to linearize the data points. equations for the least-squares curve f(x) = A cos(x) + B sin(x).
®) fx) = (Ax + B2, by using the change of variables X = x and ¥ = Yyl (b) Us;=r the results from pa'n (a) to find the least-squares curve f(x) = A cos(x) +
from Table 5.6, to linearize the data points. Bsin(x) for the following data:
(¢) Use E2(f) to determine which curve gives the best fit.
@ @i Xk Yk
Xy Yk Xk Vi
~3.0(-0.1385
-1 13.45 -1 13.65 —~1.5 | —2.1587
0 3.01 0 1.38 0.0} 0.8330
1 0.67 1 0.49 1.5 22774
2 0.15 3 0.15 3.0 | =0.5110

6. Logistic population growth. When the population P(r) is bounded by the limiting
value L, it follows a logistic curve and has the form P(r) = L/(1 + Ce*’). Find .4

i . is a kn lue.
and C for the following data, where L is a known value 17. The least-squares plane z = Ax + By + C for the N points (xi, y1,21), ...,

(@) (0,200), (1,400), (2, 650), (3, 850), (4,950), and L = 1000. {xn, yn,2Zn) is obtained by minimizing
(b) (0, 5000, {1, 1000), (2, 1800), (3, 2800), (4, 3700), and L = 5000.

N
7. Use the data for the U.S. population and find the logistic curve P(z). Estimate the E(A,B,C)= Z(Ax" + By +C — 2%
population in the year 2000. : k=1
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Derive the normal equations:

N N N N

(Zx%) A+ (Zxkyk) B+ (Zxk) C= szxk,
k=1 k=1 k=1 k=1
N N N N

(me) A+ (ny) B+ (Z )’k) C=)
k=1 k=1 =1 k=1
N N N

(th) A+ (Z)’k) B+NC=) z.

k=1 k=1 k=1

18. Find the least-squares planes for the following data.
@ (1,1,7),(1,2,9),(2,1,10),(2,2,11), (2,3, 12)
M (1,2,6),(2,3,7,(1,1,8).2,2,8),(2,1,9)
© (3,1,-3,@2,1,-1),2,2,00,(1,1,1),(1,2,3)

19. Consider the following table of data

Xk Yk
101 20
20| 5.0
3.0 100
401 17.0
501 26.0

When the change of variables X = xy and ¥ = 1/y are used with the func
y = D/(x + C), the transformed least-squares fit is
_ —17.719403

Y= 5476617
When the change of variables X = x and ¥ = 1/y are used with the function
1/(Ax + B), the wransformed least-squares fit is

_ 1
¥ = Z0.1064253x + 0.4987330°

Determine which fit is best and why one of the solutions is completely absurd.

Algorithms and Programs

1. The temperature cycle in a suburb of Los Angeles on November 8 is given in

accompanying table below. There are 24 data points.
(a) Follow the procedure cutlined in Example 5.5 (use the fmins command) to
the least-squares curve of the form f(x) = A cos(Bx)+Csin(Dx) fortheg

set of data.
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Determine Ea( f).
Plot the data and the least-squares curve from part (a) on the same coordinate
system.

Time, pm. | Degrees Time, am. | Degrees
1 66 1 58
2 66 2 58
3 65 3 58
4 64 4 58
5 63 5 57
6 63 6 57
7 62 7 57
8 61 8 58
9 60 9 60
10 60 10 64
11 59 11 67
Midnight 58 Noon 68

Interpolation by Spline Functions

Polvnomial ipterpolation for a set of N + 1 points {{xy, yk)};?;o is frequently unsatis-
lactory. As discussed in Section 5.2, a polynomial of degree N can have N — | relative

Marima and minima, and the graph can wiggle in order to pass through the points.

j-\nnther method is to piece together the graphs of lower-degree polynomials Sg(x) and
inte1 polate between the successive nodes (x, y&) and (Xg41, Ye41) (see Figure 5.10).

(X ¥

Gy_pIn-yp

(XN- ¥ N)

L L 1 1 L 1 1
X X X- X, .Il ’ *
0 1 2 & k41 IN-1 XN

Figure 5.18 Piecewise polynomial interpolation.
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(g Yi)

y_ponoy)

(Xys ¥u)
) I—— i e i 4 i x
T 1 L | L T T
X o n Xk s v Ay

Figure 5.11 Piecewise linear interpolation (a linear spline).

The two adjacent portions of the curve y = Si(x} and y = Sg41(x), which lie above
(xk xk+1] and [xg11, Xg42], respectively, pass through the common knot (xz.41, Yi+1).

The two portions of the graph are tied together at the knot (x¢+;, yi+1), and the set of

functions {S; (x)} forms a piecewise polynomial curve, which is denoted by S(x).

Piecewise Linear Interpolation
The simplest polynomial to use, a polynomial of degree 1, produces a polygonal path

that consists of line segments that pass through the points. The Lagrange polynomial
from Section 4.3 is used to represent this piecewise linear curve:

— Xl X —Xf
k

+1 for  xp < x < X4t
— X1 Xi+1 — *k

M S = Yk:;

The resulting curve looks like a broken line (see Figure 5.11).
An equivalent expression can be obtained if we use the point-slope formula for a
line segment:

Se(x) = yg + die(x — xz),

where di = (yk+1 — yu)/(xk+1 — xx)- The resulting linear spline function can be
written in the form

[ y0+ do(x ~ x0) for x in [xg, x1],

v +di{x —x1) for x in [xy, x2],
(2) S(x) = ) o

Yi +di(x — xi) for x in [xg, xp41].

yv-y+dyoilx —xn-1) forxin{xy—y, xnl.
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The form of equation (2) is better than equation (1) for the explicit calculation of
Sty It is assumed that the abscissas are ordered xp < x; < -+ < xy_] < xy. For
a fixed value of x, the interval [xg, xz4;] containing x can be found by successively
computing the differences x — xy, ..., X — Xk, X — Xp4+1 until k 4 1 is the smallest
integer such that x — xz| < 0. Hence we have found % so that x; < x < x4, and
the value of the spline function S(x) is

Y S(x) = Sp(x) = yp +dp(x — xx)  for  xp £ x < xpq-

Thewe techniques can be extended to higher-order polynomials. For example, if an
odd number of nodes xg, xy, ..., x2pr 18 given, then a piecewise guadratic polyno-
muil can be constructed on each subinterval {xo, x2k42), fork =0, 1, ..., M — 1.
A shortcoming of the resulting quadratic spline is that the curvature at the even nodes
x> changes abruptly, and this can cause an undesired bend or distortion in the graph.
The second derivative of a quadratic spline is discontinuous at the even nodes. If we
use piecewise cubic polynomials, then both the first and second derivatives can be
made continuous.

Piecewise Cubic Splines

The fitting of a polynomial curve to a set of data points has applications in CAD
{computer-assisted design), CAM (computer-assisted manufacturing), and computer
graphics systems. An operator wants to draw a smooth curve through daia points that
are not subject to error. Traditionally, it was commeoen to use a french curve or an ar-
chitect’s spline and subjectively draw a curve that looks smooth when viewed by the
eye. Mathematically, it is possible to construct cubic functions Si(x) on each inter-
val [xy, x;41] so that the resulting piecewise curve y = S{x) and its first and second
derivatives are all continuous on the larger interval [xg, x,,]. The continuity of §’(x)
means that the graph y = §(x) will not have sharp corners. The continuity of 5% (x)
means that the radius of curvature is defined at each point.

Definition 5.1 (Cubic Spline Interpolant). Suppose that {(xz, yk)};?' —g are N + 1
points, where @ = xg < x3 < --- < xy = b, The function S(x) is called a cubic
spline if there exist N cubic polynomials Sy (x) with coefficients s;.0, S,1. 5k,2, and
i3 that satisfy the properties:

L S(x) = Sk(x) = Se.0 + 6108 — xp) + sp.2(x — xx)? + sp.3(x — x)?

forx € [x¢, xp+1]and k =0,1,..., N — L.
. S(xp) = w fork=0,1,...,N.
I Selxg+1) = Sp1{xk+1} fork=0,1,...,. N -2,
V. S;c(xk+1) = S;:+l(xk+1) fork=0,1,...,N—-2.
V. 8 (xe1) = Slfc’+l(‘xk+1) fork=0,1,....,N-2. N
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Property ! states that $(x) consists of piecewise cubics. Property II states that the
piecewise cubics interpolate the given set of data peints. Properties Il and IV requir.
that the piecewise cubics represent a smooth continuous function. Property V state-
that the second derivative of the resulting function is also continuous.

Existence of Cubic Splines

Let us try to determine if it is possible to construct a cubic spline that satisfies proper-
ties I through V. Each cubic polynomial S¢(x) has four unknown constants (s . Sk,|-
k.2, and sy 3); hence there are 4N coefficients to be determined. Loosely speaking.
we have 4N degrees of freedom or conditions that must be specified. The data point.
supply N + 1 conditions, and properties III, IV, and V each supply N — 1 conditions
Hence, N + 1+ 3(N — 1) = 4N — 2 conditions are specified. This leaves us two addi-
tiona) degrees of freedom. We will call them end-point constraints: they will involve
either S'(x) or §”(x) at xg and xy and will be discussed later. We now proceed with
the construction.

Since S(x) is piecewise cubic, its second derivative S”(x) is piecewise linear on
[xg, xn]. The linear Lagrange interpolation formula gives the following representation
for §”(x) = S§{/(x):

~ Xi4l X — X

It X
(4) Si (x) = 5" (xe) + 8" (xe41)
X — Xp+1 Xe+1 — Xk
Use my = §"(xi), mgy1 = 8" (xe41), and by = xp41 — 2 in (4) to get

My
(x —xp)

) S{(x) = %(ml 0+
k

forx; <x < xppyandk =0,1,..., N — 1. Integrating (5) twice will introduce tv
constants of integration, and the result can be manipulated so that it has the form

Mgl
6h;

Substituting x; and xx4 into equation (6) and using the values y; = Sp(x;) and
Vg1 = Si(xy+1) yields the following equations that involve py and gk, respectively;

Mp+1

6) Si(x)= ;"T"(le -+ (x —x0)°  + pr(gr — X) + gelx — xp).
k

my

6
These two equations are easily solved for p; and gy, and when these values are sub-
stituted into equation (6), the result is the following expression for the cubic function
Sp(x):

hi + gehy.

(M Yo = —hi + pxhy and  ypoq =

Sk(x) = —ﬂ(xk+l —-x)’+ m—“—l(x —x)?
® 6hy 6hy
Yk Mkhk) _ Yetl _ mghe)
+ (hk ~5 (Xp+1 —x) + ( e 6 )(x Xe)-
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Notice that the representation (8) has been reduced to a form that involves only
the unknown coefficients {my}. To find these values, we must use the derivative of (8),
which is

m m
Sx) = ~ 5 (g — 2+ 2L (- )
9 2hy 2hy
2 _ (}i_k _ mkhk) Vit Mgtk
hy 6 hy he

Evaluating (9) at x4 and simplifying the result yield

m -
19 S = —%hk - ’%‘!’hk +dy, where ;= ___.y”;l Yk
k

Similarly, we cap replace & by k — 1 in (9) to get the expression for §;_,(x) and
evaluate it at x; to obtain

my M
(1) Semt ) = S himt + =it + .
Now use property 1V and equations (10) and (11) to obtain an important relation
involving sy, my, and my,1:

112) Bi—tmg_1 + 20hi_y + hedmy + hanter) = uy

where uy =6 (d), —dy—y)fork=1,2,....N~1.

Construction of Cubic Splines

Observe that the unknowns in (12) are the desired values {my), and the other terms
dre constants obtained by performing simple arithmetic with the data points {(x, y¢)}.
iihere_fore, in reality system (12) is an underdetermined system of ¥ — 1 linear equa-
tiens involving N 4 1 unknowns. Hence two additional equations must be supplied.
They are used to eliminate mg from the first equation and my from the (N —~ 1)st
equation in system (12). The standard strategies for the end-point constraints are sum-
marized in Table 5.8.

Consider strategy (v) in Table 5.8. If mg is given, then komg can be computed, and
the first equation (when & = 1) of (12) is

(13) 2(ho + kydmy + hymay = uy — homy.

Similarly, if m y is given, then hy_ m w can be computed, and the last equation (when
K=N-—1of (12)is

(i9) hn-amy 2+ 2hy-2+hn-Dmyi =uy_) —hy_imy.
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Table 5.8 End-point Constraints for a Cubic Spline

Description of the strategy Equations involving mg and m y

(1) Clamped cubic spline: spec-
ify 8 (xp), $'(xn)
(the “best choice™ if the

3 it s
mp = 1 (do = S — 5

derivatives are known)
3 " my—1
my = h—(S (xn)—dy_1)— 3
N-1
(iiy Natural cubic spline my=0my =0
{a “relaxed curve™)
(iii) Extrapolate $”(x) to the
endpoints ho(my — my)
1
hn_10my—1 —my—2)

my =mpy_1 +
hn—2

(tv)  §”(x) is constant near the
endpoints

(v) Specify §”(X) at each
endpoint

mp=mp,my =my_|

mg = §"(xp), my = §"(xn)

Equations (13) and (14) with (12) used fork = 2,3, ..., N -2 form N — 1 lmes
equations involving the coefficients my, my, ..., my_1.

Regardless of the particular strategy chosen in Table 5.8, we can rewrite equa-
tions 1 and N — 1 in (12) and obtain a tridiagonal linear system of the form HM = V,

which involves m(, ma, ..., my—1:
b ¢l m v
ay b my v2
(15) : = :
an-3 by-2 cn_a||my2 vN_2
ay—z bn_1| | mno) UN_1|

The linear system in (15) is strictly diagonally dominant and has a unique solu-
tion (see Chapter 3 for details). After the coefficients {m;} are determined, the spline
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coefficients {s;_ 7} for S¢(x) are computed using the formulas

he(Qmy 4+ mgyr)
55,0 = Yks Sk = dk — —-k——k—é—li
skzz—k Sk3=L_£.
' 27 ' 6k

Each cubic polynomial Si(x) can be written in nested multiplication form for effi-
cient computation:

(in Se(x) = ((sg3w + s 2)w + s, 1)w + v, where w=x—x;

and S; (x} is used on the interval xp < x < x41.

Equations (12) together with a strategy from Table 5.8 can be used to construct a
tubic spline with distinctive properties at the end points. Specifically, the values for mq
and my in Table 5.8 are used to customize the first and last equations in (12) and form
te system of N — 1 equations given in {15). Then the tridiagonal system is solved for
the remaining coefficients m |, ma, . . ., mpy—;. Finally, the formulas in (16) are used to
determine the spline coefficients. For reference, we now state how the equations must
Be prepared for each different type of spline.

Ead-point Constraints

The following five lemmas show the form of the tridiagonal linear system that must be
golved for each of the different endpoint constraints in Table 5.8.

lethma 5.1 (Clamped Spline). There exists a unique cubic spline with the first
derivative boundary conditions $'(a) = dg and S'(b) = dy.

Proof.  Solve the linear system

3
(Eho + 2h1) my + hymz = uy — 3(dy — §'(xo)

Rg_ymy1 + 2(he_1 + hpmg + Bhemie) = ug for k=2,3, ..., N-2

3 y
hy_omy—2+ (2hy_2 + EhN—l)mN-l =uy—t — 3§ (xn) —dy-1). .

Remark. The clamped spline involves slope at the ends. This spline can be visualized
as the curve obtained when a flexible elastic rod is forced to pass through the data
points, and the rod is clamped at each end with a fixed slope. This spline would be
useful to a draftsman for drawing a smooth curve through several points.

Lemma 5.2 (Natural Spline). There exists a unique cubic spline with the free
boundary conditions §”(a) = 0 and $”(b) = 0.
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Proof. Solve the linear system
2(hp + hiymy + hymy = uy

he_1mi—1 + 2(hg—1 + hedmy + hgmis ) = ui for k=2,3, ..., N—-1
hy_amy—2 +2€hy_2+hAn-)MN-] = BEN-1. .

Remark. The natural spline is the curve obtained by forcing a flexible elastic rod
through the data points, but letting the slope at the ends be free to equilibrate to the
position that minimizes the oscillatory behavior of the curve. It is useful for fitting ¢
curve to experimental data that are significant to several significant digits.

Lemma 5.3 (Extrapolated Spline). There exists a unique cubic spline that use:
extrapotation from the interior nodes at xt and x; to determine $”(a) and extrapolatiot

from the nodes at xy_1 and xy_3 to determine 5" (b).

Proof. Solve the linear system

h3 h}
Sho + 20 + 2 | mi+ [ = 2 | m2 = m
h1 hl

hi—1my-1 + 2(hi—1 + hdme + hemgey = we - for k=23 ..., N-2

» h3
N-1 N1 =
(hN——Z 5 ) my-2+ (2hNA2 +3hy-1+ T;) MN-| = UN-1- g

Remark. The exirapolated spline is equivalent to assuming that the end cubic is as
extension of the adjacent cubic; that is, the spline forms a single cubic curve over the
interval [xg, x2] and another single cubic over the interval [xy_2, X1

Lemma 5.4 (Parabolically Terminated Spline). There exists a unique cubic spline
that uses S”(x) = 0 on the interval [xo, x1] and §”(x) = O on [xy-1, xn).

Proof. Solve the linear system

(3ho + 2hymy + himz = u)
he_my—1 + 2(hg_1 + hi)my +hmpyy =up  for k=2,3, ..., N~ 2
hy_amy—2 + (Qhy_2 + 3hN-1)mN-1 = UN-1.

Remark. The assumption that $”(x) = 0 on the interval [xg, x1] forces the cubic‘§ '

degenerate to a quadratic over [xo, x1], and a similar situation occurs over [xy—1, XN
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Lefnma‘S.S (End-point Curvature-adjusted Spline). There exists a unique cubic
spline with the second derivative boundary conditions §” () and 5" (k) specified.

Proof. Solve the linear system

2(ho + hiymy + hyma = uy — hoS” (xq)
hioymp_1+ 20— +heyme +hempy =uy for k=23, ..., N=-2
hy-amy_2+2(hy2+hy-1)my_1 =uy_) — hy_18"(xn). .

Remark. Imposing values for §”(a) and S”(b) permits the practitioner to adjust the
curvature at each endpoint.

The next five ex.a'mples illustrate the behavior of the various splines. It is possible
10 mix thg c_nd conditions to obtain an even wider variety of possibilities, but we leave
these variations to the reader to investigate.

Example 5.7. Find the clamped cubic spline that passes tiuough 0,0),(1,0.5, (2,2.0)

~ and (3, 1.5) with the first derivative boundary conditions §'(0) = 0.2 and §'(3) = —1.

First, compute the quantities

hh=hy=h; =1

do=(y1 —y0)/ho = (0.5~ 0.0)/1 =0.5
dy=(y2—n1)/h1 =(2.0-05)/1= 1.5
dy=(y3—y2)/ha=(1.5-20)/1=-05
w1 =06(d; —do) =6(1.5-0.5)=6.0

uz = 6(dz —dy) = 6(—0.5-1.5) = —12.0.

Then use Lemma 5.1 and obtain the equations

3
(5 +2)ml +my =60-3(0.5-02)=5.1,

3
my + (2 + -2-) mz = —~12.0 — 3(=1.0— (-0.5)) = —-10.5.

when these equations are simplified and put in matrix notation, we have

35 LOf(m| _ 5.1
1.0 3.5({m2]| " [—-10.5]"
Risa straightforward task to computc the solution my; = 2.25 and my = —3.72 Now

#pply the equations in (i) of Table 5.8 (o determine the coefficients mp and ma:

mo=3(0.5-0.2) ~ 3;2 = -0.36,

my = 3(—1.0 +0.5) — _—322 = 0.36.
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Figure 512 The clamped cubic
spline with derivative boundary condi-
tions: $'(0) = 0.2 and §'(3) = —1

Figure 513 The natural cubic spline
with §7(0) = 0 and §”(3) = 0.

Next, the values mg = —0.36, m; = 2.25, m3 = —3.72, and m3 = 0.36 are substituied
into the equations (16) to find the spline coefficients. The solution is

So(x) = 0.48x> — 0.18x% + 0.2x for 0<x =<1,
S1(x) = —1.04(x — 1)* + 1.26(x — 1)2
(18) +1.28x - 1)+ 0.5 for l<x <2,
S2(x) = 0.68(x — 2)* — 1.86(x — 2)?
+0.68(x -2)+2.0 for2<x <3
This clamped cubic spline is shown in Figure 5.12. n

Example 5.8, Find the natural cubic spline that passes through (0, 0.0), (1, 0.5),(2, 2.0),
and (3, 1.5) with the free boundary conditions 5”(x) = 0 and $”(3) = 0.

Use the same values {hx), {dx}, and {1 ] that were computed in Example 5.7. Then
use Lemma 5.2 and obtain the equations

2(1 + Dmy 4+ m3 = 6.0,
my+2(1 + Dmy = —12.0.

The matrix form of this linear system is

[to %o} [m]=1-120)

It is easy to find the solution m) = 2.4 and ma = —3.6. Since mo= 5"(0) = 0 and
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m3y = §"(3) = 0, when equations (16) are used to find the spline coefficients, the result is

So(x) = 0.4x> 4 0.1x for 0<x<1,
Si(x) = —(x ~ 1* +1.2(x — 1)
(19) +13(x — 1) +0.5 for 1<x<2,
S2(x) = 0.6(x — 2)° — 1.8(x —2)2
+0.7(x —2) +2.0 for 2<x <3.
“This natural cubic spline is shown in Figure 5.13. =

Example 5.9. Find the extrapolated cubic spline through (0, 0.0), (1, 0.5), (2, 2.0}, and
(3,1.5).

Use the values {A}, {di}, and () from Example 5.7 with Lemma 5.3 and obtain the
linear system

GB+24+Dm+ (1 —Dmz = 6.0,
(I=Dmi+ Q2434+ Dmy = ~-120.

6.0 00([m| 6.0

00 6.0)(mz]  |-12.0|"
and it is trivial to obtain m; = 1.0 and my = —2.0. Now apply the equations in (iii) of
Table 5.8 to compute mg and m3:

The matrix form is

mp=10-(-20-1.0)=4.0,
m3 = —204+(-2.0- 1.0) = -5.0.

Finaily, the values for {m} are substituted ir equations (16) to find the spline coefficients.
The solution is

So(x) = —0.5x> + 2.0x% — x for0<x <1,
S1(x) = —0.5¢x — 1)* + 0.5(x — 1)2
20) +15(x—-1)+05 for lsx <2,
5(0) = —05(x—2° - (x —2)2
+x-2)+2.0 for 2<x <3,
The extrapolated cubic spline is shown in Figure 5.14, [

Example 5.10. Find the parabolically terminated cubic spline through (0, 0.0), (1, 0.5),
-£2.2.0), and (3, 1.5).
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20f

0.5

1 R ] ‘— x Figure 514 The extrapolated cu-
S5 1.0 15 20 25 3.0 bic spline.

Use {hz}, {di), and {u; ) from Example 5.7 and then apply Lenima 5.4 to obtain

3+ 2ymy +mx=6.0,
mi1+ (24 3)my = —12.0.

50 1.0][m| _ 6.0
1.0 50)|m2]| ™ [=120]|"
and the solotion is m) = 1.75 and m» = ~2.75. Since §7(x) = 0 on the subinterval at

each end, formulas (iv) in Table 5.8 imply that we have mg = m| = 1.75,and m3 = m1- =
—2.75. Then the values for {m;} are substituted in equations (16) to get the solution

The matrix form is

So(x) = 0.875x2 — 0.375x for 0<x <1,
§)(x) = ~0.75(x — 1)* + 0.875(x — 1)2
+1.375(x — 1) + 0.5

$3(x) = —1.375(x — 2)% + 0.875(x — 2) + 2.0

21
@b for 1 <x <2,

for 2<x <3.

This parabolically terminated cubic spline is shown in Figure 5.15. ]
Example 5.11. Find the curvature-adjusted cubic spline through (0, 0.0), (1,0.51.
{2,2.0), and (3, 1.5) with the second derivative boundary conditions 57(0) = —0.3 .nd

§"(3) =33
Use {Ai}, {di}, and (uy} from Example 5.7 and then apply Lemma 5.5 to obtain

20+ Dmy +mz = 6.0~ (—0.3) = 6.3,
my+2(1 + Dmy = ~12.0— (3.3) = ~15.3.

5 wol[m]=[-i53]

The matrix form is
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¥y
20}
15+
1.0
05F
e — : . ' Figure 5.15 The parabolicaliv
05 10 15 20 25 30 terminated cubic spline.
¥y
20
1.5F
1.0F
05
Figure 5.16 The curvature ad-
. 1 . L— justed cubic spline with §”(0) =
and the solution 1s m| = 2.7 and my = —4.5. The given boundary conditions are used
lo determine mg = S7(0) = —0.3 and m3 = S$”(3) = 3.3. Substitution of {m;} in

equations (16) produces the solution

So(x) = 0.5x% — 0.15x% + 0.15x for 0<x <1,
Spix) = —1.2(x — 1)° + 1.35(x — 1)2
(22 +1.35(x — 1)+ 05
$(x) = 1.3(x = 2)* — 2.25(x - 2)*
+045(x —2)+ 2.0

This curvature-adjusted cubic spline is shown in Figure 5.16. .

for 1l <x <2,

for 2<x <3.

Suitability of Cubic Splines

A practical feature of splines is the minimum of the oscillatory behavior that they
possess. Consequently, among all functions f{x) that are twice continuously differen-
tiable on [a, b] and interpolate a given set of data points {(xx, yi)}}_. the cubic spline
has less wiggle. The next result explains this phenomenon.
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Theorem 5.4 (Minimum Property of Cubic Splines). Assume that f € C{a, b]
and S(x) is the unique cubic spline interpolant for f(x) that passes through the points
{(xx, F (x,())}f=0 and satisfies the clamped end conditions S'(a) = fl(@) and S'(b) =
f'(b). Then

b b
(23) / (8"(x))dx < f (f"(x))dx.

Proof.  Use integration by parts and the end conditions to obtain
b
| 5w e - sy ax
‘ x=b b
= 8" (%) — S’(x))\ «f S"x)f(x) — §'(x)) dx
xX=a &

b
=0-0—~ f S"(x)(f'(x) — §(x)) dx.
Since §”(x) = 65 3 on the subinterval [x;, xz], it follows that

X1 X=x
| TSm0 @ - s dr = bss£) - senf T =0

& X=Xk

fork=0,1,..., ¥ — |. Hence f: $"(x)(f"(x) — §”(x)) dx = 0, and it follows thn

b b
(24) f §"(x)f"(x)dx = f (S"(x))* dx.
Since 0 < (f"(x) — $"(x))?, we get the integral relationship
b
0< f (f"(x) - §"(x))? dx

25) b b b
:f (F"(x))?dx —2/ f”(x)s”(x)dx+f ($"(x))dx.
a a a

Now the result in (24) is substituted into (25) and the result is

b b
0 sf (f"(x)) dx —f (8"(x)) dx.

This is easily rewritten to obtain the relation (23) and the resuit is proved. o

The following program constructs a clamped cubic spline interpolant for the dat:
points {{(x, }’k)},'?;o. The coefficients, in descending order, of Si(x), fork = 0, 1.
.., N — 1, are found in the (k — 1)st row of the output mamx S. In the exercises the
reader will be asked to modify the program for the other end-point constraints listed in
Table 5.8 and described in Lemmas 5.2 through 5.5.
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Program 5.3 (Clamped Cubic Spline). To construct and evaluate a clamped cubic
spline interpolant S(x) for the N + 1 data points {(xk, ye)}) .

function S=csfit(X,Y,dx0,dxn)

%Input - X is the 1xmn abscissa vector

% - Y is the 1xn ordinate vector

A - dx0 = S?(x0) first derivative boundary condition
A - dxn = $’(xn) first derivative boundary condition
%Butput - 8: rows of 5 are the coefficients, in descending
% order, for the cubic interpclants

N=length(X}-1;

B=diff(X);

D=diff(Y)./H;
A=H(2:N-1);
B=2*(H(1:N~1)+H(2:N));
C=H(2:N)};

U=6*diff (D) ;

%#Clamped spline endpoint constraints
B(1)=B(1)-H(1)/2;
U(L)=U(1)-3*(D(1)-dx0) ;
B(N-1)=B(N-1)-H(N)/2;
U{N-1)}=U(N-1) -3*(dxn-D{N));
for k=2:N-1
temp=A(k-1)/B(k-1);
B(k)=B(k)-temp*C(k-1};
U(k)=U(k) -temp*U(k-1) ;
end

M(N)=U(N-1)}/B(N-1);

for k=N-2:-1:1
M(k+1)=(UX)-C(k)*M(k+2)) /B (k) ;

end

M(1)=3%(D(1)-dx0) /H(1)-M(2)/2;

M(N+1)=3*(dxn-D{N)) /H(N)-M(N) /2;

for k=0:N-1
S(k+1,1)=(M(k+2)-M(k+1) )/ (6%H(k+1));
S(k+1,2)=M(k+1)/2;
S(k+1,3)=D(k+1)-H(k+1)* (2*M{k+1)+M(k+2}) /6;
S(k+1,4)=Y(k+1);

end
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Example 5.12. Find the clamped cubic spline that passes through (0, 0.0), (1.0 51
(2,2.0), and (3, 1.5) with the first derivative boundary conditions $'(0) = 0.2 and §'(31 =
—1.
In MATLAB:

>>X=[0 1 2 3]; Y=[0 0.5 2.0 1.5];dx0=0.2; dxn=-1;
>5>8=¢sfit(X,Y,dx0,dxn)
S =

0.4800 -0.1800 0.2000 O

-1.0400 1.2600 1.2800 0.5000
0.6800 -1.8600 0.6800 2.0000

Notice that the rows of § are precisely the coefficients of the cubic spline interpolant- in
equation (18) in Example 5.7. The fo.'owing commands show how to plot the cubic spiine
interpolant using the polyval command. The resulting graph is the same as Figure 5.12
>>x1=0:.01:1; yi=polyval(S(1,:),x1-X{(1));
>>x2=1:.01:2; y2=polyval(8(2,:),x2-X(2));

»>>x3=2:.01:3; y3=polyval(S(3,:),x3-X(3));
>>plot(x1.yl,x2,y2,x3,y3,x,Y,'.’) &

Exercises for Interpolation by Spline Functions

1. Consider the polynomial S(x) = ap + a1x + azx? + azx3,
(a) Show that the conditions 5(1) = 1, $'(1) =0, $(2) = 2, and §'(2) = 0 produce
the system of equations

a+ a1+ e+ az=1
ar+2a;+ 3a3=0
ap+2a) +4a; + 8ay3 =12

ay +4az + 12a3 =0

(b) Solve the system in part (a) and graph the resulting cubic polynomial.

2. Consider the polynomial S(x) = ap + aix + a2x? + a3x>.
(a}) Show that the conditions S(1) = 3, S =-4,82)=1,ad §(2) -2
produce the system of equations

a+ a1+ ax+ az= 3
a;+2a+ 3az=-4
ap+2a1 +4a+ 8az= 1
a+4a+12a3= 2

(b) Solve the system in part () and graph the resulting cubic polynomial.
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18,

. Determine which of the following functions are cubic splines. Hint. Which, if any, of

the five parts of Definition 5.1 does a given function f(x) not satisfy?

B—8x 152 - B3 forl<x=<2
@ fE=115 i

T+Tx—21x2+7x3 for2 <=x<3

11 — 24x + 18x% — 4x3 forl <x <2
(b) flx)=

—54 + 72x — 30x2 + 4x3 for2<x=<3
© f© 18 — Bx +26x2 — Y3 forl <x <2
C X) =

70+ 185 — 402 + i3 for2<x <3

13 — 31x + 23x2 — 5x3 forl<x=<?2
@ fix)=

—354 51x — 22x2 4 313 for2 <x=<3

. Find the clamped cubic spline that passes through the points (-3, 2), (-2, 0}, (1, 3),

and (4, 1) with the first derivative boundary conditions §'(—=3) = —1 and §'(4) = 1.

. Find the natural cubic spline that passes through the points (-3, 2), (—2,0), (1, 3),

and (4, 1) with the free boundary conditions §”(—3) = 0 and §”(4) = 0.

. Find the extrapolated cubic spline that passes through the points (-3, 2), (-2, 0),

(1, 3), and (4, 1).

. Find the parabolically terminated cubic spline that passes through the points (—3, 2),

(—2,0),(1,3),and (4, 1).

. Find the curvature-adjusted cubic spline that passes through the points (-3, 2),

(=2.0), (1, 3), and (4, 1) with the second derivative boundary conditions §”(—3) =
—1and " (4) = 2.

. (a) Find the clamped cubic spline that passes through the points {(xz, f (xk))}i=0,

on the graph of f(x) = x + % using the nodes xop = 1/2,x = 1,x; = 3/2,
and x3 = 2. Use the first derivative boundary conditions $'(xo) = f'(xop) and
§'(x3) = f'(x3). Graph f and the clamped cubic spline interpolant on the same
coordinate system.

(b) Find the natural cubic spline that passes through the points {(x;, f (xk))}?go’ on
the graph of f(x) = x + Z, using the nodes xo = 1/2,x) = 1,x2 = 3/2, and
x3 = 2. Use the free boundary conditions $”(xo) = 0 and §”(x3) = 0. Graph
f and the natural cubic spline interpolant on the same coordinate system.

(a) Find the clamped cubic spline that passes through the points {(x, f (xk))]LO,
on the graph of f(x) = cos(x?), using the nodes xo = 0,x; = 7/2,x2 =
V3772, and x3 = /37/2. Use the first derivative boundary conditions $’(xo} =
f'(xp) and §'(x3) = f'(x3). Graph f and the clamped cubic spline interpolant
on the same coordinate system.

(b) Find the natural cubic spline that passes through the points {(xz, f (xk))]z=0,
on the graph of f(x) = cos(x?), using the nodes xo = 0,x; = /7/2,x3 =
V3772, and x3 = /57/2. Use the free boundary conditions 5”(xp) = 0 and
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$”(x3) = 0. Graph f and the natural cubic spline interpolant on the sam: 2. Modify Program 5.3 to find the (a) natural, (b) extrapolated, (¢) parabolically termi-
coordinate system. nated, or {(d) end-point curvature-adjusted cubic splines for a given set of points.
Use your programs from Problem 2 to find the five different cubic splines for the
points (0, 1), (1,0), (2,0), (3. 1), (4,2), (5,2), and (6, 1), where §'(0) = —0.6,
el — X = hg + (x5 — x) 5'(6) = —1.8, §"(0) = 1, and S (6) = —1. Plot the five cubic splines and the points
on the same coordinate system.
and 4. Use your programs from Problem 2 to find the five different cubic splines for the
points (0,0), (1,4), (2.8), 3.9, 4,9), (5,8) and (6, 6), where $'(0) = 1,
$'(6) = —2, §7(0) = 1, and §”(6) = —1. Plot the five cubic splines and the points
on the same coordinate system.

11, Use the substitutions 3

(xkr1 — %)% = B} + 3R3xe = x) + 3h(xe — x)2 + (xf — x)°

to show that when equation (8) is expanded into powers of (x; — x), the coefficients
are those given in equations (16). 5

The accompanying table gives the hourly temperature readings (Fahrenheit) during
a 12-hour period in a suburb of Los Angeles. Find the natural cubic spline for the
data, Graph the natural cubic spline and the data on the same coordinate system. Use
the natural cubic spline and the results of part (a) of Exercise 12 to approximate the

12. Consider each cubic function Sg (x) over the interval [x, x¢11].
(a) Give a formuia for [**" Sy (x) dx.

x .
Then evaluate fx(f S(x)dx in part (a) of average temperature during the 12-hour period.
(b) Exercise 10 (¢} Exercise 11
13. Show how strategy (i) in Table 5.8 and system (12) are combined to obtain the equa- Time, am. | Degrees || Time, a.m. | Degrees
tions in Lemma 5.1. 1 58 7 57
14. Show how strategy (iii) in Table 5.8 and system (12) are combined to obtain the 2 58 8 58
equation in Lemma 5.3. 3 58 9 60
. s 4 58 10 64
15. (@) Using the nodes xp = —2 and x| = 0, show that f(x) = x° — x is its own 5 57 11 67
clamped cubic spline on the interval {2, 0]. 6 57 Noon 68
{(b) Using the nodes xg = —2, x; = 0, and x; = 2, show that f(x) = 2% - v is
its own clamped cubic spline on the interval [—2, 21. Note. f has an inflection 6. Approximate the graph of f(x) = x — cos(x?) over the interval {—3,3] using a
pont at xy. clamped cubic spline.

(c)  Use the results from parts (a) and (b) to show that any third-degree polynomial,
f(x) = ap+a1x + azx? + a3x3, is its own clamped cubic spiine on any closed
interval [a, b].
{d) What, if anything, can be said about the other four types of cubic splines de- i . * . . .
scribed in Lemmas 5.2 through 5.57 84 Fourier Series and Trigonometric Polynomials
Scientists and engineers often study physical phenomena, such as light and sound, that
‘have a periodic character. They are described by functions f(x) that are periodic,

Algorithms and Programs
) glx+ P)=g(x) for all x.

1. The distance dy that a car traveled at time #; is given in the follwoing table, Use

Program 5.3 with the first derivative boundary conditions 5/(0) = 0 and 5'(8) = 98 The number P is called a period of the function.

It will suffice to consider functions that have period 2. If g(x) has period P, then

and find the clamped cubic spline for the points.
pec cUblc spiine for the points £(x) = g(Px/2m) will be periodic with period 2. This is verified by the observation
P P
Time, &y, 02 |4 6 8 (2) f(x+2:r)-—.g(2—x+P)=g(—2—x)=f(x)-
Distance, dg | 0 | 40 | 160 | 300 | 480 4 o
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4
' ;

2m 0 o 4
Figure 5.17 A continuous function f(x) with period 2.

. f
\ — —

t t y ' ' ' i o
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a

Figure 5.18 A piecewise continuous function over [a, b].

Hepccforth in this section we shall assume that f(x) is a function that is periodic wilh
period 2, that is,

(3) Ffx+2m)= f(x) for all x.

The graph y = f(x) is obtained by repeating the portion of the graph in any interval

of length 2, as shown in Figure 5.17.
- Examplfas of functions with period 27 are sin(jx) and cos(jx), where Jis an
integer. This raises the following question: Can a periodic function be represente

by the sum of terms involving a; cos(jx) and b jsin(jx)? We will soon see that the
answer is yes.

Deﬁl:ntlon 5.2 (Pieceyvise Continuous). The function f(x) is said to be piecewise
continuous on [a, b] if there exist values fo, 1, ..., 1¢ witha = 5y < n o< ---
tx = b such that f(x) is continuous on each openinterval ; | <x <, fori =1, .

..., K,and f(x) has left- and right-hand limits at each of the points # ituati
is illustrated in Figure 5.18. points - The Slmatl":
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Definition 5.3 (Fourier Series). Assume that f(x) is periodic with period 2x and
that f(x) is piecewise continuous on -7, 7). The Fourier series S(x) for f(x)is

o0
m S(x) = %" + 'S (aj cos(jx) + b; sin(jx)),
=

w here the coefficients a; and b; are computed with Euler’s formulas:

1 n
(3 aj=; flx)cos(jxydx for j=0,1, ...
-
and
l T
(6 bj= poy fixysin(jxydx for j=1,2,.... A

-

The factor % in the constant term ag,/2 in the Fourier series (4) has been introduced
for convenience so that @g could be obtained from the general formula (5) by setting
j = 0. Convergence of the Fourier series is discussed in the next result.

Theorem 5.5 (Fourier Expansion). Assume that S(x) is the Fourier series for f(x)
over [—, ). If f'(x) is piecewise continuous on [, 7r] and has both a left- and
right-hand derivative at each point in this interval, then §(x) is convergent for all x €
{—m, m]. The relation

S(x) = f(x)
holds at all points x € [—m, ], where f(x) is continuous, If x = a is a point of

discontinuity of f, then

- +
Sa) = fla );-f(a ),

where f(a~) and f(a™) denote the left- and right-hand limits, respectively. With this
understanding, we obtain the Fourier expansion:

o0
- ag . .
7 flx) = 7 + jgil(aj cos(jx) + b;sin(jx)).

A brief outline of the derivation of formulas (5) and (6} is given at the end of the
section.
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Example 5.13. Show that the function f(x) = x/2 for - < x < 7, extended periodi-
caliy by the equation f(x + 2r) = f(x), has the Fourier series representation

—1)it! i
f()-—z( b Sln(]x)—sm(x)_gm_(zx_) M._
j=1
Using Euler’s formulas and integration by parts, we get
x xsin(jx) cos(fx)im
j;” cos(jx)dx = 2 + 212 |on = 0

forj=1,2,3,...,and

1 x| . ~xcos(jx) sin(jx) T (—1)i+1
T _[,, 7 Sintyjx)dx 2 + 2nj? |x j
for j = 1,2,3,.... The coefficient ap is obtained by a separate calculation:

1 ™ x d x2 =
“=z f 3=l
These calculations show that all the coefficients of the cosine functions are ze:ro.The
graph of f(x) and the partial sums

=0.

S2(x) = sin(x) — S“'(;x),

sin(2x) + sin(3x)

S$3(x) = sin(x) —

2 3
and
. sin(2x in(3 sin(4
S4(x) = sin{x) — (2 ) + sm(3 %) - - ;x)
are shown in Figure 5.19. =

We now state some general properties of Fourier series. The proofs are left a-
exercises,

Theorem 5.6 (Cosine Series). Suppose that f(x) is an even function; that i is, sup-
pose f(-—x) = f(x) holds for all x. If f(x) has period 2 and if f(x) and f'(x) are
piecewise continuous, then the Fourier series for f(x) involves only cosine terms:

(8) flx )——+Za,cos(;x)

j=1

where

9 aj = %[Q f(x)cos(jx)dx for j=0, 1,
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hd y= S4(x)

15 ¥ =850 v =f(x)

~1.5

Figure 5.19 The function f(x) = x/2 over [~n, x] and its trigono-
metric approximation Sz (x), S3(x) and Sz(x).

Theorem 5.7 (Sine Series). Suppose that f(x) is an odd function; that is, fl—x) =
— f(x) holds for all x. If f(x) has period 27 and if f(x) and f’(x) are piecewise
continuous, then the Fourier series for f(x) involves only the sine terms:

(10) fx) =Y bjsin(jx),
i=1
where
(1 b, = %f fx)sin(jx)dx for j =1, 2,
0

Example 5.14. Show that the function f(x) = {x| for —r < x < m, extended periodi-
cally by the equation f(x 4+ 2) = f(x), has the Fourier cosine representation

T cos{(2j — 1)x)
fx) = 3T Z

(2j — 1y
@ {3x) (5x)
T 4 cos{3x cos(Sx
=5~—(c0()+ 32 52 +)

The function f(x) is an even function, so we can use Theorem 5.6 and need only to
compute the coefficients {a;}:

2 7 2x sin(j 2cos(jx) |
a; == [ xcos(jx)dx = 25MUX) | 2c08(jx)
I T Jo T

_ 2c08(jm) -2 _ 2((—=1)/ = 1)
n w2 B mj?

for j=1,23, ...
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Since ({(—1)Y — 1) = 0 when J is even, the cosine series will involve only the odd terms.
The odd coefficients have the pattern
-4 —4 -4
a) = —, a3 = as = —,
| 3 5= 252

P 73
The coefficient ag is obtained by the separate calculation
ag=zfnxdx=f-2—in=zr.
T Jo 7 lo
Therefore, we have found the desired coefficients in (12). =
Proof of Euler’s Formulas for Theorem 5.5.  The following heuristic argument as-

sumes the existence and convergence of the Fourier series representation. To deter-
mine ag, we can integrate both sides of (7) and get

f fx)dx -_-] (%‘1 + Y (ajcos(jx) + by sin(jx))) dx
—-m —n j=l

(13) T apg > ” >
= —dx+ Zaj[ cos(jx)dx-{—ijf sin(jx) dx
j=l - j=!

—x —=
=may+0+0.

Justification for switching the order of integration and summation requires a detailed
treatment of uniform convergence and can be found in advanced texts. Hence we have
shown that

1 n
(14) ag = — fx)ydx.
T J—x
To determine a,,, we let m > 0 be a fixed integer, multiply both sides of (7) by
cos(mx}, and integrate both sides to obtain

(15)

k4 x > T
f(x)cos(mx)dx = % f cos(mx)dx + Zaj / cos(jx)cos(mx)d.
—r - j=l1 -

00 b4
+ ij f sin(jx) cos(mx) dx.
j=1 -

Equation (15) can be simplified by using the orthogonal properties of the trigonometric
functions, which are now stated. The value of the first term on the right- hand side
of (15} is

. .
(16) % cos(mx) dx = o sinmx) i
2m —-x

-

=0.
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The Yalue of the term involving cos(jx) cos(mx) is found by using the trigonometric
identity

an cos(jx) cos(mx) = % cos((j +m)x) + %cos((j —m)x).

When j # m, then (17) is used to get

r
. 1 i
aj-f cos(jx)cos(mx)dx = —ﬂjf cos((j +m)x)dx
—x 2 _
(18) "
l b g
+ zajf cos({(j —m)x)dx =04+0=0.

When j = m, the value of the integral is

(19) amf cos(jx)cos(mx) dx = a,x.

-

T_he value of the term on the right side of (15) involving sin{ jx) cos(mx) is found
by using the trigonometric identity

C . 1
(20 sin(jx) cos(mx) = 3 sin((j + m)x) + % sin((j — m)x).

For all values of j and m in (20), we obtain

bjf sin(jx) cos(mx)dx = lbjf sin((f + m)x) dx
—r 2 _
Q) L
+§bjf sin{(j —m)x)dx =0+0=0.

b4

'tf:;refore, using the results of (16), (18), (19}, and {21) in equation (15), we conclude

ki 4

22) Tdy, = f{x)cos(mx)dx, form=1, 2, ....

-
Therefore, Euler's formula (5) is established. Euler's formula (6) 1s proved
simfiarly. .

Trigonometric Polynomial Approximation
Definition 5.4 (Trigonometric Polynomial). A series of the form

M
@3) Ty (x) = 529 + ;(a,- cos(jx) + by sin(jx))

i called a trigonometric polynomial of order M. A
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Theorem 5.8 (Discrete Fourier Series). Suppose that {(x}, yj)] g are N+1 pomis
where y; = f(x;), and the abscissas are equally spaced:

2jm
24 — 7
(24) Xj T+

If f(x) is periodic with period 27 and 2M < N, then there exists a trigonometric
polynomial T37(x) of the form (23) that minimizes the quantity

for j=0,1, ..., N.

(25) :E(f(xk) — Ta (xe))?.
=l
The coefficients a; and b; of this polynomial are computed with the formulas
2 N
(26) aj = F;f(xk)cos(jxk) for j=0,1,..., M,
and
2 N
2N bj = WZ: (xo)sin(xg) for j=1,2, ..., M.

Although formulas (26) and (27) are defined with the least-squares procedure, they
can also be viewed as numerical approximations to the integrals in Euler’s formulas (5)
and (6). Euler’s formulas give the coefficients for the Fourier series of a continuous
function, whereas formulas (26) and (27) give the trigonometric polynomial coeffi-
cients for curve fitting to data points. The next example uses data points generated by
the function f(x) = x/2 at discrete points, When more points are used, the trigono-
metric pelynomial coefficients get closer to the Fourier series coefficients.

Example 5.15. Use the 12 equally spaced points x; = —m + kx /6, fork =1,2,..., 12,
and find the tngonometric polynomial approximation for M = 5 to the 12 data points
{(xk, f (xk))}k_l, where f(x) = x/2. Also compare the results when 60 and 360 points
are used and with the first five terms of the Fourier series expansion for f(x) that is given
in Example 5.13.

Since the periodic extension is assumed, at a point of discontinuity, the function value
f () must be computed using the formula

fa™)y+ flah) _wf2—m/2
2 - 2
The function f(x) is an odd function; hence the coefficients for the cosine terms are all
zero (i.e., a; = 0 for ail j). The trigonometric polynomial of degree M = 5 involves only
the sine terms, and when formula (27) is used with (28), we get
Ts (x) = 0.9770486 sin(x) — 0.4534498 sin(2x) + 0.26179938 sin(3x)
—0.1511499 sin(4x) + 0.0701489 sin(5x).

=0.

(28} Sy =

(29}
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15} y=Tsx) °
10}

05+

-0.5

-10F

° -1.5F

Figure 5.20 The trigonometric polynomial T5(x) of degree
M =35, based on 12 data points that lie on the line y = x/2.

Table 5.9 Comparison of Trigonometric Polynomial Coefficients for
Approximations to f{x) = x/2 over [—-x, &}

Trigonometric polynomial coefficients Fourier seies
12 points 60 points 360 points coefficients
by 0.97704862 0.99908598 0.99997462 1.0
by | —0.45344984 —0.49817096 —0.49994923 0.5
b3 0.26179939 0.33058726 0.33325718 0.33333333
by | —0.15114995 —0.24633386 —0.24989845" -0.25
bs 0.07014893 0.19540972 0.19987306 0.2

The following program constructs matrices A and B that contain the coefficients a;
and b}, respectively, of the trigonometric polynomial (23) of order M.

The graph of T5(x) is shown in Figure 5.20.
The coefficients of the fifth-degree trigonometric polynomial change slightly when the
number of interpolation points increases to 60 and 360. As the number of points increases,
they get closer to the coefficients of the Fourier series expansion of f(x). The results are

compared in Table 5.9.
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Program 5.4 (Trigonometric Polynomials). To construct the trigonometric poly-
nomial of order M of the form

Px) == +Z(a, c0s(jx) + b; sin(jx))
j=1

based on the N equally spaced values x; = —x +2mk/N, fork=1,2,..., N. The
construction is possible provided that 2M + 1 < N.

function [4,Bl=tpcoeff(X,Y,M)

%Input - X is a vector of equally spaced abscissas in [-pi,pil
% - Y is a vector of ordinates

% - M is the degree of the trigonometric polynomial
%0utput - A is a vector containing the coefficients of cos{(jx>
% - B is a vector containing the coefficients of sin(jx)

N=length(X)-1;
max1l=fix{((N-1)/2);
if M>maxl
M=max1;
end
A=zeros(1,M+1);
B=zeros(1,M+1);
Yends={Y{1)+Y(N+1))/2;
Y(1)=Yends;
Y(N+1)=Yends;
A(1)=sum(Y);
for j=1:M
A(j+1)=cos(j*X)*Y’;
B(j+1)=sin{(j*X)*Y’;
end
A=2#A/N;
B=24B/N;
A(1)=A01)/2;

The following short program will evaluate the trigonometric polynomial Plx) of
order M from Program 5.4 at a particular value of x.

function z=tp(4,B,x,M)

z=A{1);
for j= 1:M

z=z+A (j+1)*cos (j*x)+B(j+1) *sin(j*x);
end
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For example, the following sequence of commands in the MATLAB command
window will produce a graph analogous to Figure 5.20.
>>x=-pi:.01:pi;
>>y=tp(4,B,x,M};
>>plot(x,y,X%,Y,’0")

Exercises for Fourier Series and Trigonometric Polynomials

In Exercises 1 through 5, find the Fourier series representation of the given function,
Hint. Follow the procedures outlined in Examples 5.13 and 5.14. Graph each function
and the partial sums S7(x), S3(x), and S4{x) of its Fourier series representation on the
same coordinate system (see Figure 5.19).

L f(x) = [

-1 for —-m<x<0 +x for -m<x<0

F—x for0sx<m

2, f(x)-{

1 for0O<x<m

-1 for%<x<1r
4. f(x)y= 1 forle<x<§
~1 for —r <x < F

0 for —m<x<0

3 fx)= [x

for0<x<nm

—r —x for -—Jrsx<_2—”
S fx)= x for i<x<-’21
n—X for <X <
6. In Exercise 1, set x = :r/2 and show that

A
-1 LI

4 3°5
7. In Exercise 2, set x = 0 and show that
LATR NS +5 Ly
8 32" 52 )

8. Find the Fourier cosine series representation for the periodic function whose defini-
tion on one period is F{x) = x2/4 where -7 < x < 7.

9. Suppose that f(x) is a periodic function with period 2P; that is, f(x +2P) = f(x)
for all x. By making an appropriate substitution, show that Euler’s formulas (5) and
(6) for f are

1 P
ag = —/ flx)ydx

8; = +f f(x)cos(iF—) dx for j=1,2, ...

b= mf f(x)sm(j—P—) for j=1,2,....
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In Exercises 10 through 12, use the results of Exercise 9 to find the Fourier series rep
resentation of the given function. Graph f(x), S4(x), and Ss(x) on the same coordinat

system.
—1 for -3 <x<-—I Table 5,10  Data for Problem 5
0 for -2<x<0 _
10. f(x)= {1 for 0<x <2 11. f(x)=4¢Ix| for ~-l<x <1 Time, p.m. Degrees Time, a.m. Degrees
- I forl<x<3
1 66 1 58
12. f(x)=—x2+9 for ~3<x <3 2 66 2 58
3 65 3 58
13. Prove Theorem 5.6. 2 4 " P
14. Prove Theorem 5.7. 5 63 5 57
6 63 6 57
7 62 7 57
. 8 61 8
Algorithms and Programs 9 s . 2(8,
10 60 10 64
1. Use Program 5.4 with N = 12 points and follow Example 5.15 to find the trigono 11 59 11 67
metric polynomial of degree M = 5 for the equally spaced points {(x;, f (xk))}}‘il. Midnight 58 Noon 68
where f{x) is the function in (a) Exercise 1, (b) Exercise 2, (¢) Exercise 3, and
(d) Exercise 4. In each case, produce a graph of f(x), T5(x}, and {(x, f(xk))]}(il
on the sarme coordinate system.
2. Use Program 5.4 to find the coefficients of T5(x) in Example 5.15 when first 60 and
then 360 equally spaced points are used.
3. Modify Program 5.4 so that it will find the trigonometric polynomial of period 2P =
b — a when the data points are equally spaced over the interval [a, b].
4. Use Program 5.4 to find Ts(x) for (a) f(x) in Exercise 10, using 12 equally spaced Table 5.11  Data for Problem 6
data points, and (b) £ (x) in Exercise 12, using 60 equally spaced data points. In eacl
case, graph Ts(x) and the data points on the same coordinate system. Calendar date | Average degrees
5. The temperature cycle (Fahrenheit) in a suburb of Los Angeles on November 8 i Jan. 1 -14
given in Table 5.10. There are 24 data points. Jan. 29 -9
(a) Find the trigonometric polynomial T7(x). ) f;:: 222 1§
(b) Graph 7T7(x) and the 24 data points on the same coordinate system. Apr.b23 35
(¢) Repeat parts (a) and (b) using temperatures from your locale. May 21 52
June 18 62
6. The yearly temperature cycle (Fahrenheit) for Fairbanks, Alaska, is given in Ta July 16 63
ble 5.11. There are 13 equally spaced data points, which correspond to a measuremen Aug. 13 58
every 28 days. Sept. 10 50
(a) Find the trigonometric polynomial Tg(x). N »
(b} Graph Tg(x) and the 13 data points on the same coordinate system. Dec. 3 -5




Numerical Differentiation

Formulas for numerical derivatives are important in developing algorithms for solv-
ing boundary value problems for ordinary differential equations and pfaxtial Fliffcrer?-
tial equations (see Chapters 9 and 10). Standard examples of numerical differenti-
ation often use known functions so that the numerical approximation can be com-
pared with the exact answer. For illustration, we use the Bessel function Jy(x), whose
tabulated values can be found in standard reference books. Eight equally spa;ed
points over [0, 7] are (0, 0.0000), (1, 0.4400), (2, 0.5767), (3, 0.3391), (4, —0.0660).

y y
0.6+ 0.6
04 [~ ’: 0'4

s LY
0.2 s-’n' ‘\‘ 02
: ‘\
! I L = I 1 4’_L x
1 2 3 N 5 6,7
02} N S 02
04} T 04

(a) ()

Figure 6.1 (a) The tangent to pa(x) at (2, 0.5767) with slope p§(2) = —0.0505.
(b) The tangent to p4(x) at (2, 0.5767) with slope p;;(2) = —0.0618.

6.1
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(5, —0.3276), (6, —0.2767), and (7, —0.004). The underlying principle is differentia-
tion of an interpolation polynomial. Let us focus our attention on finding J{(2). The
interpolation polynomial p>(x) = —0.0710 + 0.6982x — 0.1872x? passes through the

three points (1, 0.4400), (2, 0.5767), and (3, 0.3391) and is used to obtain J{(2) =~

p’2(2) = —0.0505. This quadratic polynomial p(x} and its tangent line at (2, J;(2))

- are shown in Figure 6.1(a). If five interpolation points are used, a better approximation

can be determined. The polynomial p4(x) = 0.4986x+0.011x2—0.0813x°4+0.0116x*

~passes through (0, 0.0000), (1, 0.4400), (2, 0.5767), (3,0.3391), and (4, —0.0660)

and is used to obtain J{(2) = p;(2) = —0.0618. The guartic polynomial p,(x) and its
tangent line at (2, J1(2)) are shown in Figure 6.1(b). The true value for the derivative
is J/(2) = —0.0645, and the errors in pz(x) and p4(x) are —0.0140 and —0.0026,
respectively. In this chapter we develop the introductory theory needed to investigate
the accuracy of numerical differentiation.

Approximating The Derivative

The Limit of the Difference Quotient

We now turn our attention to the numerical process for approximating the derivative
of f(x):

o fE R - )
{n f(X)_gl—rR]—h—“-

The method seems straightforward; choose a sequence {k;} so that #; — 0 and com-
pute the limit of the sequence:

_ S = £

@ Dy I

for k=12, ...,n, ....

The reader may notice that we will only compute a finite number of terms Dy, Dy, ...,
Dy in the sequence (2), and it appears that we should use Dy for our answer. The
following question is often posed: Why compute Dy, Dy, ..., Dy_1? Equivalently,
we could ask: What value 4 5 should be chosen so that Dy is a good approximation to

the derivative f'{x)? To answer this question, we must look at an example to see why

there is no simple solution.

For example, consider the function f(x) = ¢* and use the step sizes A = 1,
1/2, and 1/4 to construct the secant lines between the points (0, 1) and (&, f(h)),
respectively. As & gets small, the secant line approaches the tangent line as shown in
Figure 6.2. Although Figure 6.2 gives a good visualization of the process described
in (1), we must make numerical computations with h = 0.00001 to get an acceptable
numerical answer, and for this value of 4 the graphs of the tangent line and secant line
would be indistinguishable.
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y y =fx)
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Table 6.1  Finding the Difference Quotients Dy = (e — &)/ iy

hy fe= f(l+hy) fi—e Dy =(fr—eV hi
H =001 3.004166024 0.285884196 2.858841960
hy =0.01 2.745601015 0.027319187 2.731918700
iy =0.001 2.721001470 0.002719642 2.719642000
hq =0.0001 2.718553670 0.000271842 2.718420000
ks =0.00001 2.718309011 0.000027183 2.718300000
he =109 2.718284547 0.000002719 2.719000000
h7=10"" 2.718282100 0.000000272 2.720000000)
hg=10"2 2.718281856 0.000000028 2,800000000
hg=10"7 2.718281831 0.000000003 3.000000000
ha=10"10 2.718281828 0.000000000 0.000000000

Exampie 6.1. Let f(x) = ¢* and x = 1. Compute the difference quotients Dy, using the
siep sizes by = 10~% fork = 1,2, ..., 10. Carry out nine decimal places in all calculations.

A table of the values f(1 + Az) and (f(1 + ) — f(1))/hy that are used in the
computation of Dy is shown in Table 6.1. =

The largest value #; = 0.1 does not produce a good approximation D) =~ f'(1),
because the step size k) is too large and the difference quotient is the slope of the secant
line through two points that are not close enough to each other. When formula (2) is
used with a fixed precision of nine decimal places, g produced the approximation
Dg = 3 and /o produced Dyp = 0. If Az is too small, then the computed function
values f{x + hg) and f(x) are very close together. The difference f(x + Ay} — f(x)
can exhibit the problem of loss of significance due to the subtraction of quantities
that are nearly equal. The value A9 = 10710 is so small that the stored values of
F{x+hp) and f(x) are the same, and hence the computed difference guotient is zero.
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In Example 6.1 the mathematical value for the limit is f'(1) & 2.718281828. Observe
that the value hs = 10~ gives the best approximation, D5 = 2.7183.

Example 6.1 shows that it is not easy to find numerically the limit in equation (2).
The sequence starts to converge to e, and Ds is the closest; then the terms move away
from ¢. In Program 6.1 it is suggested that terms in the sequence { Dy} should be
computed until | Dy4+1— Dy| = | Dy — Dy—1]. This is an attempt to determine the best
approximation before the terms start to move away from the limit. When this criterion
is applied to Example 6.1, we have 0.0007 = |Dg — Ds| > |D5 — D4 = 0.00012;
hence Ds is the answer we choose. We now proceed to develop formulas that give a
reasonable amount of accuracy for larger values of A.

The Central-difference Formulas

If the function f(x) can be evaluated at values that lie to the left and right of x, then
the best two-point formula will involve abscissas that are chosen symmetrically on both

sides of x.

Theorem 6.1 (Centered Formula of Order O(h?)). Assume that f € C3[a, b] and
thatx — h, x,x + h € [a, b]. Then

ooy SR - fx—h)
3 flxy= h .

Furthermore, there exists a number ¢ = c(x) € [a, b] such that

fO+h)— flx—h)
2h

) fl) =~ + Etrunc(f, b},

where

h2 3
Eirunc(f, h) = “"% = O(hz).

The term E(f, k) is called the truncation error.

Proof ~ Start with the second-degree Taylor expansions f(x) = P2(x) + E2(x), about
x, for f(x +h) and f(x —~ h):

FO(0R? L Oer?

) Fa+h = f@)+ f0h+ 3
and

) 2 3 3
(6) Flx—h) = () — [k R STl

2 3!
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After (6) is subtracted from (5}, the result is

(FP (1) + fOen’

) fa+h—flx=h)=2f(0h+ 3

Since f£{3'(x) is continuous, the intermediate value theorem can be used to find a
value ¢ so that

® F3ep) -;- F3er) = (O,

This can be substituted into (7) and the terms rearranged to yield

o _ SR = fx=h) O
) fl = o -

The first term on the right side of (9) is the central-difference formula (3}, the second
term is the truncation error, and the proof is complete. .

Suppose that the value of the third derivative f©}(¢) does not change too rapidly;
then the truncation error in {(4) goes to zero in the same manner as b2, which is ex-
pressed by using the notation Q(42). When computer calculations are used, it is not
desirable to choose i too small. For this reason it is useful to have a formula for
approximating f’(x) that has a truncation error term of the order o).

Theorem 6.2 (Centered Formula of Order O (h%)). Assume that f € C3[a, b) and
thatx —2h, x —h,x, x +h,x +2h € {a, ). Then

- 2h) + 8 ) —8f(x —h)+ f{x —2h
(10) Filo) ~ flx+2h) +8f(x + 1)2h flx—h)+ flx )

Furthermore, there exists a number ¢ = c¢(x) € [a, &] such that

(1)
) —flx+2n) +8f(x+h)—8f(x —h)+ f(x —2h)
f = 12

+ El:unc(fa hi.

where

1O
30

Proof. One way to derive formula (10) is as follows. Start with the difference betv cen

the fourth-degree Taylor expansions f(x)} = P4(x) + E4(x), aboutx, of f(x + &) and

flx —h)

Equnc(f, h) = = 0(n*).

273 (x)h? + 2SN c1)h?

(1)  fa+m - fa-m=2fh+=— 51
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Then use the step size 24, instead of /, and write down the following approximation:
167D )n® 64N c)h®

3t 5! '
Next multiply the terms in equation (12) by 8 and subtract (13) from it. The terms
involving f** (x} will be eliminated and we get

—f(x+2h) +8f (x +h) ~ Bf(x —h) + f(x — 2h)
(14) G (o) — 64 75 5
= 127 con + 087200 = 64/ Oy

If f®)(x) has one sign and if its magnitude does not change rapidly, we can find a
value ¢ that lies in {x — 2k, x + 2k] so that

(15) 16fP(e1) ~ 641 (cy) = —a8 7P (c).

After (15) is substituted into (14) and the result is solved for f'(x), we obtain
~fx+2m)+8f(x+h) —8f(x —h) + f(x —2h) + F®)n?

(13) Fx+2h) — fix —2R) =4f (x)h +

16) Fi(x) =
e 12k 30
The first term on the right side of (16) is the central-difference formula (10), and
the second term is the truncation error, the theorem is proved. .

Suppose that | f©)(c)| is bounded for ¢ € [a, b]; then the truncation error in (11)
goes to zero in the same manner as 4%, which is expressed with the notation O (h%).
Now we can make a comparison of the two formulas (3) and (10). Suppose that f(x)
has five continuous derivatives and that | f®(c)| and | £ (c}| are about the same.
Then the truncation error for the fourth-order formula (10) is O(4*) and will go to
zero faster than the truncation error O (h2) for the second-order formula (3). This
permits the use of a larger step size.

Example 6.2. Let f(x) = cos(x)
(a) Use formulas (3) and (10) with step sizes A = 0.1, 0.01, 0.001, and 0.0001, and cal-
culate approximations for f*(0.8). Carry nine decimal places in all the calculations.

(b) Compare with the true value £(0.8) = — sin(0.8).
ta) Using formula (3) with 4 = 0.01, we get

fO81) — £(0.79) _ 0.689498433 — (.703845316
0.02 Az 0.0 a2 —{.717344150.

Using formuta (10) with % = 0.01, we get

F0.8)~ L0082 +8f <°-SL) ;28f(0.79) + £(0.78)

~ —0.682221207 + 8(0.689498433) — 8(0.703845316) + 0.710913538
0.12

f(0.8) =

"z —0.717356108.
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Table 6.2 Numerical Differentiation Using Formulas (3) and (10)

Step Approximation by Error using Approximation by Error using
size formula (3) formula (3) formula (10) formula (10)
0.1 —0.716161095 —0.001194996 —0.717353703 —0.000002389.
0.01 —0.717344150 —0.000011941 —0.717356108 0.000000017
0.001 —0.717356000 —0.000000091 ~0.717356167 0.00000007 6
0.0001 —0.717360000 —0.000003909 —0.717360833 0.00000474 2

(b) The error in approximation for formulas (3) and (10) tumns out to be —0.000011941 «nd
0.000000017, respectively. In this example, formula (10) gives a better approximation to
£'(0.8) than formula (3) when & = 0.01. The error analysis will illuminate this exampie
and show why this happened . The other calculations are summarized in Table 6.2. u

Error Analysis and Optimum Step Size

An important topic in the study of numerical differentiation is the effect of the com-
puter’s round-off error. Let us examine the formulas more closely. Assume that a
computer is used to make numerical computations and that

SGo—hy=y_1+e and flxo+h) =y +ei,

where f(xo—h) and f(xp -+ &) are approximated by the numerical values y_| and y)
and e_; and e are the associated round-off errors, respectively. The following resuit
indicates the complex nature of error analysis for numerical differentiation.

Corollary 6.1(a). Assume that f satisfies the hypotheses of Theorem 6.1 and use the
computational formula

(17) fl(xo) = %

The error analysis is explained by the following equations:

1= Y-1

y Y
(18) fxg)y= o + E(fih)

where
E(f, h) = Eround(fv h) + Etrunc(ﬁ h)
(19 _ei—er RO
T 2k 6

where the total error term E(f, k) has a part due to round-off error plus a part due -
truncation error.
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Corollary 6.1(b). Assume that f satisfies the hypotheses of Theorem 6.1 and that nu-
merical computations are made. If |e_|| < ¢, |e]| < €,and M = maxg <y <p{| £ ()1},
then

€ Mh?
(20 E(f h)| < — 4+ ——,
) EGPI< 5+ —

and the value of / that minimizes the right-hand side of (19) is

1/3
21) h= (3_5) ,
M

When h is small, the portion of (19) involving (¢; — €_1)/2h can be relatively
large. In Example 6.2, when h = 0.0001, this difficulty was encountered. The round-
off errors are

£(0.8001) = 0.696634970 + ¢, where 1 =~ —0.0000000003
£(0.7999) = 0.696778442 + e_;  where e_; ~ 0.0000000005.
The truncation error term is
—h2 O sin(0.8
__% ~ _(0.0001)'-’-( “(6 )) ~ 0.000000001.

The error term E( £, k) in (19) can now be estimated:

—0.0000000003 — 0.0000000005
E(f h)~ 0.0002 — 0.000000001

= —0.000004001.

Indeed, the computed numerical approximation for the derivative using h = 0.0001
is found by the calculation

F0.8) ~ f(0.8001) — £(0.7999)  0.696634970 — 0.696778442
) 0.0002 = 0.0002
= —0.717360000,

and a loss of about four significant digits is evident. The error is —0.000003909 and
this is close to the predicted error, —0.000004001.

When formuia (21) is applied to Example 6.2, we can use the bound | 3 (x)| <
Isin(x)] < 1 = M and the value ¢ = 0.5 x 10~ for the magnitude of the round-

off error. The optimal value for & is easily calculated: & = (1.5 x 10~%/1)1/2 =

0.001144714. The step size h = 0.001 was closest to the optimal value 0.001144714
and it gave the best approximation to f/(0.8) among the four choices involvin% for-
mula (3) (see Table 6.2 and Figure 6.3).

An error analysis of formula (10) is similar. Assume that a computer is used to
‘make numerical computations and that f(xp + k) = y; + e;.
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Error bound
4% 1076
2x 108
Figure 6.3 Finding the optimum
step size & = 0.001144714 when

L 4 k  formula (21) is applied to f(x) =
0.002 0.004 cos(x} in Example 6.2.

Corollary 6.2(z). Assume that f satisfies the hypotheses of Theorem 6.2 and usc: the
computational formula

—-y2+ 8y —8y_1+y2
12k '

(22) f'(xg) =

The error analysis is explained by the following equations:

-2+ 8y~ 8y_1+y-2

(23) flixg) = A +E(f, )
where
E(f- h) = Emund(ﬁ h) + Etmnc(f- h)
(24) _ —e2+ 8e) —8e_1+e—3 + h4f(5)(c)
- 12h 30

where the total ervor term E(f, 2) has a part due to round-off error plus a part due to
truncation error.

Corollary 6.2(b). Assume that f satisfies the hypotheses of Theorem 6.2 and that
numerical computations are made. If |ex| < € and M = max,<<»{| f > (x)|}. ther

E h)|<36+Mh“
(25) lE(f, <5t 30

and the value of A that minimizes the right-hand side of (25) is

45¢ 1/5
(26) h=(m) .
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Error bound

4x 1077 |

2x 1077 +

1 1 L h
0.02 0.04 0.06
Figure 6.4 Finding the optimum step size
h = 0.022388475 when formula (26) is applied to
S (x) = cos(x) in Example 6.2.

When formula (25) is applied to Example 6.2, we can use the bound | O <
Isin(x)] < 1 = M and the value ¢ = 0.5 x 10~ for the magnitude of the round-
off error. The optimal value for k is easily calculated: h = (22.5 x 10~°/4)!/5 —
0.022388475. The step size & = 0.01 was clpsest to the optimal value 0.022388475,
and it gave the best approximation to f7(0.8) among the four choices involving for-
mula (10) (see Table 6.2 and Figure 6.4).

We should not end the discussion of Example 6.2 without mentioning that numer-
ical differentiation formulas can be obtained by an alternative derivation. They can
ke derived by differentiation of an interpolation polynomial. For example, the La-
grange form of the quadratic polynomial pa(x) that passes through the three points
1.7, c0s(0.7)), (0.8, cos(0.8)), and (0.9, c0s(0.9)) is

p2(x) = 38.2421094(x — 0.8)(x ~ 0.9) — 69.6706709(x ~ 0.7){(x —0.9)
+ 31.0804984(x — 0.7){x — 0.8).

il:: polynomial can be expanded to pbtain the usual form:

p2(x) = 1.046875165 — 0.159260044x — 0.348063157x2.
/A ~rnilar computation can be used to obtain the quartic polynomial p4(x) that passes
thivngh the points (0.6, cos(0.6)), (0.7, cos(0.7)), (0.8, cos(0.8)), (0.9, c0s(0.9)), and
vl cos(1.0)):

pa(x}) = 0.998452927 + 0.009638391x — 0.523291341x2
+0.026521229x> + 0.028981100x4.
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10k Ne_.’ ¥ = cos(x)

(@) (&)
Figure 6.5 (a) The graph of y = cos(x) and the interpolating polynomial ps(x} usc

to estimate f'(0.8) ~ p,(0.8) = —0.716161095. (b) The graph of ¥y = cos(x) and the
interpolating polynomial p4{x) used to estimate f(0.8) ~ p}(0.8) = —0.717353703.

When these polynomials are differentiated, they produce p5(0.8) = —0.716161095
and p;(O.S) = —().717353703, which agree with the values listed under h = 0.1 in
Table 6.2. The graphs of pa(x) and p4(x) and their tangent lines at (0.8, cos(0.8) are
shown in Figure 6.5(a) and (b), respectively.

Richardson’s Extrapolation

In this section we emphasize the relationship between formulas (3) and (10). [
fi = flxx) = flxg + kh), and use the notation Do(k) and Do(2h) to denot. hi

approximations to f’(xp) that arc obtained from (3) with step sizes h and 24, respec
tively:

(27) f'(x0) = Do(h) + Ch?
and
(28) F/(x0) = Do(2h) + 4Ch2,

If we multiply relation (27) by 4 and subtract relation (28) from this product. the*i the
terms involving C cancel and the result is
dh-f) oS

2h 4n

(29) 3£ (x0) =~ 4Dp(h) — Dp(2h) =

Next solve for f/(xo) in (29) and get

4Dg(k) — 2h —f+8f—8fa+ f-
(30) Fxo) ~ DO()sDO( ) _ f2 fllzhfl fz‘

The last expression in {30) is the central-difference formula (10).
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Example 6.3, Let f(x) = cos(x). Use (27) and (28) with # = (.01, and show how the
lincar combination (4Dg{h) — Dg{2k))/3 in (30) can be used to obtain the approximation
to f'(0.8) given in (10). Carry nine decimal places in al! the calculations.

Use (27) and (28) with h = 0,01 to get

F0.81) ~ £(0.79)  0.689498433 — 0.703845316

Dyo(h) =~ ~y
o(h) 002 TR
=~ —0.717344150
and
Do2h) ~ F(0.82) — £(0.78) ~ 0.682221207 — 0.710913538

0.04 0.04
~ —(1.717308275.

Now the linear combination in (30) is computed:

4Do(h) ~ Do(2k) _ 4(—0.717344150) — (—0.717308275)
3 3
~ ~0.717356108.

£10.8) ~

This is exactly the same as the solution in Example 6.2 that used (10) directly to apptoxi-
marg £(0.8). .

The method of obtaining a formula for f/(xp) of higher order from a formula of
lower order is called extrapolation. The proof requires that the error term for (3) can
be expanded in a series containing only even powers of 4. We have already seen how
te use step sizes & and 2k to remove the term involving #2. To see how A* is removed,
et Dy(h) and Dy (2k) denote the approximations to f’(xp) of order O (h*) obtained
with formula (16} using step sizes 4 and 2k, respectively. Then

v~ +8A—Bf i+ faa N 4
@) o= o + =55 ~ Di() + Ch
and
_ — 4 £(5)
G Fag = B8t fa MRS o4 tecn,

12h 30

Suppose that £ (x) has one sign and does not change too rapidly; then the assump-
ton that 9(c;) = FO¥(c2) can be used to eliminate the terms involving 4% in (31)
and (32), and the result is

16D, (h) — D1(2h)

@3» fixo) = G

“The general pattern for improving calculations is stated in the next result.
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Theorem 6.3 (Richardson's Extrapolation). Suppose that two approximations of
order O (h%*) for f'(xo) are Dy_1(k) and Di_;(2h) and that they satisfy

(34) F'(x0) = Di—i(h) + c1h® + b2 4. ..
and
(35) F(xp) = D=y (2h) + dFc % + a¥H 42 o

Then an improved approximation has the form

4 Dg_1(h) — Dy_1(2h)

T + Ogh%+2y

(36)  f(x0) = Dp(h) + O(h**%) =

The following program implements the centered formula of order Q (h%), equi-
tion (3), to approximate the derivative of a function at a given point. A sequence ¢!
approximations { D¢} is generated, where the centered interval for Dy, | is one-tenth as
long as the centered interval for Dg. The output is a matrix L=[H”> D’ E’], where H
is a vector coniaining the step sizes, D is a vector containing the approximations to the
derivative, and E is a vector containing the error bounds. Note. The function f need-
to be input as a string; that is, *£’.

Program 6.1 (Differentiation Using Limits). To approximate f'(x) numerically
by generating the sequence

_ Flx+107ERry — fx — 107*h)

flx)~ Dy = RS for k=0, ..., n

until |Dy 4} — Dy) = | Dy — Dy_y] 011Dy — Dy 1| < tolerance, which is an attempt
to find the best approximation f'(x) =~ D,.

function [L,n]l=difflim(f,x,toler)
‘/.Inpuf - f is the function input a8 a string £’

% - X is the differentiation point

% - toler is the tolerance for the error
%Output-L=[H> D’ E’]:

% H is the vector of step sizes

% D is the vector of approximate derivatives

% E is the vector of error bounds

% - n is the coordinate of the ‘‘best approximation’’
maxl=15;

h=1;

H{1)=h;

D(1)=(feval (f,x+h)-feval{f,x-h))/(2+h);
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E(1)=0;
R(1)=0;
for n=1:2
h=h/10;
H(n+1)=h;
D{n+1)=(feval(f,x+h)-feval (f,x~h))/(2#h);
E{(n+1)=abs (D(n+1)-D(n));
R(n+1)=2+E(n+1) *(abs (D(n+1) }+abs(D{(n) ) +eps) ;
end
n=2;
while{(E(n)>E{n+1) Y2 (R(n)>toler) ) &n<maxl
h=h/10;
H(n+2)=h;
D(n+2)=(feval (f,x+h)-feval(f,x-h))/(2%h};
E(n+2)=abs(D(n+2)-D(n+1));
R{n+2)=2+E{n+2)* (abs(D{n+2) Y +abs(D{n+1) }+eps) ;
n=n+i;
end
n=length(D)-1;
L=[H’ D’ E’];
Program 6.2 implements Theorem 6.3 {Richardson’s extrapolation). Note thag, the
expression for the elements in row j is algebraicalty equivalent to formula (36).

Program 6.2 (Differentiation Using Extrapolation). To approximate f'(x) nu-
merically by generating a table of approximations D(j, k} for k < j, and using
f'(x) & D(n,n) as the final answer. The approximations D(J, k) are stored ina
lower-trianguiar matrix. The first column is

fx+277n) - flx— 2~7h)
2~i+ip

D(j, 0=

and the elements in row j are

DG, k-1)-D(j-1Lk—-1

DUk =D, k-1)+ yT for 1<k=<]j

function [D,err,relerr,n]=diffext(f,x,delta,toler)
%Input -f is the function input as a string °f’

% - delta is the tolerance for the error

% - toler is the tolerance for the relative error
%Output - D is the matrix of approximate derivatives

% - err is the error bound
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h
h

- relerr is the relative error bound
~ n is the coordinate of the ‘‘best approximation’’

err=1; .

relerr=1;

h=1;

j=1;

D(1,1)=(feval{f,x+h)-feval (f,x-h) )/ (2%h);
while relerr>toler & err>delta &j<12

h=h/2;

D(j+1,1)=(feval (f,x+h)-feval(f,x-h)}/(2%h);

for k=1:j
D{j+1,k+1)=D(j+1,k)+(D(j+1,k)-D(j,k))/{(4"k)-1);

end

err=abs(D(j+1,j+1)-D(j,j));

relerr=2%err/(abs(D(j+1,j+1))+abs(D(j,j) }+eps);

j=j+1;

end
[n,n]=size(D};

Exercises for Approximating The Derivative

1. Let f(x) = sin{x), where x is measured in radians.

(a) Calculate approximations to f”(0.8) using formula (3) with 2 = 0.1, # = 0.01,
and # = 0.001. Carry eight or nine decimal places.

(b) Compare with the value f'{0.8) = cos(0.8).

(¢) Compute bounds for the truncation error (4). Use

17 CNe)| < cos(0.7) = 0.764842187

for all cases.

. Let f(x)=¢".

(a) Calculate approximations to f'(2.3) using formula (3} with 2 = 0.1, & = (
and A = 0.001. Carry eight or nine decimal places.

{b) Compare with the value f7(2.3) = £23.

(¢} Compute bounds for the truncation error (4). Use

LF ()| < €24 ~ 1102317638

for all cases.
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3. Let f(x) = sin(x), where x is measured in radians.

(a) Calculate approximations to f’(0.8) using formula (10) with s = 0.1 and /2 =
0.01, and compare with f/(0.8) = cos(0.8).

{b) Use the extrapolation formula in (29) to compute the approximations to f'(0.8)
in part (a).

(¢) Compute bounds for the truncation error (11). Use

£ ()| < cos(0.6) ~ 0.825335615

for both cases.

. Let fx) = €*.

(a) Calculate approximations to f'(2.3) using formula (10) withh = 0.1 and h =
0.01, and compare with £/(2.3) = ¢*°.

(b) Use the extrapolation formula in (29) to compute the approximations to f'(2.3)
in part (a).

(¢) Compute bounds for the truncation error (11). Use

1F®(0)] < e2® ~ 12.18249396
for both cases.

. Compare the numerical differentiation formulas (3) and (10). Let f{x} = x° and find

approximations for f'(2).

(a) Use formula (3) with » = 0.05.

(b} Use formula (10) with A = 0.05.

(¢) Compute bounds for the truncation errors (4} and (11).

. (a) Use Taylor’s theorem to show that

B2 f@(c)

—

(b) Use part (a) to show that the difference quotient in equation (2) has error of
order O(h) = ~hfP(c)/2.

(¢) Why is formula (3) better to use than formula (2)?

fx+h) = fxy+hf'(x)+ whete |c — x| < h.

. Partial differentiation formulas. The partial derivative f;(x, y) of f{(x, y) with re-

spect to x is obtained by holding y fixed and differentiating with respect to x. Simi-
larly, fy{x, y) is found by holding x fixed and differentiating with respect to y. For-
mula (3) can be adapied to partial derivatives

_fa+hy)—fx—hy)
frlx, yy = A

(i _ —
£, y) = f(x.y-i-h)Z}tf(x,y h)

(a) Let f(x,y) = xy/(x + y). Calculate approximations to f;(2,3) and f,(2, 3)
using the formulas in (i) with A = 0.1, 0.01, and 0.001. Compare with the
values obtained by differentiating f (x, v) partially.

+ 0D,

+ 0.




326 CHAP. 6 NUMERICAL DIFFERENTIATION

(b) Letz = f(x,y) = arctan(y/x) where z is in radians. Calculate approxim:tions
to fy(3,4) and fy(3,4) using the formulas in (i) with = 0.1, 0.01, and 0.001.
Compare with the values obtained by differentiating f(x, y) partially.

8. Complete the details that show how (33) is obtained from equations (31) and (32}
9. (a) Show that (21} is the value of 4 that minimizes the right-hand side of (20).
(b) Show that (26) is the value of h that minimizes the right-hand side of (25).

10. The voltage E = E(t) in an electrical circuit obeys the equation E(t) = L(d/d11 +
RI(t), where R is resistance and L is inductance. Use I = 0.05 and R = _ und
values for 7 (t) in the table following.

! I
10| 822717
1.1 7.2428
1.2 ] 5.9908
1.3 4.5260
1.4 29122

(a) Find I'(1.2) by numerical differentiation, and use it to compute E(1.2).
(b) Compare your answer with () = 10e™/1%gin(2s).
11. The distance D = D(¢) traveled by an object is given in the table following.

H D(n)

8.0 17.453
9.0 21.460
10.0 | 25.752
11.0 | 30.301
12.0 | 35.084

(a) Find the velocity V(10) by numerical differentiation.
{b) Compare your answer with D{t) = —70 + 7t + 70e~"/10,

12. Let f{(x) be given by the table following. The inherent round-off error has the bound
lex] < 5 x 1076, Use the rounded values in your calculations.

x | f{x) = cos(x)

1100 0.45360
1.190 0.37166
1.199 0.36329
1.200 0.36236
1.201 0.36143
1.210 0.35302
1.300 0.26750
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(a) Find approximations for f/(1.2) using formula (17) with & = 0.1, A = 0.01,

and & = 0.001.

(b) Compare with f'(1.2) = —sin(1.2) = —0.93204.
(¢) Find the total error bound (19) for the three cases in part (a).

Let f(x) be given by the table following. The inherent round-off error has the bound
jex] =5 x 1078, Use the rounded values in your calculations.

x| fx)=1In(x)
2.900 1.06471
2.990 1.09527
2.999 1.09828
3.000 1.09861
3.001 1.09895
3.010 1.10194
3.100 1,13140

(a) Find approximations for f’(3.0) using formula (17) with £ = 0.1, A = 0.01.

and # = 0.001.

(b) Compare with £'(3.0) =  ~ 0.33333.
(c) Find the total error bound (19) for the three cases in part (a).

Suppose that a table of the function f (xx) is computed where the values are rounded
off to three decimal places and the inherent round-off error is 5 x 107*. Also, assume
that | f®(c)] < 1.5and | F(c)| < 1.5.

(a) Find the best step size £ for formula (17).

(b) Find the best step size # for formula (22).

Let f(x) be given by the table following. The inherent round-off error has the bound
lex| <5 x 107%. Use the rounded values in your calculations.

X

Flx) = cos(x)

1.000
1.100
1.198
1.199
1.200
1.201
1,202
1,300
1.400

0.54030
0.45360
0.36422
0.36329
0.36236
.36143
(.36049
0.26750
0.16997

(a) Approximate f'(1.2) using (22) with & = 0.1 and A = 0.001.
(b} Find the total error bound (24) for the two cases in part (a).
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16. Let f(x) be given by the table following. The inherent round-off ervor has the bound
lex] <5 % 10—, Use the rounded values in your calculations.

(a)
(b)

x| f(x)=In(x}

2.800 1.02962
2.900 1.06471
2998 1.09795
2.999 1.09828
3.000 1.09861
3.001 1.09895
3.002 1.09928
3.100 1.13140
3.200 [.16315

Approximate f'(3.0) using (22) with A = 0.1 and # = 0.001.
Find the total error bound (24) for the two cases in part (a).

Algorithms and Programs

1. Use Program 6.1 to approximate the derivatives of each of the following functions
at the given value of x. Approximations should be accurate to 13 decimal places.
Note. It may be necessary to change the values of max1 and the initial value of h in
the program.

(a)
(b)

(c)
@
(e)

Flx) = 60x% —32x33 4 233x5 — 4762 — 7Ty x = 1/4/3
- VSsinx) ). 1++5
f{x) =tan (cos (———-——l e ))x ==
F(x) = sin(cos(1/x)): x = 1/+/2
in(x3 2 1-435
f(x) =sin(x® —7x* +6x +8); x =
fx) =x*"; x = 0.0001

2

2. Modify Program 6.1 to implement the centered formula (10) of order O(h*). Use this
program to approximate the derivatives cf the functions given in Problem 1. Again,
approximations should be accurate to 13 decimal places.

3. Use Program 6.2 to approximate the derivatives of the functions given in Problem L.
Again, approximations should be accurate to 13 decimal places. Note. It may be
necessary to change the initial values of err, relerr, and h.

SEC. 6.2 NUMERICAL DIFFERENTIATION FORMULAS
Numerical Differentiation Formulas

More Central-difference Formulas

The formulas for f'(xp) in the preceding section required that the function can be
computed at abscissas that lie on both sides of x, and they were referred to as central-
difference formulas. Taylor series can be used to obtain central-difference formulas for
the higher derivatives. The popular choices are those of order O{h?) and O (h?) and are
given in Tables 6.3 and 6.4. In these tables we use the convention that f = f (xo+kh)

fork=-3,-2,-1,0,1,2,3.

For illustration, we will derive the formula for f”(x) of order O (k2) in Table 6.3

Start with the Taylor expansions

2 prt 3603
() fr+h) = £ +hf0x) + f2 () L A fﬁ}"" +h4f;:"" .

Table 6.3 Central-difference Formulas of Order O (h2)

! f- f—l
() = BT
PN L S

-A+2f1—F-2
243
fa—dfi+6fo—4f1+f2
hd

P~

F®(xg) ~

Table 6.4 Central-difference Formulas of Order O (k%)

—H+8f -8+ f 2

! ~
S (xg) 0
Frixgy~ L2t 1651 =00 16/ = /o
1242
FO) (xg) —f3+8H — 13/ +13f_1 —8f 2+ f3
’ B3
fM)(xg) ~ —f3+12f-39f +56f5 — 39 1 +12f 32— f_3

6h?




330 CHAP.6 NUMERICAL DIFFERENTIATION

and
K _ BfOw | r O
2 6 24 -

Adding equations (1) and (2) will eliminate the terms involving the odd derivatives
F1x), ), fOUx), ..

) fa—-h=fx)-hf(x)+

2h2f”(x) + 2h4f{4)(x) el

3 fat+h)+ fx—h)=2fx)+—5 53

Solving equation (3) for f"(x) yields

_fx 4R =2f)+ fx—h) 202f9(x)
N A2 T4
2h4f(6)(x) 2hu—2f(2k)(x)

fix)

4)

If the series in (4) is truncated at the fourth derivative, there exists a valuce « that
lies in [x — &, x + A} so that

fi=2fo+ fa B f9)

(5) o = 120 .

This gives us the desired formula for approximating £ (x):

S1=2fo+ f-i

© f” (x0) = h?

Example 6.4. Let f(x) = cos(x).
{(a) Use formula (6) with # = 0.1, 0.01, and 0.001 and find approximations to " (0.8).
Carry nine decimal places in all calculations.

(b} Compare with the true value f”(0.8) = — co0s(0.8).
(a) The calculation for h = 0.01 is

oo on . F(0.81) — 2£(0.80) + £(0.79)
F(0.8) ~ 5001

.. 0.689498433 — 2(0.696706709) + 0.703845316
0.0001

~ —(,696690000.

(b) The error in this approximation is —0.000016709. The other calculations are sumnii-
rized in Table 6.5. The error analysis will illuminate this example and show why 4 = 0.01
was best. [
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Table 6.5 Numerical Approximations to f”(x) for

Example 6.4
Step Approximation by Error using
size formula (6) formula (6)
h=0.1 —0.696126300 —0.000530409
h=0.01 ~—0.696690000 —0.000016709
h=0.001 —0.696000000 —0.000706709
Error Analysis

Let fr = yx + €x, where e is the error in computing f (xi). including noise in mea-
surement and round-off error. Then formula (6) can be written

—2yo+ ¥y- N
™ fto) = 25T 4 E(fB).

The etror term E (h, f) for the numerical derivative (7) will have a part due to round-
off etror and a part due to truncation error:

e~ 2eg + €~ hzf(4) )

If it is assumed that each error ey is of the magnitude €, with signs that accumulate
erors, and that | £F@ (x)| < M, then we get the following error bound:
4  MA?
(9 BN S o5+ 5
1f k is small, then the contribution 4¢/ h? due to round-off error is large._ When h
i~ large, the contribution M~2/12 is large. The optimum step size will minimize the
quantity

de  MHh?
(i g(h)zﬁ-l"—lz—»

Setting g’(h) = O results in —8¢/h3 + Mh/6 = 0, which yields the equation
h' = 48¢/ M, from which we obtain the optimal value:

48¢\ /4
(1) h=(74—)

\\ hen formula (11) is applied to Example 6.4, use the bound | f*(x)i < | gos(xlf) l <
| == M and the value € = 0.5 x 10~9. The optimal step sizeis b = (24 x107°/1) /4 =
1).01244666. and we sek that & = 0.01 was closest to the optimal value.
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Since the portion of the error due to round off is inversely proportional to the square
of h, this term grows when h gets small. This is sometimes referred to as the step-size
dilemmma. One partial solution to this problem is to use a formula of higher order so
that a larger value of /2 will produce the desired accuracy. The formula for f”(x) of
order O (h*) in Table 6.4 is

~f2+16f1 —-30fo+16f_; — f.2
12h2

(12) flixgy = + E(f. h).

The error term for ( 12) has the form

16¢  h*FOc)

13 E(fh)=—

(13) fh =35+ 5

where c lies in the interval [x — 2h, x + 2k]. A bound for |E(f, k)| is
16 h*M

14 [ C —— —_—

(14) EC. W) < 35 + =55

where | f®(x)| < M. The optimal value for h is given by the formula

\ 1/6
(15) b= (2405 '

M
Example 6.5. Let f(x) = cos(x).
(a) Use formula (12) with s = 1.0, 0.1, and 0.01 and find approximations to f”(0.8).
Carry nine decimal places in all the calculaticns.
(b) Compare with the true value £ (0.8) = — cos(0.8).

(¢j Determine the optimal step size.
{a) The calculation for A = 0.1 is

£7(0.8)
= f(1.0)+ 16£(0.9) — 301 (0.8) + 16 £(0.7) — £(0.6)
0.12
_ —0.540302306 -+ 9.945759488 — 20.90120127 + 12.23747499 — 0.825335615

0.12
= ~0.696705958.

{b) The error in this approximation is —0.000000751. The other calculations are summa-
rized in Table 6.6.

() When formula (15) is applied, we can use the bound If(6)(x)| < |cos(x)! < | = M and
the value e = 0.5 x 10~°. These values give the optimal step size k = (120x 10~%/1)1/6 =
0.070231219 n
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Table 6.6 Numerical Approximations to f”'(x) for

Example 6.5
Step Approximation by Error using
size formula (12) formula (12)
h=10 —0.689625413 —0.007081296
h=0.1 —0.696705958 —0.000000751
h=001 —0.696690000 —0.000016709

Table 6.7 Forward- and Backward-difference Formulas of
Order O(hY)

s —3fotdn—f (forward )
flxo)= 2h difference
Lifo—4fitfa backward )
flao 2h (diﬁ'erence
" ~2f0—5fl +4f2_f3 (forwa.rd )
Fixo)™ h difference
L2fa=5f-1+4f2— fos (backwa.rd )
S h2 difference
—Sfo+18fi—-24p-+14f3—3f4
f(3)(xo) as 3
—1Bfy +24f o —14f 5+ 3f.
f(s)(xo)msfo 8f-1 + f32 f-3+3f 4
2hn
3fg—14fy +26f2 —24f3+11f4 =2
F@ () fo h fzh4 f fa=2S5
3fp—14f_y +26f 3 ~24f 3+ 11f4—2fs
FO (g 20140 e

Generally, if numerical differentiation is performed, only about half the accuracy
of which the computer is capable is obtained. This severe loss of significant digits will
almost always occur unless we are fortunate to find a step size that is optimal. Hence
we must always proceed with caution when numerical differentiation is performed.
The difficulties are more pronounced when working with experimental data, where
the function values have been rounded to only a few digits. If a numerical derivative
must be obtained from data, we should consider curve fitting, by using least-squares
iechniques, and differentiate the formula for the curve.
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Differentiation of the Lagrange Polynomial

If the function must be evaluated at abscissas that lie on one side of Xp, the centra -
difference formulas cannot be used. Formulas for equally spaced abscissas that lie t
the right (or left) of xp are called forward (or backward) difference formulas. Thes.
formulas can be derived by differentiation of the Lagrange interpolation polynomia..
Some of the common forward- and backward-difference formulas are given in Ts-
bie 6.7.

Example 6.6. Derive the formula
2h=5f+4H—- A
h? )
Start with the Lagrange interpolation polynomial for 7(z) based on the four points xg.
X1, x3. and x3.

S (x0) =

{t —x)(t — x2){(t — x3)
(x1 —x0)(x1 — x2)(x1 — x3)
(@ —xo)(t —x )t — x2)
+h (x3 — x9)(x3 — x1)(x3 — x2)

(= x)( ~ x3){t — x3)
o= x)x0 — 1) (o —xp) T I
.t —x0)(t — x1)(t — x3)
+ (x2 — x0)(x2 — x))(x2 — x3)

f=fo

Differentiate the products in the numerators twice and get

2 —x1)+ (¢ — x2)+ (1 — x3)) + A 200t — x0) + (t = x2) + (+ — x3))
{xo — x1 X(xo — x2)(xp — x3) {x1 — xo)(x1 — x2)(x1 — x3)

+f22((r —x0) + (£ — x1) + (¢t — x3)) +h 20t —x0) + (0 ~x1) + (r ~ x2))

(x2 — xo}(x2 — x1)(x3 — x3) {x3 — x0){(x3 — x1)(x3 — x2)

i = f

Then substitution of 1 = x¢ and the fact that x; — x j = (i — j)h produces

2((xo = x1) + (xg — x2) + (xg — x3))

S~ fo (x0 — x1)(xp — x2)(xg — x3)
+ £ 2((xo = x0) -+ (x0 — x2) + (x9 — x3))
| (x1 — x0)(x1 — x2)(x) - x3)
+ 5 2((x0 — x0) + (x0 — x1} + (x9 — x3))
; (x2 — xp)(x2 ~ x1)(x2 — x3)
£ f 2((x0 — x0) + (xo — x1) + (%0 — x2))

(x3 — xoM(x3 — x1)(x3 -- x3)
- f 2((—h) + (—2h) + (-3h)) +f 2((0) + (=2h) + (—3h))
(—hY(=2h)(—-3h) (B)(—h)(~2h)
£ 2O+ (=h) + (=38) | 2((0) + (=h) +(=2h))

R T 7 Yo S e Ty TYT3)
_ —12h —10h ~8h —6h _ 2f0—-5fi+4f —
= fo ~ T A T + f2 mCYx + "f36k_3 e

and the formula is established. ]
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Example 6.7. Derive the formula
Sfo+18fi-24f2+ 14f3=-3f4
2h3 ’

" (x0) &

Statt with the Lagrange interpolation polynomial for f(¢) based on the five points xg.
X1, X2, X3, and X4.
(# — 1)t — x2)(2 — 3){t — xq)
0 — x1){x0 — x2)(xp — x3){xp — x4)
{t — xo)(t — x2)(t — x3)(t — x4)
(x1 — x)(x1 — x2){x) — x3)(%1 — x4)
(¢t — xp)(r — x1)(t — x3)(t — xq)
(x2 = xp)(x2 — x1)(x2 — x3)(x2 — x4)
+5 (t — xp)(t — x1){t — x2)(t — x4)
(x3 — xo)(x3 ~ x1)(x3 — x2)(x3 — X4)
s (t —x0) (1 ~ x1)(t — x2)(t — x3)
(x4 —- x0)(x4 — x1) (x4 — x2)(x4 — X3)
Differentiate the numerators three times, then use the substitution x; — x j = ({ — j)hin the
denominators and get

fy= fo(x

+ fi

+ f2

6((t —x1)+ (¢ —x2) + (1 — x3) + (t — x4))
(~hY(=2h)(—-3h)(—4R)
6((t —x0) + (r —x2) + (t —x3) + (¢ — xq))
(hY(—h)(—2h)(~3h)
6((t — xo) + (t —x)) + (t ~ x3) + (t — x4))
(Rh)(RY(—h)(2h)
6((t—x)+ (@ —x1)+ U —x2)+ ¢t — x4))

f”’(f) ~ ,f0

+ fi

+ 5

+5 GRY@R) Y=
+ J1,46(& =x0)+{E—x)+-{F—x)+(t - xs))‘
(4h)(3h) (2h)(h}
Then substitution of ¢ = xg in the form ¢ — x; = xg — x; = — jA produces

6((~h) + (=2h) + (=3k) + (—4h)) + 16((0) +(=21) + (=3k) + (—4h)

F"0) = fo T hi —oi?
6((0) + (—h) + (=3h) + (—4h)) |, 6((0) + (—h) + (=2h) + (—4k))
+h an +h s
6((0) + (—h) + (=2h) + (—3h))
+ fa 2ant ,
—60h _S54h 48k _42h | _ —36h
=foqd et g hga T g
—Sfo+18f1~24f,+14f5-3/s
= 2h3 ,
and the formula is established. n
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Differentiation of the Newton Polynomial

In this section we show the relationship between the three formulas of order € (h2) for
approximating f’(xo), and a general algorithm is given for computing the numeri. .;
derivative. In Section 4.3 we saw that the Newton polynomial P(¢) of degree N =2
that approximates f(z) using the nodes #g, t;, and 1 is

(16) PH)y=ap+a1(r —50) +ax(t —t0)(t — 1),
where ag = f (o), a1 = (f(ty) — f(t0))/(#1 ~ tg), and
f@)—f)  fo) = flw)

as = h—1n h—1
(22 — to)
The derivative of P(?) is
(17 P'(ty = aj + ax((t — tg) + (t — 11)),

and when it is evaluated at ¢ = ¢g, the result is
(18) P(tg) = ar + axto — t1) ~ f(1).

Observe that the nodes {r;] do not need to be equally spaced for formulas (16)
through (18) to hold. Choosing the abscissas in different orders will produce difference

formulas for approximating f'(x).
Case (i): If 9 = x,t) = x + h, and t; = x -+ 2h, then
_fx+h) - fx)
a] - -_'_7;—9
S =2f(x+ R+ f(x +2h)
az = 2 ;
When these values are substituted into (18), we gat

fa+h) - f&x) | —fQX)+2f(x+h)— f(x+2h)
A + N :

P(x)=

This is simplified to obtain

-3 -
(19) Plx) = fx) +4f(x2-’|; h) — f{x +2h) ~ ).

which is the second-order forward-difference formula for f’(x).
Case (i) fro=x,h =x+h,andt; = x — h, then

a = fix -J-h)—f(x)‘

h
_fa+R)=2f(x)+ f(x ~h)
“= 02
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\\ hen these values are substituted into (18), we get

Plx) = fx +h; = f(x) " —flx+h) +22.!;(I)—f(x—h).

This is simplified to obtain

flx+h)— flx—h)

2% ~ f),

209 Pl(x)=

w 1ich is the second-order central-difference formula for f'(x).
Case (iii): If tg = x, 1y = x — h,and 1 = x — 2#, then

o L= FE =

h
_f@)=2fG—h)+ flx—2h)
a = Ty .

I'hese values are substituted into (18) and simplified to get

" piry = LD MWD

which is the second-order backward-difference formula for f/(x).

The Newton polynomial P(r) of degree NV that approximates f (#) using the nodes
T Ly ooy IN iS

by PO=atait—io) +ax— )t —1)
Faz(t —t)t — 1)t —12) + - +an(t —tg) -+ {t — tn—1).

The derivative of P(t) is

Pi(t) = a1 + ax({t — o) + (t — 11))

+a (- —n)+ (- -)+a-1)F —-n))

) 1:':‘1 N-1
+otan Y [Je—1.
k=0 j=0
J#k
When P/(r) is evaluated at t = fg, several of the terms in the summation are zero.
and P’(tg) has the simpler form

Py =a1 +axlto —h) +az(to—1)(o —12) + -+~

24 -
4 + anliog — t){(to — 12) (20 — 13} - - - (f0 — tN—1)-
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The kth partial sum on the right side of equation (24) is the derivative of the Newtar.
polysomial of degree k based on the first & nodes. If

lo—tl<ig—n| < - <|to—tyl, andif {(fj=0)}§v=0

forms a set of N + 1 equally spaced points on the real axis, the kth partial sum is an
approximation to f(zp) of order O (h*~1).

Suppose that N = 5. If the five nodesare y = x + hk fork =0, 1, 2, 3, and 4.
then (24) is an equivalent way to compute the forward-difference formula for f'(x) o”
order @(h*). If the five nodes {f;} are chosentobe tp = x, 1 = x + h, tp = x — h.
t3 = x + 2h, and 14 = x — 2k, then (24) is the central-difference formula for f/(x) ot
order O (h*). When the five nodes are #; = x —kh, then (24) is the backward-difference
formula for f/(x) of order O (h*).

The following program is an extension of Program 4.2 and can be used to imple-
ment formula (24). Note that the nodes do not need to be equally spaced. Also, it
computes the derivative at only one point f”(xg).

Program 6.3 (Differentiation Based on N + 1 Nodes). To approximate f’(x)
numerically by constructing the Nth-degree Newton polynomial

P(x) =ap+a(x — xp) + az(x — xg)(x — x1) ‘
+az(x ~xp)(x —x)(x —x2) 4+ +an(x —xp) - {x —xn-1) |
and using f'(xg) = P’(xp) as the final answer. The method must be used at xp.
The points can be rearranged {xy, X0, . - . » Xk—1, Xk+1, - - -, XN} to compute f'(x;) =~
P'{xi).
function [A,df]l=diffnew(X,Y)
%Input - X is the 1xn abscissa vector
% - Y is the 1xn ordinate vector
%Output - A is the 1xn vector containing the coefficients of
% the Nth-degree Newton polynomial
% df is the approximate derivative
A=Y,
N=length(X);
for j=2:N

for k=N:-1:j

AR)=(A(k)-A(k-1)) /(X(k)-X(k-j+1)3;

end
end
x0=X(1);
df=A(2);
prod=1;
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nl=length(A)-1;

for k=2:n1
prod=prod*(x0-X{k));
df=df+prod#*A (k+1);

end

Exercises for Numerical Differentiation Formulas
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1. Letf(x) = In(x) and carry eight or nine decimal places.

(a)
(b}
(e)
(d)

Use formula (6) with = 0.05 to approximate £7(5).

Use formula (6) with # = 0.01 to approximate f”(5).
Use formula (12) with / = 0.1 to approximate £ (5).

Which answer, (a), (b), or (c), is most accurate?

2. Letf (x} = cos(x) and carry eight or nine decimal places.

(a)
(b}
©
(d)

3. Consider the table for f(x) = In(x) rounded to four decimal places.

(a)
(b)
©
(d)

4. Consider the table for f(x) = cos(x) rounded to four decimal places.

Use formula (6) with # = 0.05 to approximate f7/(1),
Use formula (6) with # = 0.01 to approximate f*(1).
Use formula (12) with & = 0.1 to approximate f*(1).
Which answer, (a), (b), or (c), is most accurate?

x fix) =In(x)
4,90 1.5892
4.95 1.5994
5.00 1.6094
5.05 1.6194
5.10 1.6292

Use formula (6) with & = 0.05 to approximate 7”(5).
Use formula (6) with # = 0.01 to approximate f”(5).
Use formula (12) with k = 0.05 to approximate £7(5)
Which answer, (a), (b), or (¢), is most accurate?

x | f(x) =cos(x)
0.90 0.6216
0.95 0.5817
1.00 0.5403
1.05 0.4976
1.10 0.4536
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(a) Use formula (6) with # = 0.05 to approximate f7'(1).
(b) Use formula (6) with £ = 0.01 to approximate f”(1).
(¢} Use formula(12) with & = 0.05 to approximate f"(1).
(d) Which answer, (a), (b}, or (c), is most accurate?

. Use the numerical differentiation formula (6) and & == 0.01 to approximate f"(1) for

the functions

(@ flo=x" (b foo)=x*

. Use the numerical differentiation formula (12) and A = 0.1 to approximate £”(1) for

the functions

(@ fl)=x* (b) fx)=x°

. Use the Taylor expansions for f{x + &), f{x — h), f{x + 2k), and f(x — 2h) ai

derive the central-difference formula:

F+2R) = 2f(x+h)+2f(x —h) — f(x —2h)
24h3 '

A =

. Use the Taylor expansions for f(x + k), f(x — h), f(x + 2h), and f(x — 2k) and

derive the central-difference formula:

Fly e JEFW @R +6f() —4f(x —B) + fx — 20)
hA ‘
. Find the approximations to f’(x¢) of order €}(4%) at each of the four points in the
tables.
(@) (b)
x f@® x fix
0.0 0.989992 0.0 (.141120
0.1 0.999135 0.1 0.041581
0.2 0.998295 02 -0.058374
0.3 0.987480 0.3 =0.157746

Use the approximations

(o™ fimfo TRAW S X
f(.r+5)~ - and f(x—z)'u -

and derive the approximation

noon o JL=2f0+ foi
fiix) = —r
Use formulas (16) through (18) and derive a formula for f"(x) based on the absciss:.

to=x,ty =x+h,andt; = x + 3h.

Use formulas (16) through (18) and derive a formula for f'(x) based on the abscissus
to=x,ty =x—h,and ) = x 4 2h.
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13. The numerical solution of a certain differential equation requires an approximation to

F"(x) + f'(x) of order O(h%).

(a) Find the central-difference formula for f"(x) + f'(x) by adding the formulas
for f'(x) and F"(x) of order O(h?).

(b) Find the forward-difference formula for f”(x) 4 f'(x) by adding the formulas
for f'(x) and f”(x) of order O (h?).

(¢) What would happen if a formula for f'(x) of order O Yy were added to a
formula for £ (x) of order O(h%)?

14. Critique the following argument. Taylor’s formula can be used to get the representa-

tions
Kf'x) | BP0
2 T

fax+m=f&)+hrf )+

and
Rfxy w8 )
2 6

flx—m=fx)—hf'x)+
Adding these guantities results in
Fa+b) + fx—h) =2f(x)+ K f"(x),

which can be solved to obtain an exact formula for £”(x):

hy -2 —~h
pron = LEHR =20+

Algorithms and Programs

1. Modify Program 6.3 so that it will calculate P'(xy) forM = 1,2,... . N+ 1.



Numerical Integration

Numerical integration is a primary tool used by engineers and scien?ists to obtain ap-
proximate answers for definite integrals that cannot be solved analytically. In the are
of statistical thermodynamics, the Debye model for calculating the heat capacity of
solid involves the following function;

x t3
= dr.
®(x) fo el —1

Since there is no analytic expression for ®(x), numerical j_ntegratio:n must be used to
obtain approximate values. For example, the value ®(5) is the area under the curve

L5t
y=fl)

IS

05 \

t Figure 7.1 Area under the curve
y=f@)for0=<t =<5
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Table 7.1  Values of $(x)

x D(x)
1.0 0.2248052
2.0 1.1763426
3.0 2.5522185
4.0 3.8770542
5.0 4.8998922
6.0 5.5858554
7.0 6.0031690
8.0 6.2396238
9.0 6.3665739

10.0 6.4319219

y=f®) =1/ —1)for0 <t <5 (see Figure 7.1). The numerical approximation
for ®(5) is

343
D(5) = / ——— dr 7= 4.8998922.
o e —1

Each additional value of ¢ (x) must be determined by another numerical integration
Table 7.1 lists several of these approximations over the interval [1, 10].

The purpose of this chapter is to develop the basic principles of numerical inte-
gration. In Chapter 9, numerical integration formulas are used to derive the predictor-
corrector metheds for solving differential equations.

Introduction to Quadrature

Wenow approach the subject of numerical integration. The goal is to approximate the
definite integral of f(x) over the interval [q, b] by evaluating f(x) at a finite number
of sample points.

Definition 7.1.  Supposc thata = xp < x| < --- < xp = b. A formula of the form

M
() QU= wnfm0) = wof (o) + wi F 1) + -+ + war Fxn)

k=0

With the property that

b
@ [ FO) dx = QUf]+ ELf]
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is called a numerical integration or quadrature formula. The term E[ ] is called th
truncation error for integration. The values {x;} ,’:”=o are called the quadrature nodes
and {wx }ﬁ_ o are called the weighis. i

Depending on the application, the nodes {x;} are chosen in various ways. For the
trapezoidal rule, Simpson’s rule, and Boole's rule, the nodes are chosen 1o be equally
spaced. For Gauss-Legendre quadrature, the nodes are chosen to be zeros of certair
Legendre polynomials. When the integration formula is used to develop a predicto
formula for differential equations, all the nodes are chosen less than b. For all applica-
tions, it is necessary to know something about the accuracy of the numerical solution.

Definition 7.2. 'The degree of precision of a quadrature formula is the positive inte-
ger n such that E{F;] = O for all polynomials P;(x) of degree i < n, but for which
E[Pny1] # 0 for some polynomial P4 {x) of degreen + 1. A

The form of E[F;] can be anticipated by studying what happens when f(x) is a
polynemiai. Consider the arbitrary polynomial

Pix) = aix’ +a,-_1x""] +.---t+ax+ag

of degree i If i < n, then P""(x) = 0 for all x, and PV (x) = (n + 1)la,_; for

all x. Thus it is not surprising that the general form for the truncation error term is
(3) E[f1=Kf"*"V(0),

where K is a suitably chosen constant and # is the degree of precision. The proof of
this general result can be found in advanced books on numerical integration.

The derivation of quadrature formulas is sometimes based on polynomial interpo-
lation. Recall that there exists a unique polynomial Py(x) of degree < M passing
through the M + 1 equally spaced points {(x, yk)}f: o When this polynomial is used
to approximate f (x} over [a, &], and then the integral of f(x) is approximated by the
integral of Pp(x), the resulting formula is called a Newton-Cotes quadrature formuia
(see Figure 7.2). When the sample points xo = a and x3; = b are used, it is called a
closed Newton-Cotes formula. The next result gives the formulas when approximating
polynomials of degree M = 1, 2, 3, and 4 are used.

Theorem 7.1 (Closed Newton-Cotes Quadrature Formula). Assume that x;, =
X -+ kh are equally spaced nodes and f; = f(x;). The first four closed Newton-Cotes
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Lo 1.5 2.0 0.0 0.5 1.0 1.5 2.0

© ()
Fig"f‘e 7.2 .(a) The trapezoidal rule integrates y = Pj(x) over [x0, x1) = [0.0, 0.5].
(b) Simpson’s rule Integrates y = Po(x) over [xp, x;] = [0.0, 1.0]. (c) Simpson’s % nile

integrates y = P3(x) over [x, x3] = [0.0, 1.5]. (d) Boole's rule integrates y = P
over [xo. x4] = [0.0, 2.0). megrales y = Falx)

quadrature formulas are

X X h

(4) : Jxydx = E(ﬁ) + f1) (the trapezoidal rule).
1]
X2 ) h

)] ; flxydx = E(fo +4fi+ f2) (Simpson’s rule),
0

. 3 3 3

®) flx)dx = ?(fo +3fi+3/2+ f) (Simpson’s g rule),

X

Xa 2h
) f F@dx = (0 fo+ 32+ 12f3 + 325+ 7fu)
0
(Boole's rule).
Corollary 7.1 (Newton-Cotes Precision). Assume that F(x) is sufficiently differen-

h:able; then E[ f ]. for Newton-Cotes quadrature involves an appropriate higher deriva-
tive. The trapezoidai rule has degree of precision n = 1. If f € C?[a, b], then

x| h h3 N
® f S@dx =G+ ) - 5720,
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Simpson’s rule has degree of precision n = 3. If f € C*[a, b], then
2 h B @
(8] f flxydx = g(fo +4H+ H)~ §af ().
X0
$impson’s 3 rule has degree of precision n = 3. If f € C*[a, b), then
5
x 34 35
(10) j f&ydx =T (fo+3f+3f+ ) = 35 7O,
x0
Boole’s rule has degree of precisionn =5, I f € C%a, b, then
" 2h 2fa-FTfa) — Ef@(c).
{an f f(x)dx:E(7fo+32f;+12f2+3 f3 4 045
X0

Proof of Theorem 7.1.  Start with the Lagrange polynomial Py (x) based on xq, X4,
..., Xy that can be used to approximate f(x):

M
(12) fo) = Py(xy=3_ filya(®),

k=0
where fr = f(x;) fork = 0, 1, ..., M. An approximation for the integral is ob~

tained by replacing the integrand £ (x) with th(? polynomial Pps(x). This is the generdl
rnethod for obtaining 2 Newton-Cotes integration formula:

Xym XM
f f(x)dx%/ Pp(x)dx
X X0

XM M M XM
= Lyix)] dx = (f fIcLM,k(x)dx)

0

M Xy M
=Z([ LM.k(x)dx) fe= wifi.
k=0 ‘X k=0

0

The details for the general proof of (13) are tedious. Wej shall give a sa.mpl? pwg_?;
of Simpson’s rule, which is the case M = 2. This case involves the approximatidn

polynomial

(i W — xp)(x — x2) (x — x)(x — x2) ) (x — x0)&x — %)
P = o o= T —retm — ) T 206 - )
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Since fo, f1, and £ are constants with respect to integration, the relations in (13) lead
to

(13)

"’ 2 (x—xHx —x2)
d o —_— q
-[m S dx f(’/m (o —)(xo —x) X T /1

+ fZ/n Sont o,

0 (2= x0)(x;—xp 0

2 (x —xoMx —x) 5
x (X1 — x0)(x) — x3)

We introduce the change of variable x = X0 + kt with dx = h df to assist with
the evaluation of the integrals in (15). The new limits of integration are from t = 0 to
t= 2. The equal spacing of the nodes Xk = x¢ + kh leads to x; — x; = {k — j)h and
X = x; = h(t — k), which are used to simplify (15) and get

(18
. 2Rt — Dh(t —2) 2h(t — Ot — 2)
dx ~ —_— Y4 —
[@ S dx f“fo —~h)(~2) ’”’fo (k)
Zh(t —Oh(t—1)
'*fzfo T enm

o 2 B2,
= fO'—/ -3+ 2)dr»—flkf (2 ~2t)dz+f2_/ ¢* - nydr
2 0 0 2 0

=2 £=2
B 32 ' 3
zf()'i (‘3_—?4-2!) — fih g__[2
’ =0

=2
h {3 2 !
A (2-)
=0

h (2 {—4 h {2
= foi!' (g) - fik |\?) + sz (5)

h
= g(fo +4f1+ f2),

=0

and the proof is complete. We postpone a sample proof of Corollary 7.1 until Sec-
on 7.2,

Bxample 7.1.  Consider the function F(x) =1+ e7*sin(4x), the equally spaced quadra-

ture nodes xy = 0.0, x1 = 0.5, x2 = 1.0, x3 = 1.5, and x4 = 2.0, and the correspond-
ing function values fo = 1.00000, fi = 1.55152, f, — 0.72159, f3 = 0.93765, and

j‘. = 1.13390. Apply the various quadrature formulzs (4) through (7).
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The step size is h = 0.5, and the computations are

0.5 0.5
Fx)dx = == (1.00000 + 1.55152) = 0.63788

1.0
flx)ydx = —'5-(1.00000-{-4(1.55152)+0.72]59) = 1.32128

1.5 3(0 }

flxydx = (1.00000 + 3(1.55152) + 3(0.72159) + 0.93765)

=1 64193

20
Fx)dx =~ —(2(7(1 .00000) + 32(1.55152) + 12{0.72139)

+ 32(0.93765) + T(1.13390)) = 2.29444. T

It is important to realize that the quadrature formulas (4) through (7) applied in the
above illustration give approximations for definite integrals over different intervals.
The graph of the curve y = f(x) and the areas under the Lagrange polynomials y =
Pi(x),y = Po(x),y = P3(x), and y = Pa(x) are shown in Figure 7.2(a) through (d),
respectively.

In Example 7.1 we applied the quadrature rules with £ = 0.5. If the end points
of the interval {a, b] are held fixed, the step size must be adjusted for each rule. The
stepsizesare h = b —~a, h = (b—a)/2, h = (b—a)/3,and h = (b — a)/4 for the
trapezoidal rule, Simpson’s rule, Simpson’s § 2 rule, and Boole’s rule, respectively. The
next example illustrates this point.

Example 7.2. Consider the integration of the function f{(x) = 1 + ¢ sin{4x) over the

fixed interval [a, b] = [0, 11. Apply the various formuias (4) through (7).
For the trapezoidal rule, A = 1 and

{
] F@dx = SO+ F()
1]

1
= 5(1.()0000 +0.72159) = 0.86079.

For Simpson’s rule, = 1/2, and we get
foj Ferydx ~ %%(f(O) Fafh + £
= %(1.00000-4- 4(1.55152) + 0.72159) = 1.32128.
For Simpson's % rule, k = 1/3, and we obtain
/ fedx~ 2B r@+37G)+37G) + £0)

= -:—5-(1.00000+ 3(1.69642) + 3(1.23447) - 0.72159) = 1.31440.
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Yy =10 Yy fixy
1.5 1.5
1.0 1.0
0.5 0.5
) it ey x } ’ - - T
00 02 04 06 08 1.0 00 02 04 06 ¢8 1.0
@ ®)
Y y=f(x)
1.5 g
1.0
Q.5
0\'0 0.2 0.|4 0.I6 0.I8 I .I(J U.lO 9.'2 GT4 0?67 0.[8 l.r0 )
© @

Figure 7.3 () The trapezoidal rule used over [0, 1] yields the approximation 0. 86079
(b) Simpson’s rule used over [0, 1] yields the approximation 1.32128. (c) Simpson’s ; s
rule used over [0, 1] yields the approximation 1.31440. (d) Boole’s rule used over [0, 1]
yields the approximation 1.30859.

For Boole's rule, # = 1/4, and the result is

! 2(1/4
fof(x)dxz—(4~5{-—)(7f(0)+32f@+12f(%)+32f(3)+7fu;)

1
= %{7(1.00000) +32(1.65534) 4 12(1.55152)
+ 32(1.06666) + 7(0.72159)) = 1.30859.

“The true value of the definite integral is

1 .

21e — 4 cos(4) — sin(4

] f(x)dx = @) ( ):1.308?506046426...,
) 17e

and the approxinpation 1.30859 from Boole’s rule is best. The area under each of the La-

grange polynomials Py(x), P2(x), P3(x), and P4(x) is shown in Figure 7.3(a) through (d),

respectively. «

To make a fair comparison of quadrature methods, we must use the same number of
function evaluations in each method. Our finai example is concemned with comparing
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integration over a fixed interval (a, b] using exactly five function evaluations f; —
fx), fork = 0,1, ..., 4 for each method. When the trapezoidal rule is applied on
the four subintervals fxg, x1], [x], x2], [x2, x3], and [x3, x4], it is called a composite
trapezoidal rule:

]‘Mf(x)d.xzh/”rl f(x)dx+szf(3:)dx+f 3f(x)a'x+f 4f(x)d\
X Xy x x2 X3

' h0 h I ) h N h

(17} ~ st )+ 3+ )+ S+ 43+ f)

h
= 5(fo+2fl +2f2+2f3+ fa).

Simpson’s rule can also be used in this manner. When Simpson’s rule is applied on the
two subintervals [xg, x2] and [x2, x4], it is called a composite Simpson’s rule:

x. x2 X4
f4f(x)dx=‘}r f(x)dx-}—f fx)dx
B X0 x
k h
(18) ~yUot+dfi+ )+ (LA + fa)

h .
= Z(o+4fi +2H+4f+ fo).
The next example compares the values obtained with {17), (18), and (7).

Example 7.3. Consider the integration of the function f(x) = 1 + e™* sin(4x) over
fa, b] = [0, 1]. Use exactly five function evaluations and compare the results from the
composite trapezoidal rule, composite Simpson rule, and Boole'’s rule.

The uniform step size is # = 1/4. The composite trapezoidat rule (17) produces

! 1/4 1 ) LN
/ flx)ydx =~ T(f(o) +2f()+2f=+2F(3+ F(1)
Q0

= %(1.00000 + 2(1.65534) + 2(1.55152) + 2(1.06666) + 0.7215¢"
= 1.28358.

Using the composite Simpson's rule (18), we get

! . /4 ] ) i
Fdx L2 +af) + 2 +4£ ) + £
O

= Tli(l.OOOOO + 4(1.65534) 4- 2(1.55152) 4+ 4(1.06666) + (

= 1.30938.
We have already seen the result of Boole’s rule in Example 7.2:

1
f fxyds = 2—(1?(7;%0) +32f (1) + 1201 +32f P +7£ Q)

= 1.30859.
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y

y=flx)
5t ==,

0sr 0.5

: ; ' i
.00 0.25 050 075 1.00 0.00 0.25 0.50 0.75 1.00 !
(a) (&)

Figure 7.4 (a) Thc composile trapezoidal rule yields the approximation 1.28358.
1b) The composite Simpson rule yields the approximation 1.30938.

The true value of the integral is

1 .
2le — 4cos(4) — sinf4
/0 fydx = = 0 1 3082506046426 . .

and Fhe approximation 1 .3_0938 from Simpson’s rule is much better than the value 1.28358
obtained from the trapezoidal rule. Again, the approximation 1.30859 from Boole's rule is
closest. Graphs for the areas under the trapezoids and parabolas are shown in Figure 7.4(a)

and (b), respectively. n

Example 7.4, Determine the degree of precision of Simpson’s % rule.
It will suffice to apply Simpson's % rule over the interval [0, 3] with the five test func-
tions f{x} = 1, x, x2, x*, and x*. For the first four functions. Simpson’s 3 rule is exact.
3 3
/0 ldx=3= §(1 +3(H)+3D+1)
3 9 3
/(; xdx = 3= =(0+3(1)+3(2)+3)

8
3
f x2dx
0

f3x3dx—81_3(0 31 3 ~
A =773 + 3(1) + 3(8) + 27).

3
9= 5(0 +3(D)+3(4)+9)

the function f£(x) == x* is the lowest power of x for which the rule is not exact.

3
. 243 99 3
Xdx=— 1 = - .
fn x =55~ = 20+ 3(1) +3(16) +81).

Therefore, the degree of precision of Simpson’s g ruleisn = 3,
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Exercises for Introduction to Quadrature

1. Consider integration of f{x) over the fixed interval [a, &] = [0, 1]. Apply the v: us
quadrature formulas (4) through (7). The step sizesareh = 1, h =1, h =3
h = % for the trapezoidal rule, Simpson’s rule, Simpson’s % rule, and Boole’s e
respectively.

(a) f(x)=sin(mx)

{(b) f(x)=14e *cos(4x)

{©) f(x)=sin(/x)

Remark. The true values of the definite integrals are (a) 2/7 = 0.636619772367 ...,
(b) (18¢ — cos(4) + 4sin(4))/(17e) = 1.007459631397 ..., and (¢) 2(sin(!) —
cos(1)) = 0.602337357879 . ... Graphs of the functions are shown in Figures 7.5(a)
through (c), respectively.

2. Consider integration of f(x) over the fixed interval {a, ] = [0, 1]. Apply the various

quadrature formulas: the composite trapezoidal rule (17), the composite Simpsan®,

rule (18), and Boole’s rule (7). Use five function evaluations at equally spaced nodesg.
The uniform step size is # = §.
(a) f(x)=sin(rx)
(b) f(x)= 1+ e *cos(dx)
(€@ fx) = sin(/x)

3. Consider a general interval [a, #]. Show that Simpson’s rule produces exact resules
for the functions f(x) = x2 and f{x) = x?; that is,

3 3 4 4
b 2 b a b3 _ b a
@ [fyxtdx== -3 ) [Pxidx=— -
4. Integrate the Lagrange interpolation pelynomial
X — X X = Xp
Pix) = fo + i—
X0 — X} X1 — X0
over the interval [xp, x| ] and establish the trapezoidal rule.
¥ y y
1.0 20 1.0
Q.5 1.0 0.5
1 X il \-ﬂ X 1
0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1
(@) (&) ©)

Figure 7.5 (a) y =sin(wx), (b) y = 1 + e¥ cos(4x), (¢} y = sin(/x).
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Determine the degree of precision of the trapezoidal rule. It will suffice to apply the
trapezoidal rule over [0, 1} with the three test functions f(x) = 1, x, and x2,

o

o. Determine the degree of precision of Simpson’s rule. It will suffice to apply Simp-
son’s rule over [0, 2] with the five test functions f(x) = 1, x, ¥, x3, and x*. Contrast
your result with the degree of precision of Simpson’s % rule.

7. Determine the degree of precision of Boole's rule. It will suffice to apply Boole’s rule

over [0, 4] with the seven test functions f(x) = 1, x, x%, x>, x*, x°, and x%.

8

¥

The intervals in Exercises 5. 6, and 7 and Example 7.4 were selected to simplify the
calculation of the quadrature nodes. But, on any closed interval [a, b] over which
the function f is integrable, each of the four quadrature rules (4) through (7) has the
degree of precision determined in Exercises 5, 6, and 7 and Example 7.4, respectively.
A quadrature formula on the interval [a, #] can be obtained from a quadrature formula
on the interval [c, 4] by making a change of variables with the linear function

b—a ad — bc
Y=eW =g e

b—a
wheredx._-d

dt.
—c

(a) Verify that x = g(¢) is the line passing through the points {(c, a) and (d, ).

(b) Verify that the trapezoidal rule has the same degree of precision on the interval
[a, &] as on the interval [0, 1].

(¢) Verify that Simpson’s rule has the same degree of precision on the interval [a. b)
as on the interval [0, 27,

(d) Verify that Boole’s rule has the same degree of precision on the interval [a, b]
as on the interval [0, 4].

§. Derive Simpson’s % rule using Lagrange polynomial interpolation. Hint. After chang-
ing the variable, integrals similar to those in (16) are obtained:

X3 ho3 h 3
f f(x)dxm-fo—f(t— 1 — 2)(¢ -—3)dt+f|—[(t—ﬂ)(t——ll)(t-3)dt
Yo 6 Jo 2

3 3
—p3 [a-oxe—ne-3ar+ g [ -0 —De-Dar
2 Jo 6Jo

=3 1=3
-1t 1142 hfet 583,
= fo- (—+2r3——-+6r) +f1—(———+3t
6 4 2 r=0 2 \4 3 i
=3 =
hf-1 a4’ 3:2) ' h (r‘
+f2—(—+—-—-—--— +={=-r+r
2414 3 2 10 6 \4 10

14, Derive the closed Newion-Cotes quadrature formula, based on a Lagrange appioxi-
mating polynomial of degree 5, using the 6 equally spaced nodes x; = xg-+kh, where
k=0,1,...,5.
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11. In the proof of Theorem 7.1, Simpson’s rule was derived by integrating the second-
degree Lagrange polynomial based on the three equally spaced nodes xg, x1, and x3.

Derive Simpson’s rule by integrating the second-degree Newton polynomial based or.
the three equally spaced nodes xg. x1, and x».

Composite Trapezoidal and Simpson’s Rule

An intuitive method of finding the area under the curve y = f(x) over [a, 5] is
by approximating that area with a series of trapezoids that lie above the intervals
{bxes Xe11}

Theqn_em 7..2 (Composite Trapezoidal Rule). Suppose that the interval {a, 5] is
subdivided into M subintervals [xy, xx+11of width # = (b—a)/M by using the equally

spaced‘nodes xXp =a-+kh fork =0, 1, ..., M. The composite trapezoidal rule for
M subintervals can be expressed in any of three equivalent ways:

h M
(1) T(fohy =353 (f umi) + F50)
k=1
or

h
(1b) T(f.h)= E(fo +2fi+2H+2f+ -+ 2 2+ 2fuot + fu)

or
A M—1

(1e) T(fh) =@+ f ) +h ;} Fixe).

This is an approximation to the integral of f(x) over [a, b], and we write

b
2) f F(x)dx = T(f, h).

Proof. Apply the trapezoidal rule over each subinterval [x;_), x4] (see Figure 7.6).
Use the additive property of the integral for subintervals:

b M Xk M h
(3) f Sloydx = Zf HOYIEDY 3 (f 1) + S (xi))-
a k=1Y%i-1 k=1

Since #1/2 is a constant, the distributive law of addition can be applied to obtain (1a).
Formula (1b) is the expanded version of (1a). Formula (1c) shows how to group ali the
intermediate terms in (1b) that are multiplied by 2. .
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v

24 y = flx)

Figure 7.6 Approximating the area
x under the curve y = 2 + sin(2,/x)
with the composite trapezoidal rule.

0 1 2 3 4 5 6

Approximating f{x) =2+ $in(2./¥) with piecewise linear polynomials resuits in
places where the approximation is close and places where it is not. To achieve accuracy
the composite trapezoidal rule must be applied with many subintervals. In the next
example we have chosen to numerically integrate this function over the interval [1, 6].
Investigation of the integral over [0, 1] is left as an exercise.

Example 7.5. Consider f(x) = 2 + sin(2y/x). Use the composite trapezoidal rule with
|1 sample points to compute an approximation to the integral of f(x) taken over [1, 6].

To generate 11 sample points, we use M = 10 and k = (6 ~ 1)/10 = 1/2. Using
formula (1¢), the computation is

1
T(, )= L+ F6)

+ %(f(%) + D+ IO+ O+ D+ D+ D+ IO+ FEN
!
4
+ 15(2.63&?;15764 +2.30807174 4 1.97931647 4 1.68305284 + 1.43530410
+1.24319750+ 1.10831775 + 1.02872220 + 1.00024140)

(2.90929743 + 1.01735756)

1
= 2(3.92665499) + 15(14.42438165)
= 0.98166375 + 7.21219083 = 8.19385457. -
Theorem 7.3 (Composite Simpson Rule). Suppose that {a, b} is subdivided into

2M subintervals [xg, x;+1] of equal width £ = (b—a)/(2M) by using x4 = a + kh for
k=0,1,...,2M. The composite Simpson rule for 2M subintervals can be expressed
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in any of three equivalent ways:

h M
(4a) S(f k) =3 D (f aem2) +4f aet) + fx0))
k=1
or

h
S(f.my= g(fn +4fi+2fr+4f;
+- -+ 2fom-2 + 4 fam—1 + fam)

(4b)

or
h 2 " 4h &

4 S(f.h) == — —

(4e)  S(Lm =@+ fEN+5 ; )+ ;f(xﬂc—l)-

This is an approximation to the integral of f(x) over [a, b), and we write

b
(5) f Fx)dx =~ S(f, h).

Proof.  Apply Simpson’s nile over each subinterval [xz_7, x;] (see Figure 7,7). Use
the additive property of the integrai for subintervals:
b M x2%
[ feds= fxydx
{6) ! k=g e

M
h
~ DU ae2) + 4f () + £ (a0)).
k=1

Since h/3 is a constant, the distributive law of addition can be applied to ob-
tain (4a). Formula (4b) is the expanded version of {(4a). Formula (4c) groups all
the intermediate terms in (4b) that are multiplied by 2 and those that are multiplied
by 4, L]

Approximating f(x) = 2 + sin(2,/x) with piecewise quadratic polynomials pro-
duces places where the approximation is close and places where it is not. To achieve
accuracy the composite Simpson rule must be applied with several subintervals. In
the next example we have chosen to numerically integrate this function over [1, 6} and
leave investigation of the integral over [0, 1] as an exercise.
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'y
y = f(x)
- Figure 7.7 Approximating the area
T T T x under the curve y = 2 + sin(2./x)
2 3 4 5 6 with the composite Simpson rule.

Example 7.6, Consider f{(x) = 2+ sin(2./x). Use the composite Simpson rule with 11
sample points to compute an approximation to the integral of f (x) taken over [1, 6].

To generate 11 sample points, we mustuse M = 5and 2 = (6 — 1)/10 = 1/2. Using
formula (4c), the computation is

1
S(f. %) = é(f(l) + )+ 3(F D+ fB) + B+ f5)
2
+3U D+ O+ A+ +rFEN
= %(2.90929743 + 1.01735756)

+ -;—(2430807 174 + 1.68305284 + 1.24319750 + 1.02872220)

+ %(2.63815764+ 1.97931647 + 1.43530410 4 1.10831775 + 1.00024140)

= %(3.92665499) + %(6.26304429) + %(8. 16133735)
= 0.65444250 + 2.08768143 + 5.44089157 = 8.18301550. -

Error Analysis

The significance of the next two results is to understand that the error terms Ex(f, 4}
and Es(f, h) for the composite trapezoidal rule and composite Simpson ruie are of
the order (#?%) and Q(h*), respectively. This shows that the error for Simpson's
rule converges to zero faster than the error for the trapezoidal rule as the step size &
decreases to zero. In cases where the derivatives of f(x) are known, the formulas

—(h — ) FD oV h2 b oy FE g
.(b a) ¥ )k and  Es(f.h) = (b—a)f(c)h

Er(f.h) = 12 180
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can be used to estimate the number of subintervals required to achieve a specified
accuracy.

Corollary 7.2 (Trapezoidal Rule: Error Analysis). Suppose that [a, b] is subdi-
vided into M subintervals [xg, x¢1] of width A = (b — a)/M. The composite trape-
zoidal rule

M-1
(7 T(f.h) = g(f(a) +fEN+R Y fx)
k=1

is an approximation to the integral
b
(®) [ rwar=1G.m+Er(h)
a
Furthermore, if f € C2[a, b], there exists a value ¢ with g < ¢ < b so that the crror

term Er( f, h) has the form

—(b —a) fPo)R?

= — 02
&) Er(f.h)= 2 o=y,

Proof. We first determine the error term when the rule is applied over [xg, x1]. Inte-
grating the Lagrange polynomial P;(x) and its remainder yields

X X Xl foe —_ [¥3)]
(10) f I fx)dx =f ] Pi(x)dx +f & —x0)x 2',“” fetx)) dx
xQ xQ X .

0

The term (x — x¢)(x — x1) does not change sign on [xg, x11, and £ (c(x)) is contin-
uous. Hence the second Mean Value Theorem for integrals implies that there exists &
value ¢} so that

(x — xo)(x — x1) d

(10 f floydx = —(fo+ m+ f(”(cl)[ >

0 X0

Use the change of variable x = xq -+ k7 in the integral on the right side of (11):

x 2) 1
f lf(x)dx= %(fo+f|) + —j—r;—cl)[g h(t — Oh(t — Dhdt
x0

(2) 3 1
a2) = 2ot M+ f—(z"”ﬁ—/o @~ 1) dr
h FPenk’
§(f0+ f)— T
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Now we are ready to add up the error terms for all of the intervals [xg, xg4+1]:

f(x)dx_z Y fndx

(13) k= -
2 () (xk—l (; f()) Y E f ( )(Ck .

The first sum is the composite trapezoidal rule 7( £, #). In the second term, one factor
of h is replaced with its equivalent & = (b — a}/M, and the result is

a)h‘ ( me(q‘))

The term in parentheses can be recognized as an average of values for the second
derivative and hence is replaced by £{¥(c). Therefore, we have established that

j fO)dx=T(f, h)—

b-a)f P

b
ja fxydx=T(f k)~ 2 ,

and the proof of Corollary 7.2 is complete. .
Corollary 7.3 (Simpson’s Rule: Error Analysis). Suppose that [a, b] is subdivided

into 2M subintervals [xz, x;+1] of equal width & = (b — a) /(2M). The composite
Simpson rule

| h )l 4h M,
a9 S¢m =30 @+ 6N+ 5 ; Flxg) + 7?;{ F o)
is an approximation to the integral
b
(15) j F)dx =S by + Es(f, k).

Furthermore, if f € C*[a, b], there exists a value ¢ with @ < ¢ << b so that the error
term E5(f, k) has the form

2Pt

4
180 = 0.

(16 Es(f.h) =

Example 7.7, Consider f(x) = 2 + sin(2,/%). Investigate the error when the CoInpos-
ite traperoidal rule is used over [1, 6} and the number of subintervals is 10, 20, 40, 80,
and 160.
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Table 7.2 The Composite Trapezoidal Ruie for
f(x) =2 +sin(2./x) over [1, 6]

M h T(f, k) Er{f h) = O(KY)
10| 05 8.19385457 —0.01037540
20 | 025 8.18604925 —0.00257006
40 | 0.125 8.1841201% —0.00064098
80 | 0.0625 8.18363936 —0.00016015
160 | 0.03125 | 8.18351924 —0.00004003

Tabie 7.2 shows the approximations 7 ( f, #). The antiderivative of f(x) is

F(x) = 2x — «/x cos(2./x) + __sin(;;ﬁ{_)’

and the true value of the definite integral is

6
=6
]1 fx)dx = F(x)‘:_l = 8.1834792077.

This value lwas used to compute the values Er(f, k) = 8.1834792077 — T(f. 1) in Ta-

ble 7.2. It is important to observe that when A is reduced by a factor of % the successive

errors E7 (f, h) are diminished by approximately }1. This confirms that the order is O (h?)
&

E;xample 7.8. Consider f(x) = 2 + sin{2./x). Investigate the error when the compusite

Simpson rule is used over [1, 6] and the number of subintervals is 10, 20, 40, §0, and 160
Table 7.3 shows the approximations S(f, #). The true value of the i,ntegral i‘s
_8.1334792077, which was used to compute the values Es(f, h) = 8.1834792077 - 8(f. )
in Table 7.3, Itis irnportant to observe that when h is reduced by a factor of % the succéss!ive
errors Eg( f. k) are diminished by approximately %. This confirms that the orderis O (h*).
n

Example 7.9. Find the number M and the step size h so thal the error E7(f, #) for the
composite trapezoidal rule is less than 5 x 10~ for the approxirnation f; dxjx =~ T(f, h).

(Z)The integr;md is f(x) = 1/x and its first two derivatives are f'(x) = —1/x* and
F®(x) = 2/x. The maximum value of | ¥ (x)| taken over [2, 7] accurs at the end point
x = 2, and thus we have the bound | f@(c)] < | f@(2)} = 1, for2 < ¢ < 7. This is used

with formula (9) to obtain

— (b —a) f R ) Th*  5R?
12 - 12 48

(an |E7(f.h)| = I
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Table 7.3 The Composite Trapezoidal Rule for
f(x) = 2+ sin(2/x) over |1, 6]

M h S(f.h) Es(f,h) = O(h*)
5 0.5 8.18301549 0.00046371

10 0.25 8.18344750 0.00003171

20 0.125 8.18347717 0.00000204

40 0.0625 8.18347908 0.00000013

80 0.0312% 8.18347920 0.00000001

The step size i and number M satisfy the relation 2 = 5/M, and this is used in (17) to get
the relation

”

(18) [Er(fim) < 1B 5107
‘ TV = 2gm? = '

Now rewrite (18) so that it is easier to solve for M:

25
(19) i 10° < M2,

Solving (19), we find that 22821.77 < M. Since M must be an integer, we choose M =
22,822, and the corresponding step size is h = 5/22,822 = 0.000219086846. When the
composite trapezoidal rule is implemented with this many function evaluations, there is &
possibility that the rounded-off function evaluations will produce a significant amount of
error. When the computation was performed, the result was

5
* —_— = 1. 2069,
7 (f, 22,822) 1.252762969

which compares favorably with the true value f27 dx[x = l'n(x)lizg = 1.252762968. The
error is smaller than predicted because the bound 3 for | f ()| was used. Experimentation
shows that it takes about 10,001 function evaluations to achieve the desired accuracy cf
S x 10-2, and when the calculation is performed with # = 10,000, the result is

5
r(f = 1.252762973
! (f 10,000)‘ > -

The composite trapezoidal rule usually requires a large number of function eval-
uations to achieve an accurate answer. This is contrasted in the next example with
Simpson’s rule, which will require significantly fewer evaluations.
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Example 7.10. Find the number M and the step size . so that the error Eg(f, A) for the
composite Simpson rale is less than 5 x 10~ for the approximation f; dx/x =~ S(f h).

The integrand is f (x) = 1/x, and f® (x) = 24/x>. The maximurh value of | f¢*(c))
taken over {2, 7} occurs at the end point x == 2, and thus we have the bound | f®'(c)| <
If®(2)| = 3 for2 < ¢ < 7. This is used with formula (16) to obtain

- b—a)f®onY _ 1-3*  n
(20) |Es(f )] = 180 = 130 =3
The step size h and number M satisfy the relation & = 5/(2M), and this is used in (20) to
get the relation

Qn 1Es(f ) < 625 <5x 107
SUPIS seeare < '

Now rewrite (21) so that it is easier to solve for M:

125 o

Solving (22), we find that 112.95 < M. Since M must be an integer, we chose M = 113
and the corresponding step size is & = 5/226 = 0.02212389381. When the composite
Simpson rule was performed, the result was

5
S{f — ) = 1.252762969,
(f 226) ?

which agrees with f; dxfx = ]n(x)lij = 1.252762968. Experimentation shows that it
takes about 129 function evaluations 1o achieve the desired accuracy of 5 x 10~°, and when
the calculation is performed with M = 64, the resuit is

5
,— ] = 1.2, .
S (_f 128) 1.252762973 [

So we see that the composite Simpson rule using 229 evaluations of f(x) and
the composite trapezoidal rule using 22,823 evaluations of f(x) achieve the same ac-
curacy. In Example 7.10, Simpson’s rule required about Wl)b' the number of function
evaluations,
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(Program 7.1 (Composite Trapezoidal Rule). To approximate the intcgral

b h M:‘l
[ rwaxx L@+ e +h Y s

k=1

by sampling f(x) at the M -+ 1 equally spaced points x; =a +kh,fork =0, 1, 2,
..., M. Notice that xo = @ and xps = b.

function s=traprl(f,a,b,M}
%Input f is the integrand input as a string ’f’
% - a and b are upper and lower limits of integration
% -~ M is the number of subintervals
#0utput - s is the trapezoidal rule sum
h={b-a) /¥;
5=0;
for k=1:(M-1)
x=a+hx*k;
s=g+feval (f,x);
end
s=hx(feval(f,a)+feval(f,b))/2+h*s;

Program 7.2 (Composite Simpson Rule). To approximate the integral

Lt

b h k4= an &
[ smas~ 3@+ son+ 3 Y rem+ 5 Y fean
a k=1 k=1

by sampling f(x) at the 2M + 1 equally spaced points x; = a + kh, fork = 0, 1,
T2,...,2M. Notice that xg = a and x,p = b.

function s=simprl(f,a,b,M)

%Input - f is the integrand input as a string °'f’
% - @ and b are upper and lower limits of integration
% - M is the number of subintervals

% Output - 5 is the simpson rule sum
h={b-a)/(2+M) ;
81=0;
82=0;
for k=1:M
! x=a+h (2¥k~1);
si=si+feval (£,x);
end ‘
for k=1:(M-1)
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=a+h*2#*k ;
s2=s2+feval (f,x);
end .

s=h*(feval(f,a)+feval (f,b)+4*s81+2x52)/3;

Exercises for Composite Trapezoidal and Simpson’s Rule

1. (i) Approximate each integral using the composite trapezoidal rule with M = 10.
(ii) Approximate each integral using the composite Simpson rule with M = 5.

@ [0+ dx @) fj@+sin@y/mdx © [igdx/JE
) [y rte"dx @ J5 2xcos(x) dx ® 7 sinx)e* dx

2, Penglh of acurve, The arc length of the curve y = f(x) aver the interval g < x < |
is -7

b
Icngth:f V14 (e dx.

(i) Approximate the arc length of each function using the composite trapezoidal

rule with M = 10.
(ii) A_pproximate the arc length of each function using the composite Simpson rule
with M = 5.
(@ flx)=x3 for 0=<x<l
(b} f(x)==sin(x) for 0=xx=<n/4
(© flx)=e"* for O0<x<x1

3. Surface area. The solid of revoiution obtained by rotating the region under the
¥ = f(x), where a < x < b, about the x-axis has surface area given by

] -
area = 2:1] JFOOS1+ (F(x0))*dx.

(i) Approximate the surface area using the composite trapezoidal rule with 4 —

10.
(i) Approximate the surface area using the composite Simpson rule with M = 5.
(@) fl)=x3 for O0<x<|

(b) f(x) = sin{x) for O0<x<mn/4
(¢} fly=e" for O0=<xzx|
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. (a) Verify that the trapezoidal rule (M = 1, A = 1) is exact for polynomials of

degree < 1 of the form f(x) = cjx + cp over [0, 11
(b) Use the integrand f(x) = c2x? and verify that the error term for the trapezoidal
rule (M = 1, h = 1) over the interval [0, 1] is

—(b — a) fP (c)h?

Er(f h) = =

. (a) Verify that Simpson’s rule (M == 1, h = 1) is exact for polynomials of degree

< 3 of the form f(x) = c3x® + c2x% + c1x + ¢ over [0, 2].
(b} Use the integrand f(x) = csx* and verify that the error term for Simpson’s rule
(M = 1, h = 1) over the interval [0, 2] is

—(b—a) fP(c)n*
180 ’

ES(fa h) =

Derive the trapezoidal rule (M = 1, & = 1) by using the method of undetermined

coefficients.

(a) Find the constants wg and w) so that _[Ul g(t) dt = wog(0)+w g(1) is exact for
the two functions g(z) =l and g(t} = ¢,

(b} Use the relation f(xp + A#) = g(r) and the change of variable x = xg + h# and
dx = hdt to translate the trapezoidal rute over [0, 1] to the interval [xgp, x1].

Hint for part (a). You will get a linear system involving the two unknowns wg and u;;.

. Derive Simpson’s rule (M = 1, A = 1) by using the method of undetermined coeffi-

cients.

(a) Find the constants wg, w;, and w2 so that fez gihydt = wog(0) + wig(l) +
wag(2) is exact for the three functions g(¢) = 1, g(r) = t,and g(¥) = 2,

(b) Use the relation f(xp + Af) = g(¢) and the change of variable x = xo + Af and
dx = hdt to translate the trapezoida} rule over [0, 2] to the interval [xo, x2].

Hint for part (a). You will get a linear system involving the three unknowns wo, w,

and wy.

. Determine the number M and the interval width / so that the composite trapezoidal

rule for M subintervals can be used to compute the given integral with an accuracy of

5% 107°,
/6 3 1 2
(a) cos{x)dx (b) [ dx () f xe tdx
—n/6 2 5-x 1]

Hint for part (c). fP(x) = (x — 2)e™*.

. Determine the number M and the interval width h so that the composite Simpson rule

for 2M subintervals can be used to compute the given integral with an accuracy of
5% 1077,
w/6 3 1
(a) cos(x) dx (b) f dx
—n/6 s S—x
Hint for part (c). f™(x) = (x —4e™",

2
(c) [0 xe"‘d.‘
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10. Consider the definite integral /*; | cos(x)dx = 2sin(0.1) = 0.1996668333. The
following table gives approximations using the composite trapezoidal rule. Calcukate
Er{f, h) = 0.199668 — T(f, k) and confirm that the order is O (h%).

M h S(f.h) ET(f.h) = OhY)
1 0.2 0.19%0008
2 0.1 0.1995004
4 0.05 0.1996252
8 0.025 0.19%6564
16 0.0125 0.1996642

11. Consider the definite integral {35 cos(x)dx = 2sin(0.75) = 1.363277520. The
following table gives approximations using the composite Simpson rule. Calcwulate
Es(f, k) = 1.3632775 — §(f, h) and confirm that the order is O (A%},

M h S(f, k) Es(f, k) = O(hY
1| 075 1.3658444
2 1 0375 1.3634298
4 | 0.1875 1.3632869
8 | 0.09375 | 13632781

12. Midpoint rule. The midpoint rule on [xg, x1 1 is

X 3
f ] Fxydx = hf (xo+ E) + -h—f(z)(m), where h =
o 2 24

X1 — X
*2 .

(a) Expand F(x), the antiderivative of f(x), in a Taylor series about xy + 4/2 and
establish the midpoint rule on [xg, x1].

(b} Use part (a) and show that the composite midpoint rule for approximating the
integral of f(x) over [a, &]is

N
M(ﬁh):h;f(a+(k—%)k), where h = b;}“.

This is an approximation to the integral of f(x) over [a, £, and we write

b
/ flx)ydx ~ M(f, h).

(¢} Show that the error term Ep( f, k) for part (b) is

& -a) [P

2
N O(h*).

B )
EM(f,h)-_—éz;f (cx) =

13. Use the midpoint rule with M = 10 to approximate the integrals in Exercise 1,

14. Prove Corollary 7.3
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Algorithms and Programs

1. (@) For each integral in Exercise 1, compute M and the interval width # so that the
composite rapezoidal nle can be used to compute the given integral with an
accuracy of nine decimal places. Use Program 7.1 to approximate each integral.

(b) For each integral in Exercise 1, compute M and the interval width 4 so that the
composite Simpson’s rule can be used to compute the given integral with an
accuracy of nine decimal places. Use Program 7.2 to approximate each integral.

o)

. Use Program 7.2 to approximate the definite integrals in Exercise 2 with an accuracy
of 11 decimal places.

3. The composite trapezoidal rule can be adapted to integrate a function known only at
a set of points. Adapt Program 7.1 to approximate the integral of a function over
an interval [a, b] that passes through M given points. (Note. The nodes need not
be equally spaced.) Use this program to approximate the integral of a function that

13
passes through the points [(\/kz +1, k1/3) L o

4. The composite Simpson’s rule can be adapted to integrate a function known only at
a set of points. Adapt Program 7.2 to approximate the integral of a function over
an interval [a, b] that passes through M given points. (Note. The nodes need not
be equally spaced.) Use this program 1o approximate the integral of a function that

13
passes through the points l(\/kz +1, k1/3) 'k o

5. Modify Program 7.1 so that it uses the composite midpoint rule (Exercise 12} to
approximate the integral of f(x) over [a, #]. Use this program to approximate the
definite integrals in Exercise 1 with an accuracy of 11 decimal places.

6. Obtain approximations to each of the following definite integrals with an accuracy of
ten decimal places. Use any of the programs from this section.
\/ax -0 )
(@) sin(l/x)dx (b) ————dx
1/ &+1075 sin{1/x)
7. The following example shows how Simpson’s rule ¢an be used to approximate the
solution of an integral equation. The equation v(x) = x2+0.1 fol () di s to
be solved using Simpson’s rule with 1 = 1/2. Let 1 =0, #; = 1/2, and #; = 1; then

! 1
f (x? + Dty ds = gﬁ((xﬁ 4+ O)vp + 4(x2 + S+ 2 + D).
4}
Let
1
) v(xn) = x2 +o.1(%(cx£ + 0)vo + 4(x7 + S+ x2 + Dw)).

Substituting xo = 0, x; = 1/2, and x; = 1 into equation (1) yields the system of
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linear equations:
1
vo =0+ ——((D)UO + 2v + v2)
1
i 6()(4v° +3u + —vz)
=1+ @mﬂ.évl + 2u2)

2) v =

Substituting the solution of system (2) (vg = 0.0273, v; = 0.2866, vy = 1.0646) into
equation (1) and simplifying yields the approximation

3 v{x) & 1.037305x2 + 0.027297.

(a} As acheck, substitute the solution into the right-hand side of the integral equa-
tion, integrate and simplify the right-hand side, and compare the result with the
approximation in {3).

(b) Use the composite Simpson rule with # = 0.5 to approximate the solution of
the integral equation

3
v(x) =x? —0.1 f (x + Hu(r) dr.
0

Use the procedure outlined in part (a) to check your solution.

Recursive Rules and Romberg Integration

In this section we show how to compute Simpson approximations with a special linear
combination of trapezoidal rules. The approximation will have greater accuracy if one
uses a larger number of subintervals. How many should we choose? The sequential
process helps answer this question by trying two subintervals, four subintervals, and
so on, until the desired accuracy is obtained. First, a sequence {T'(J)} of trapezoidal
rule approximations must be generated. As the number of subintervals is doubled, the
number of function values is roughly doubled, because the function must be evaluated
at all the previous points and at the midpoints of the previous subintervals (see Fig-
ure 7.8). Theorem 7.4 explains how to eliminate redundant function evaluations and
additions.

Theorem 7.4 (Successive Trapezoidal Rules). Suppose that J > | and the points
{xx = a + kh} subdivide [a, b] into 2/ = 2M subintervals of equal width b =
(b —a)/2’ . The trapezoidal rules T(f, k) and T (£, 2h) obey the relationship

T(f 2h)

) T(f.h) = hZf(XZk D.
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/\ y =flx)

(a) (b)

¥y = flx}

(c) (d)
Figure 7.8 (a) T(0) is the area under 20 = trapezoid. (b) T(1) is the area under

2! = 2 trapezoids. (¢) 7'(2) is the area under 2> = 4 trapezoids. (d) T(3) is the area
under 2° = 8 trapezoids.

Definition 7.3 (Sequence of Trapezoidal Rules). Define T(0) = (h/2)(f(a) +
f(b)). which is the trapezoidal rule with step size » == b — a. Then for each J > 1
define T(J) = T(f, h), where T(f, k) is the trapezoidal rule with step size h =
(6 —a)/2’. A

Corollary 7.4 (Recursive Trapezoidal Rule). Start with T(0) = (h/2)(f(a) +
(f(b)). Then a sequence of trapezoidal rules {7(J)} is generated by the recursive
formula

(2) T(J) = ZSJ—— hZf(ka D for J=1, 2,
where b = (b —a)/27 and {x; = a + kh}.

Proaf. For the even nodes xp < x2 < - -
rule with step size 2h:

< XaM—2 < X2um., we use the trapezoidal

2h
() TU-D=Fo+2+2fs+  +2fm-a+2fam-2+ fau).

For all of the nodes xp < x1 < X3 < ++- < X2p—} < X2p, We use the trapezoidal rule
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with step size A:

h .
4) T = —Z'(fo +21+2fa+--+2fam-2+2fam_1 + fam).
Collecting the even and odd subscripts in (4} yields
h M
(5) TN = 5(fo+2fat - +2fm2+ fa) +h Y o,
k=1

Substituting (3) into (5) results in 7'(J) = T(J — 1)/2+h 10| fox—1, and the proof
of the theorem is complete. "

Example 7.11.  Use the sequential trapezoidal rule to compute the approximations 7 (")
T(1), T(2), and T (3) for the integral fIS dx/x = In(5) — In(1) = 1.609437912.

Table 7.4 shows the nine values required to compute T (3) and the midpoints required
to compute T (1}, T{2), and 7 (3). Details for obtaining the results are as follows:

Whenh =4: T(0) = ;(1 000000 + 0.200000) == 2.400000.
T

Wheni =2 T(l) = %) +2(0.333333)
' = 1.200000 + 0.666666 = 1.866666.
Whenh =1: T(2)= %13 + 1{0.500000 -+ 0.250000)

= 0.933333 4 0.750000 = 1.683333.

1 T2y 1
Whenh=>:  T(3)= —— + 5(0.666667 +0.400000
+0.285714 + 0.222222)
= 0.841667 + 0.787302 = 1.628968. "

Our next result shows an important relationship between the trapezoidal rule and
Simpson’s rule. When the trapezeidal rule is computed using step sizes 2h and A,
the result is T(f, 24} and T(f, h), respectively. These values are combined to obtain
Simpson’s rule:

AT(f B)—T(f. 2R
© (s = ALER T2,

Theorem 7.5 (Recursive Simpson Rules). Suppose that {7 (/)] is the sequence of
trapezoidal rules generated by Corollary 7.4. If J > 1 and $(J) is Simpson’s rule for
24 subintervals of [a., b, then $(J) and the trapezoidal rules 7(J — 1) and T'(J) obey

the relationship

AT(J)-T{J - 1)

) S(JS) = 3 for J=1,2, ...,

SEC.7.3 RECURSIVE RULES AND ROMBERG INTEGRATION n

Table 7.4  The Nine Points Used to Compute T'(3) and the Midpoints Required to C
(), T, and T(3) o Compue

1 Erd pc"ints for Midpo_ints for Midpoints for Midpoints for

x [ fx}= T computing T'(0) | computing T(1) computing 7(2) | computing T(3)
1.0 | 1.000000 1.000000
1.5 [ 0.666667

0. 7
2.0 | 0.500000 0.500000 60568
2.5 | 0.400000

0.4000¢
3.0 10.333333 0.333333 .
3.5 {0.285714
4.0 |0.250000 0.250000 028314
45 10222222 2
5.0 [0.200000 |  0.200000 e

Proof.  The trapezoidal rule 7(J) with step size h yields the approximation

b
h
®) [z Fx)dx =~ 'Z'(fu +2f142h+ -+ 22+ 2Fm-1 + Four)

= T(J).

The trapezoidal rule T(J — 1) with step size 2h produces

b
@) f FEV xS h(fo+2f+ 4+ 2famrz+ o) = T(J - 1),

Multiplying relation (3) by 4 yields

b
(i0) 4fa FXRdx=hQfo+4fi+dfs+-+4fimo+ 4 + 2 )

=4T(J).

Meow subtract (9) from (10) and the resulf is

b
- 3/a FYAx % h(fo+4fi+2f2+ -+ 2 famoz + 4 famror + fang)

=4T(J)-T - 1).
“This can be rearranged to obtain

a2

b h
f fx)dx = E(fo+4f1 +2f2+

_A4ATh-TJ -1)

3

et 2fam—2 F4fapo1 + fou)

“The middle term in (12) is Simpson’s rule S(J) = S(f, h) and hence the theorem is

proved.
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Example 7.12.  Use the sequential Simpson rule to compute the approximations S(1],
$(2), and S(3) for the integral of Example 7.11.
Using the results of Example 7.11 and formula (7) with J = 1, 2, and 3, we compute

4T(1) - T(0) _ 4(1.866666) — 2.400000

S(1) = 3 3 = 1.688888,
5i2) = 4T(2)?:— (1) _ 4(1.683333)3— 1.866666 1622222,
S(3) = 4T(3)3— T(2) - 4(1.628968;— 1.683333 — 1.610846. .

In Section 7.1 the formula for Boole’s rule was given in Theorem 7.1. It was
obtained by integrating the Lagrange polynomial of degree 4 based on the nodes xo,
%1, X2, x3, and x4. An alternative method for establishing Boole’s rule is mentioned
in the exercises. When it is applied M times over 4M equally spaced subintervals of
[a, b] of step size h = (b — a)/(4M), we call it the composite Boole rule:

2n &,
(13) B(f, k)= 1 Zl(7f4k—4 4+ 32 fap—z + 12 far—2 + 32 far—r + 7 fai).
k=1

The next result gives the relationship between the sequential Boole and Simpson rules.

Theorem 7.6 (Recursive Boole Rules). Suppose that {S(J)} is the sequence of
Simpson’s rules generated by Theorem 7.5. If 7 > 2 and B(J) is Boole’s rule for
27 subintervals of [a, b], then B(J) and Simpson’s rules S(J — 1) and S(J) obey the

relationship

168(J) — S(J - 1)
15

Proof. The proof is left as an exercise for the reader. .

for J=2,3, ...

(14) B(J) =

Example 7.13. Use the sequential Boole rule to compute the approximations B(2) and

B(3) for the integral of Example 7.11.
Using the results of Example 7.12 and formula (14) with J = 2 and 3, we compute

165(2) — S(1) _ 16(1.622222) — 1.688888

= = 1.617778,
B2) 15 15
B() = 165(3)15—- S(2) _ 16(1.6108461)5— 1.622222 — 1610088, .

The reader may wonder what we are leading up to. We will now show that for
mulas (7) and (i4) are special cases of the process of Romberg integration. Let us
announce that the next level of approximation for the integral of Example 7.11 is

64B(3) — B(2)  64(1.610088) — 1.617778
63 a 63
and this answer gives an accuracy of five decimal places.

= 1.609490,
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Romberg Integration

In Section 7.2 we saw that the error terms Er(f, #) and Es(f, h) for the composite
trapezoidal rule and composite Simpson rule are of order O(h%) and O (h%), respec-
tively. It is not difficult to show that the error term E( f, k) for the composite Boole
rule is of the order @ (#%). Thus we have the pattern

b

(15) f Flxydx = T(f. ) + O,
b

(16) f)dx = S(f, )+ O(h*),
b

an f(x)dx = B(f, hy + G (#®).

The pattern for the remainders in (15} through (17) is extended in the following
sense. Suppose that an approximation rule is used with step sizes & and 24; then an al-
gebraic manipulation of the two answers is used to produce an improved answer. Each
successive level of improvement increases the order of the error term from Q@ (A*V)
to @ (#2N*?). This process, called Remberg integration, has its strengths and weak-
vesses.

The Newton-Cotes rules are seldom used past Boole’s rule. This is because the
nine-point Newton-Cotes quadrature rule involves negative weights, and all the rules
past the ten-point rule involve negative weights, This could introduce loss of signif-
icance error due to round off. The Rormberg method has the advantages that all the
weights are positive and the equally spaced abscissas are easy to compute.

A computational weakness of Romberg integration is that twice as many function
evaluations are needed to decrease the error from Q (h2V) to O (h2V*+2). The use of the
sequential rules will help keep the number of computations down. The development
of Romberg integration relies on the theoretical assumption that, if f € CV[a, b]
for all N, then the error term for the trapezoidal rule can be represented in a series
iavolving only even powers of h; that is,

b
(18) / FXVdx = TCf ) + Exifih).
where
(19) ET{f,h)=a1h2+a2h4+a3h'ﬁ+--- .

A derivation of formula {19) can be found in Reference [153].

Since only even powers of & can cccur in {19), the Richardson improvement pro-
oess is used successively first to eliminate ay, next to eliminate a», then to eliminate a3,
and so on. This process generates quadrature formulas whose error terms have even
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orders O (h), 0(h®), O(h®), and so on. We shall show that the first improvement is
Simpson’s rule for 2M intervals. Start with T (£, 2k) and T(f, k) and the equations

rb
(20) j Flxydx = T(f, 2h) + a4k + ap 16h* + a364h5 + ...
2
and
b
@n f fxyde =T Ry +ah® + agh® +azhS + -
a

Multiply equation (21) by 4 and obtain
22) 4 [b F)dx =AT(f, h) + a14h> + axdh® + azdhS + . -
Ja
Eliminate @) by subtracting (20) from (22). The result is
(23) 3fb F)dx =4T(f. k) — T(f, 2h) — az12h* — a3600° — .. . .
a

Now divide equation (23) by 3 and rename the coefficients in the series:

_4T(f ) = T, 2h)

b
ey [ rwmax= . okt 4 bk
a

As noted in (6), the first quantity on the right side of (24) is Simpson’s rule S{f, /).
This shows that Eg(f, 4) involves only even powers of k:

(25) Fxdx =S(f. h) +bh* + byh® + bh® ...

To show that the second improvement is Boole’s rule, start with (25) and write
down the formula involving S(f, 2h):

b
26) f ) dx = S(f, 2h) + b 16R* + b,64h° + b3256K5 + ... .
a

When & is eliminated from (235) and (26), the result involves Boole’s rule:

b
/ fixydx
27) 4

_165(f,n) = S(f,2h) _ br48° _ b3240h°
- 15 15 15
bod8H®  by240h8
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The general pattern for Romberg integration relies on Lemma 7.1.

Lemma 7.1 (Richardson’s Improvement for Romberg Integration). Given two
approximations R{2k, K — 1) and R(h, K — 1) for the quantity Q that satisfy

%) Q=R K- +cah® +cp?K42 ..

and

12 Q=R(Z2H K -1) +cl4KhZK + 024K+]J‘12K+2+ e
411 improved approximation has the form

_ 4% R(h, K - 1) = R(2h, K — 1)

py g + 0(h2K+2)_

130 Qo
The proof is straightforward and is left for the reader.

Definition 7.4. Define the sequence (R(J, K): J > K 152, of quadrature formulus
for f(x) over [a, b] as follows

R(J,0) =T(J) forJ > 0, is the sequential trapezoidal rule.
(31 R(J.1)=S8(J) forJ=>1,isthe sequential Simpson rule.
R(J,2Y=B(J) forJ =2, isthe sequential Boole’s rule. A
The starting rules, {R(J, 0)), are used to generate the first improvement, {R(J, 1)},
which in turn is used to generate the second improvement, {R(J, 2)}. We have already
seen the patterns

4'R(J,0) — R(J — 1,0)

R(J, 1) = 1 for J > 1
. a1
¢ LRI, D=-RJ ~1,1

R(J,2) = — (’212_ ; ~L1 for J >2,

which are the rules in (24) and (27) stated using the notation in (31). The general ruic
for constructing improvements is

ERUILE-D-—RUJI-1,K-1

7y g for J > K.

(33) R(J.K)=
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Table 7.5 Romberg Integration Tableau

R(J,0) R(J. 1) R(J,2) R(J.3) R(J. 4
Trapezoidal Simpson’s Boole’s Third Fourth
J rule rule rule improvement improvement
0 R(0, 0)..

| R(L, 0o R(L. 1)
2 R0 R 1) R(2.2)

3 R(3.0) RO R(3, )= R(3,3)
4 R(4,0) R(4, 1) R(4.2) R(4,3)__— R(4.4)

Table 7.6 Romberg Integration Tableau for Example 7.14
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“Table 7.7 Romberg Error Tableau for Example 7.14
J| A E(.0)=0(Y | EU.1)=00% | EU.2) =005 | EU.3) =00
0| 5-a | -1.252799263670
12 ; 2 | ~0.311384770309 | 0.002420060811
2|2 ; 2 | _0.077663260503 | 0.000243909432 |  0,000098832673
3 b ; 9 | —0.019403478989 | 0.000016448182 | 0.000001284099 | —0.000000264291
4l ? ;“ —0.004850085262 | 0.000001045980 | 0.000000019167 | —0.000000000912
5 b;z“ —0.001212472077 | 0.000000065651 | 0.000000000296 | —0.000000000003

R(J,0) R(J. 1) R(J.2) R(J.3)

Trapezoidal Simpson’s Boole's Third
S rule rule rule irprovement
0 0.785398163397
1 1.726812656758 2.040617487878
2 1.960534166564 2.038441336499 2.0382962.59740
3 2.018793948078 2.038213875249 2.038198711166 2.038197162776
4 2.033347341805 2.038198473047 2.038197446234 2.038197426156
5 2.036984954990 2.038197492719 2.038197427363 2038197427064

For computational purposes, the values R(J, K) are arranged in the Romberg integra-
tion tableau given in Table 7.5,

Example 7.14. Use Romberg integration to find approximations for the definite integral
2

x/2 5 A 4
f (6 +x + Dcos(n) dx = =2+ 3 + 7 = 2.038197427067 ...
0

The computations are given in Table 7.6. In each column the numbers are converging.

to the value 2.038197427067 . . .. The values in the Simpson’s rule column converge faste:
than the values in the trapezoidal rule column. For this example, convergence in column:
to the right is faster than the adjacent column to the left.

Convergence of the Romberg values in Table 7.6 is easier to see if we look at the errol
terms E(J, K) = —247/247%/4—R(J, K). Suppose that the interval widthish = b—c
and that the higher derivatives of f(x) are of the same magnitude. The error in column K
of the Romberg table diminishes by about a factor of 1/225%2 = 1/4X+1 a5 one progresse:
down its rows. The errors E(J, ) diminish by a factor of 1/4, the errors E(J, 1) diminist
by a factor of 1/16, and so on. This can be observed by inspecting the entries {E(J, K)} in
Table 7.7. E

Theorem 7.7 (Precision of Romberg Integration). Assume that f € C?£+2[a, b].
Then the truncation error term for the Romberg approximation is given in the formula

b -y
34) f f(x)dx = R(J, K+ bxh2K+2f(‘,'K+2)(CJ.K)

= R(J, K) + O(R¥+?,

where b = (b — a)/2”, by is a constant that depends on K, and ¢y ¢ € [a, b]; see
Reference [153], page 126.
Example 7.15. Apply Theorem 7.7 and show that

2
[ 10x dx = 1024 = R(4, 4).
JO

The integrand is f(x) = 10x°, and £U%(x) = 0. Thus the value K = 4 will make the
error term identically zero. A numerical computation will produce R(4, 4) = 1024. [

Program 7.3 (Recursive Trapezoidal Rule). To approximate

b h 2{‘
j; flxydx =~ 3 ’Z:_T(f(xk—l) + f(xe))

by using the trapezoidal rule and successively increasing the number of subix;nervals
of [a, b]. The Jth iteration samples f{x) at 27 + | equally spaced points.

function T=rctrap(f,a,b,n)
%Input - f is the integrand input as a string ’f’
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% - a and b are upper and lower limits of integration
% - n is the number of times for recursion

#0utput - T is the recursive trapezoidal rule list

M=1;

h=b-a;

T=zeros(1,n+1);
T(1)=h*(feval (f,a)+feval (f,b))/2;
for j=il:n
M=2x*M;
h=h/2;
s=0;
for k=1:M/2
x=a+h+(2*k-1);
s=g+feval (f,x):
end
T(j+1)=T(j}/2+h*s;
end

Program 7.4 (Romberg Integration). To approximate the integral

b
f fxydx = R(J, J)

by generating a table of approximations R(J,X) for J > K and using
R(J + 1,7 + 1) as the final answer. The approximations R(J, K) are stored in
a special lower-triangular matrix. The elements R(J, 0) of column 0 are computed
using the sequential trapezoidal rule based on 2/ subintervals of [, &]; then R(J, K)
is computed using Romberg’s rule.

The elements of row J are

RULK—1D)—RUJ—-1,K-1)
4K ]

RULK)Y=R(J.K-1)+

]

for 1 <= K =< J. The program is terminated in the (J + 1)st row when
IR(J, Sy~ R(J+ 1,7+ 1) < tol.

function [R,quad,err,h]=romber{f,a,b,n,tol)

%Input - f is the integrand input as a string ’f’

% - a and b are upper and lower limits of integration
% - n is the maximum number of rows in the table

% - tol is the tolerance

#0utput - R is the Romberg table

% - quad is the quadrature value

% - err is the error estimate
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% - h is the smallest step size used
M=1;

h=b-a;

err=1;

J=0;

R=zeros(4,4);

R(1,1)=h*(feval (f,a)+feval (f,b))/2;
while((err>tol)&(J<n) )| (J<4)

J=J+1;
=h/2;
s=Q;
for p=1:M
X=a+h* (2%p-1);
s=s+feval (f,x);
end
R(J+1,1)=R(J,1)/2+hs*s;
M=2xM;
for K=1:7J
R(J+1,K+1)=R(J+1 JO+ROIHL,K)-R(I,K)) /(47K-1) ;
end
err=abs(R{J,J)-R(J+1,K+1));
end

quad=R(J+1, J+1);

Exercises for Recursive Rules and Romberg Integration

1. For each of the following definite inte
grals, construct (by hand) a Romberg table
(Table 7.5) with three rows. Y ) E fable

3 .:

2x

@) f SN0 dx = 0.6717578646 ..
o l+4+x

3
(b) / sin(4x)e™% dx = 0.1997146621 . ..
0
1

1
{c) —dx =16
0.04 /X
2
1
(d) f - 1 dx = 4.4713993943
0 X2+ 55

2
2
(e)f sin —)dx=1.11407449-42.“
1/(2n) x

2
® j‘; V4 —x2dx =7 =3.1415926535. ..



380

2.

4

n
h

CHAP. 7 NUMERICAL INTEGRATION

Assume that the sequential trapezoidal rule convergesto L (i.e., imyoc T(J) = L).
(a) Show that the sequential Simpson rule converges to L (L.e., imysoo 5(J) = L).
(b) Show that the sequential Boole rule convergesto L (i.e.,, im o B(J) = L).

, (a) Verify that Boole's rule (M = 1, 2 = 1) is exact for polynomials of degree < 3

of the form f(x) = c5x° + cax® 4 - + ¢1x + co over [0, 4].
(b) Use the integrand f(x) = cex® and verify that the error term for Boole's rule
(M = 1, h = 1) over the interval {0, 4] is

—2(b — a) O (c)h®
945 :

Eﬂ(f!h) =

Derive Boole’s rule (M = 1, & = 1} by using the method of urdetermined cc-c1ti-
cients: Find the constants wg, w|, w2, w3, and w4 so that

4
fo g dr = wog(0) + wig(l) + w2g(2) + wig(3) + wagd)
is exact for the five functions g{t) = 1, ¢, 2, 13, and +*. Hint. You will get the  ear
system:

wp+wy+ wr+ wi+  wa=4
wr+ 2wz+ 3wi+ dws =8

w) + 4wy + w3+ 16ws = —
w1+ 8wy 4+ 27Tws + 64wy = 64

4
wy + 16wy + 8lws 4 256wy = —1-05£-

Establish the relation B(J) = (16S(J) — S(J — 1))/16 for the case J = 2 Use the
following information:

2k
S(1) = ?(fo +4f+ fa)
and

h
52y = g(fo +A4fi+2a+454+ fa)

. Simpson’s % rule. Consider the trapezoidal rules over the closed interval {xq, Xa]

T(f,3h) = (3h/2)(fo + f3) with step size 34, and T(f, 4) = (B/2)(fo + 2f. +
2 f, + f3) with step size h. Show that the linear combination (97 (£, k) — T (£, 3r))/8
produces Simpson‘s—% rule.

7. Use equations (25) and (26) to establish equation (27).
8. Use equations (28) and (29) to establish equation (30).
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9. Determine the smallest integer X' for which

(@ J78x7dx =256=R(K,K).
) J211x0dx = 2048 = R(K, K).

10. Romberg integration was used to approximate the integrals (i) fol Jx dx and (ii)

fol 2:2 dt, and the results are given in the following table:

Approximations for (i) | Approximations for (ii}

R(D, 0) = 0.5000000 R(0, 0) = 1.0000000
R(1, 1) =0.6380712 R(1, 1) =0.6666667
R(2,2) =0.6577566 R(2,2) =0.6666667
R(3,3) =0.6636076 R(3, 3) =0.6666667
R(4, 4) =0.6655929 R(4, 4) =0.6666667

(a) Use the change of variable x = % and dx = 2rdr and show that the two
integrals have the same numerical value.

(b) Discuss why convergence of the Romberg sequence is slower for integral (i) and
faster for integral (ii).

11. Romberg integration based on the midpoint rule. The composite midpoint rule is

competitive with the composite trapezoidal rule with respect to efﬁc;ency and the

speed of convergence. Use the following facts about the midpoint rule: f fx)dx =
M(f, k) + Ep(f, k). The rule M(f, k) and the error term Eym(f, k) are given by

N
M(f,h)=h§f(a+(k—%)h). whereh:b;}

a

and

Eu(f, h) = a1l + aph* + ash® +

(a) Start with

M(0)=b;a (a;b)‘

Develop the sequential midpoint rule for computing

2/ .
men =misnn = Y f (ot (k- 3) ).
k=1

b—a
where hy = 77

(b) Show how the sequential midpoint rule can be used in place of the sequential
trapezoidal rule in Romberg integration.
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Algorithms and Programs

I. Use Program 7.4 to approximate the definite integrals in Exercise 1 with an accuracy
of 11 decimal places.

2, Use Program 7.4 to approximate the following two definite integrals with an accuracy
of 10 decimal places. The exact value of each definite integral is 7. Explain any
apparent differences in the rates of convergence of the two Romberg sequences.

2 1
(a) f Vax —x%dx ()] f —4—2 dx
0 o 1+x

3. The normal probability density function is f(¢) = (i /\/2Jr)e*’2" 2 and the cumu a-
tive distribution is a function defined by the integral ®(x) = 4 + 7= ey,
Compute values for ¢(0.5), ®(1.0), (1.5), &(2.0), ®(2.5), ¢(3.0), $(3.5), and

$(4.0) that have eight digits of accuracy.

4. Modify Program 7.3 so that it will stop when consecutive values T(K — 1) and T(4 )
for the sequential trapezoidal rule differ by less than 5 x 10~S.

5. Modify Program 7.3 so that it will also compute values for the sequential Simpson
and Boole rules.

6. Modify Program 7.4 so that it uses the sequential midpoint rule to perform Romberg
integration (use the results of Exercise 11). Use your program to approximate tl.e
following integrals with an accuracy of 10 decimal places.

1 1
(@) fo S gy (b) f V1—x2dx
-1

x

7. In Program 7.4 the approximations to a given definite integral are stored on the main

diagonal of a lower-triangular matrix. Modify Program 7.4 so that the rows of the

Romberg integration tableau are sequentially computed and stored in a n x 1 matrix R
hence it saves space. Test your program on the integrals in Exercise 1,

Adaptive Quadrature

The composite quadrature rules necessitate the use of equally spaced points. Typically,
a small step size 4 was used uniformly across the entire interval of integration to ensure
the overall accuracy. This does not take into account that some portions of the curve
may have large functional variations that require more attention than other portions of
the curve. It is useful to introduce a method that adjusts the step size to be smaller
over portions of the curve where a iarger functional variation occurs. This technique is
called adaptive quadrature. The method is based on Simpson’s rule.
Simpson’s rule uses two subintervals over [ag, bi]:

(1) Slag, by) = g(f(ak)+4f(ck)+f(bk)).
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where cx = 2(a + b) is the center of [a;, b] and h = (by — a;) /2. Furthermore. if
f € C*{ay, by}, then there exists a value dy € {ag, by} so that

b @
2) f(x)d.X:S(ak,bk) __hsi_(;dll
@ 90
Refinement

A composite Simpson tule using four subintervals of {ay, ] can be performed by
bisecting this interval into two equal subintervals [ay1, b¢1] and [ag2, byo] and applying
formuia (1) recursively over each piece. Only two additional evaluations of f(x) are
needed, and the result is

h
5 Stagi, br1) + S(ar2, byz) = E(f(akl) +4f(ck1) + fbrr))
)
h
+ g(f(akz) + 4 f(cx2) + fbr2)),

where ay) = ay, be1 = arz = ¢k, bra = by, ¢y is the midpoint of [ax), #x1], and ¢z is
the midpoint of {ax2, br2]. In formula (3) the step size is h/2, which accounts for the
factors /6 on the right side of the equation. Furthermore, if f € C*[a, &), there exists
a value dy € [ay, by] so that

" 1S F (g
@ f(x)dx = S(ag, bry) + Siara. bra) — Ef 9(() .

ak
Assume that f®(d)) & f@ (dy); then the right sides of equations (2) and (4) are
used to obtain the relation

@ PERUTS
(5) Slak. by) —th—uz ~ Sag, by) + S{ag, bya) — __f (c2)

[}

90 16 90
which can be written as
g 16
® —hs% = E(S(akl;bkl) + S(ax2. bra) — Stax, bi)).

Then (6) is substituted in (4) to obtain the error estimate:

by
Fxydx = S(ayy, bey) — Saa, bra)

o

)]
1
Az 5 1S aky. bry) + S{ar, bxa) — Siar, b))l .

Because of the assumption f#(d)) ~ £ (d,), the fraction 15 is replaced with ]'ﬁ on
the right side of (7) when implementing the method. This justifies the following test.
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Accuracy Test

Assume that the tolerance €, > 0 is specified for the interval [ay, by ]. If

1
(8) T0 I5Caks. brt) + S{arz, br2) — S(ay, bi)| < €,

we infer that

by

(9 F(x)dx — Sap1, bra) — S{ag2, bio)| < €.

a
Thus the composite Simpson rule (3) is used to approximate the integral

bi.
{10) FGydx = S(agy, bry) + S(aez, bra),

@

and the error bound for this approximation over [a;, b¢] is €.

Adaptive quadrature is implemented by applying Simpson’s rules (1) and (3). Start
with {[ao. bol, €0}, Where €p is the tolerance for numerical quadrature over [ag. o).
The interval is refined into subintervals labeled [ag;, bp1] and [agy, bg2]. If the accu-
racy test {8) is passed, quadrature formula (3) is applied to [ag. bg) and we are done. If
the test in (8) fails, the two subintervals are relabeled a1, b(] and [ay, b>], over which
we use the tolerances ¢; = %eo and €3 = 5'-60, respectively. Thus we have two in-
tervals with their associated tolerances to consider for further refinement and testing:
{lai. &), €1} and {[a;. B3], €2}, where €] + €3 = €g. If adaptive quadrature must be
continued, the smaller intervals must be refined and tested, each with its own associated
tolerance.

In the second step we first consider {[a;, #,], ¢;} and refine the interval [a1, b)] into
le11. bl and [ay2. by2). If they pass the accuracy test (8) with the tolerance €1, quadra-
ture formula (3) is applied to [ay, 5] and accuracy has been achieved over this interval,
If they fail the test in (8) with the tolerance €, zach subinterval [a11, b1¢] and [a;2, b12)
must be refined and tested in the third step with the reduced tolerance %e 1. Moreover,
the second step involves looking at {[az, b2], €2} and refining (a2, b3] into [az1, b21]
and [aap, b2o]. If they pass the accuracy test (8) with tolerance €;, quadrature formula
(3) is applied to [ar2, &3] and accuracy is achieved over this interval. If they fail the test
in (8) with the tolerance €2, each subinterval a3, b721] and [a22, b22] must be refined
and tested in the third step with the reduced tolerance %ez. Therefore, the second step
produces either three or four intervals, which we relabel consecutively. The three inter-
vals would be relabeled to produce {{[ay, b1], €}, {[a2, b2], €2}, {[az, b3], £3}), where
€1 + €2 + €3 = €. In the case of four intervals, we would obtain [{[«, b1, €1},
{laz. b2]), €2}, {[a3. ba], €3}, {las. 4], €a}}, where €| + €3 + €3 + €4 = €.

If adaptive quadrature must be continued, the smaller intervals must be tested,
each with its own associated tolerance. The error term in (4} shows that each time a
refinement is made over a smaller subinterval there is a reduction of error by about
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Table 7.8  Adaptive Quadrature Computations for f(x) = 13(x — x2)e~3%/2

Error bound on Tolerance ¢
ag by S(agy, br1 )y + Slagz, bi2) the left side of (8) for [ay. by ]
0.0 0.0625 0.02287184840 0.00000001522 0.00000015625
0.0625 | 0.125 0.05948686456 0.00000001316 0.00000015625
0.125 0.1875 0.08434213630 0.00000001 137 0.00000015625
0.1875 | 0.25 . 0.09969871532 0.00000000981 0.00000015625
0.25 0.375 0.21672i36781 0.00000025055 0.0000003125
0.375 0.5 0.20646391592 0.0000001 8402 0.0000003125
0.5 0.625 0.17150617231 0.00000013381 0.0000003125
0.625 0.75 0.12433363793 0.0000G00961 1 0.0000003125
0.75 0.875 0.07324515141 0.00000006799 0.0000003125
0.875 1.0 0.02352883215 6.00000004718 0.0000003125
1.0 1.125 —0.02166038952 0.00000003192 0.0000003125
1.125 1.25 —0.06065079384 0.00000002084 0.0000003125

1.25 L5 —0.21080823822 0.00000031714 0.000000625
1.5 20 —0.60550965007 0.00000003195 0.00000125
2.0 2.25 ~0.31985720175 0.00000008106 0.000000625
2,25 2.5 —0.30061749228 0.00000008301 0.000000625
2.5 2,75 —0.27009962412 0.00000007071 0.000000625
275 3.0 —0.23474721177 0.00000005447 0.000000625
3.0 3.5 —0.36389799695 0.00000103699 0.00000125
35 4.0 —0.24313827772 0.00000041708 0.00060125

Totals | —1.54878823413 0.00000296809 0.00001

a factor of 1—15. Thus the process will terminate after a finite number of steps. The
bookkeeping for implementing the method includes a sentinel variable which indicates
if a particular subinterval has passed its accuracy test. To avoid unnecessary additional
evaluations of f (x), the function values can be included in a data list corresponding to
each subinterval. The details are shown in Program 7.6.

Example 7.16. Use adaptive quadrature to numerically approximate the value of the
definite integral f(;‘ 13(x — x2)e~3*/2 dx with the starting tolerance ey = 0.00001.

Implementation of the method revealed that 20 subintervals are needed. Table 7.8 lists
each interval [ag. b;], composite Simpson rule S{ag1. be1)+S(ax,, byz), the error bound for
this approximation, and the associated tolerance ¢,. The approximate value of the integral
is obtained by summing the Simpson rule approximations to get

4
an f 130x —x2e 2 dx ~ —1.54878823413.
0
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-1.5 -

Figure 7.9 The subintervals of [0, 4] used in adaptive
guadrature.

The true value of the integral is

4 -6 _
f 130 — xDye-3r/2 gy = H108¢ 6= 52
o 27

= —1.5487883725279481333.

(12)

Therefore, the error for adaptive quadrature is
(13) | — 1.54878837253 — (—1.54878823413)| = 0.00000013840,

which is smaller than the specified tolerance g = 0.00001. The adaptive method nvolves
20 subintervals of [0, 4], and 81 function evaluations were used. Figure 7.9 shows the grarh
of y = f(x) and these 20 subintervals. The intervals are smaller where a larger functional
variation occurs near the origin.

In the refinement and testing process in the adaptive method, the first four intervals
were bisected into eight subintetvals of width 0.03125, If this uniform spacing is contin-
ued throughout the interval [0, 4], M = 128 subintervals are required for the composite
Simpson rule, which yields the approximation —1.54878844029, which is in error by the
amount 0.00000006776. Although the composite Simpson method contains half the error
of the adaptive quadrature method, 176 more function evaluations are required. This gain
of accuracy is negligibie; hence there is a considerable saving of computing effort with the
adaptive method. ]

Program 7.5, srule, is a modification of Simpson’s rule from Section 7.1. The
output is a vector Z that contains the results of Simpson’s rule on the interval (a0, bul.
Program 7.6 calls srule as a subroutine to carry out Simpson’s rule on each of the
subintervals generated by the adaptive quadrature process.
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Program 7.5 (Simpson’s Rule). To approximate the integral

50
f fx)dx =~ g(f(a0)+4f(c'0)+f(b0))
a0

by using Simpson's rule, where ¢0 = (a0 + 50}/2.
function Z=srule(f,al,b0,to0l0)

%4Input - f is the integrand input as a string °f’
A - a0 and b0 are upper and lower limits of integration
% - tol0 is the tolerance

% Output - Z is a 1x6 vector [a0 B0 S S2 err toll]
n={p0-20)/2;
=zeros(1,3);
C=feval(f, [a0 (a0+b0)}/2 bOl);
S=h*(C(1)+4*C(2)+C(3))/3;
32=5;
{ol1=tol0;
err=tol0;
Z=[a0 b0 S $2 err tolll;

Program 7.6 produces a matrix SRmat, gquad (adaptive quadrature approximation
to definite integral) and err (the error bound for the approximation). The rows of
SRmat consist of the end points, the Simpson’s rule approximation, and the error bound
on each subinterval generated by the adaptive quadrature process.

f’-’rogram 7.6 (Adaptive Quadrature Using Simpson’s Rule). To approximate
the integral

b M
f FOdx ) (f (akma) +4F (caimd) + 2 (xak-2)
a k=1

+ 4 f (xap—1) + f(xar)).

 The composite Simpson rule is applied to the 4M subintervals [x4i—4, x4z ], where
fe, b) = [x0, xam) and Xgg_a4; = Xaia + jhy, foreachk =1,... . Mand j = 1,
-

function [SRmat,quad,err]=adapt(f,a,b,tol)

%fnput - f is the integrand inmput as a string ’f’

% - a and b are upper and lower limits of integration
% - tol is the tolerance

%0utput - SRmat is the table of values

9 - guad is the quadrature value

% - err is the error estimate




388 CHAP.7 NUMERICAL INTEGRATION

%Initialize values
SRmat = zeros(30,6);
iterating=0;
done=1;
SRvec=zeros(1,6);
SRvec=srule(f,a,b,tol);
SRmat(1,1:8)=3Rvec;
m=i;
state=iterating;
while{state==iterating)
n=m;
for j=n:-1:1
p=i;
SROvec=8Rmat (p,:);
err=SR0vec(5);
tol=SROvec(6);
if (tol<=err)
%Bisect interval,apply Simpson’s rule
%recursively, and determine error
state=done;
SRlvec=3R0vec;
SR2vec=SROvec;
a=SROvec(1);
b=SROvec(2);
c=(a+b)/2;
err=SR0Ovec(5);
tol=SR0vec(6);
tol2=tol/2;
SRivec=srule(f,a,c,tol2);
SR2vec=srule(f,c¢,b,t0l2);

err=abs (SROvec(3)-SRlvec{3)-SR2vec(3))/1

%Accuracy test

if (err<tol)
SRmat (p, : )=SROvec;
SRmat (p,4)=SR1vec(3)+5R2vec(3);
SRmat (p,5)=err;

else
SRmat (p+1i:m+1,:)=SRmat(p:m,:);
m=m+1 ;
SRmat {p, :)=SRlvec;
SRmat (pt+1, :)=8R2vec;
state=iterating;

end
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end
end
end
quad=sum{SRmat (:,4));
err=sum(abs (SRmat (:,5)));
SRmat=SRmat(1:m,1:6);

Algorithms and Programs

1. Use Program 7.6 to approximate the value of the definite integral. Use the starting
tolerance ¢o = 0.00001.
1

|’ 3
@) f l“fxs) ) [D sin(4x)e™>dx (o) Dm-}—dx

2
@) / -—ldx (e) [ sm( )dx ® f Viax — x?dx
0 X2+ 3 1/(2rr)

2. For each of the definite integrals in Problemn 1 construct a graph analogous to Fig-
ure 7.9. Hint. The first column of SRmat contains the end points (except for &)
of the subintervals from the adaptive quadrature process. If T=SRmat(:,1) and
Z=zeros (length(T))’, then plot(T,Z,’.?) will produce the subintervals (ex-
cept for the right end point ).

3. Modify Program 7.6 so that Boole’s rule is used in each subinterval [ay, by ].

4, Use the modified program in Problem 3 to compute approximations and construct
graphs analogous to Figure 7.9 for the definite integrals in Problem 1.

1.5 Gauss-Legendre Integration (Optional)

We wish to find the area under the curve
y=fx), -—-l=sx=l.

What method gives the best answer if only two function evaluations are to be made?
We have already seen that the trapezoidal rule is a method for finding the area under
the curve and that it uses two function evaluations at the end points {(—1. f(—1)), and
(1, f(1)). But if the graph of y = f(x) is concave down, the error in approximation
is the entire region that lies between the curve and the line segment joining the pomts
(see Figure 7.10(a)).

If we can use nodes x| and x that lie inside the interval [—1, 1], the line through
the two points (x1, f(x1)) and {x2, f(x2)) crosses the curve, and the area under the tine
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¥ = flx)
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Figure 7.10  (a) Trapezoidal approximation using the abscissas —1 and 1. (b) Trapezoidal
approximation using the abscissas x| and x3.

more closely approximates the area under the curve (see Figure 7.10(b)). The equation
of the line is

= x){(f(x2) — f(x1))

X2 — X3

(1} y=fl)+

and the area of the trapezoid under the line is

\ 2x2
(2 Atrap ="
X2 — X1

2x
Flan) = ———f(x2).
X2 — x|
Notice that the trapezoidal rule is a special case of (2). When we choose x4 = -1,
x> =1,and h = 2, then
2 -2
T(f.h)= Ef(m) - ?f(xz) = fla)+ f(x2).

We shall use the method of undetermined coefficients to find the abscis-.i~ xy, x2
and weights wy, w7 so that the formula

1
3) -[1 Flxdydx = wy f(x1) + wa f(x2)

is exact for cubic polynomials (i.e., f(x) = a3x> + @2x2 + ajx + ap). Since four
coefficients w, wy, x1, and x2 need to be determined in equation (3), we can select
four conditions to be satisfied. Using the fact that integration is additive, it will suffice
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to require that (3) be exact for the four functions f(x) = 1, x, x2, x*. The four integrai
conditions are

1
fxy=1: f ldx=2=wi+un
-1

1
F) =x: f xdx =0 = wix; + wyxs
G —ll )

f(x)=x2: f x2dx =:§—_—w]x]2+wa§

-t

1
fxy=x> j P dx = 0= wix} + wax}.

-1

Now solve the system of nonlinear equations

%) w +wy=2

©) WiX) = —waxy
2

Q) wix +wnpx} = 2

(8) wlx? = —wzxg‘

We can divide (8) by (6) and the result is

(9) 2=x} o x =-x.

Use (9) and divide (6) by x on the left and —x, on the right to get
(10) w) = wy.

Substituting (10) into (5) results in w; + w; = 2. Hence

(11) wy =wy=1.

Now using (11} and (9) in (7), we write

2 1
(12) wyx? + wyx? = xzz +x3 = 3 o x% =3

Finally, from (12) and (9) we see that the nodes are
—x1 = x2 = 1/3Y% % 0.5773502692.

We have found the nodes and weights that make up the two-point Gauss-Legendre
rule. Since the formula is exact for cubic equations, the error term will involve the
fourth derivative. A discussion of the error term can be found in Reference [41].
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Theorem 7.8 (Gauss-Legendre Two-Point Rule). If f is continuous on [-1, 1].
then

(13) /:I. f(x)dxzcz(f)=f(%)+f(—j§).

The Gauss-Legendre rule G2(f) has degree of precision n = 3, If f € C*[-1, 1].
then

! -1 1
[rwa=1(Z)+1(5)
_]f(x) x=f 7 +f 7 + E2(f),
where
@
15 =
{ Ex(f) &35

Example 7.17. Use the two-point Gauss-Legendre rule to approximate
j A ) - (1) ~ 1.09
71x+2_n() n(1) =~ 1.09861

and compare the result with the trapezoidal rule T(f, ) with & = 2 and Simpson’s ruie
S(f.hywithh = 1.
Let G2( f) denote the two-point Gauss-Legendre rule; then

Ga(f) = f(—0.5T735) + f(0.57735)
= 0.70291 + 0.38800 = 1.09091.

T(f,2) = F{—1.00000) + f(1.00000)
= 1.00000 + 0.33333 = 1.33333,

SO +47 0+ f(1) 14243

S/ =
L 3 3

= 111111

The errors are 0.00770, ~-0.23472, and —0.01250, respectively, so the Gauss-Legendre
rule is seen to be best. Notice that the Gauss-Legendre rule required only two function
evaluations and Simpsen’s rule required three. In this example the size of the emror (or
G2(f) is about 61% of the size of the etror for S(f, 1). "

The general N-point Gauss-Legendre rule is exact for polynomial functions of
degree < 2N — 1, and the numerical integration formula is

(16) CGru(f)=wyi fOn ) +waaflan2) + - +wny flxwn).
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Table 7.9 Gauss-Legendre Abscissas and Weights

1 N
[ r0ax = wnesonn + Ene)
- k=1
Truncation error,

Abscissas, Xy & Weights, wx i Ex(f)
—0.5773502692 1.0000000000 £

0.5773502692 10000000000 135
+0.7745966692 0.5555555556 [(6) (©

0.0000000000 0.8883888888 15,750
+0.8611363116 (1.3478548451 8) (o
+0.3399810436 0.6521451549 3.472.875
+0.9061798459 0.2369268851 v,
+0.5384693101 0.4786286705 1,237,732.650

0.0000000000 0.5688888888
+0.9324695142 0.1713244924 FU2 (121361
+0.6612093863 0.3607615730 G2 13!
+0.2386191861 0.4679139346
+0.9491079123 0.1294849662 92
+0.7415311856 0.2797053915 (14n315!
+0.4058451514 0.3818300505

0.0000600000 0.4179591837
+0.9602898565 0.1012285363 FUO (217 (8t
+0.7966664774 0.2223810345 A6D3IT!
+0.5255324099 0.3137066459
+0.1834346425 0.3626837834

393

The abscissas x4 and weights wy k to be used have been tabulated and are easily
available: Table 7.9 gives the values up to eight points. Also included in the table is

the form of the error term Ex(f) that corresponds to G (), and it can be used t©
determine the accuracy of the Gauss-Legendre integraticn formula.

The values in Table 7.9 in general have no easy representation. This fact makes the
method iess attractive for humans to use when hand calculations are required. But once
the values are stored in a computer it is easy to call them up when needed. The nodes
are actually roots of the Legendre polynomials, and the corresponding weights must
be obtained by solving a system of equations. For the three-point Gauss-Legendre rule
the nodes are —(0.6)1/2, 0, and (0.6)'/2, and the corresponding weights are 5/9, 8/9,
and 5/9
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Theorem 7.9 (Gauss-Legendre Three-point Rule). If f is continuous on [ -1, ! .

then

5£(=+/3/5) +8£(0) +5f(/3/3)
5 :

1
a7 f f(8)dx = Ga() =

The Gauss-Legendre rule G3(f) has degree of precisionn = 5. If f € CS[—1, |].
then

l —
(18) /; Fydr = V3 5_)+8£(0)+5f(~/375) +EOD.
where
)
19 =
(19) E3(f} 15.750"

Exampie 7.18. Show that the three-point Gauss-Legendre rule is exact for
1
f Sxtdx =2 = Gs(f).
-1
Since the integrand is f(x) = 5x* and f®(x) = 0, we can use (19) to sec the
E3(f) = 0. But it is instructive to use (17) and do the calculations in this case.
5(5)(0.6)> + 0+ 5(5)(0.6)* 18
9 9
The next result shows how to change the variable of integration so that the Gauss-
Legendre rules can be used on the interval [a, &).

G3(f)= =2 B

Theorem 7.10 (The Gauss—Legendre Translation). Suppose that the abscissas
[xn ;[}k , and weights {wy, k}k , are given for the N-point Gauss-Legendre rule over
{—1, 1]. To apply the rule over the interval {a, b}, use the change of variable

a+b b-a b—a

20 f= 3
(20) 2+2tandd12

Il

dx.

Then the relationship

b ! b b-a b—a
@1 f d =f (“+ )
} : fayd: _lf 5 + 5% ) dx

is used to obtain the quadrature formula

b b—a a+b b-a
22) Lf(r)d;:T;wN,kf( T t3 xN,k).
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Example 7.19. Use the three-point Gauss-Legendre rule to approximate
5dt
f - = In(5) — In(1) = 1.609438
1
and compare the result with Boole’s rule B(2) with h = 1.

Herea = 1 and b = 5, so the rule in (22) yields

5F3—200.6)")+8fG+0+5F3 +2(0.6)'/2
Gi(f) = @) b 0.6) /) f(g Y+ 5£( 0.6)"/°)

- 3.446359 + 2.666667 + 1.099096

= 9
In Example 7.13 we saw that Boole’s rule gave B(2) = 1.617778. The errors are
0.006744 and —0.008340, respectively, so that the Gauss-Legendre rule is slightly better
in this case. Notice that the Gauss-Legendre rule requires three function evaluations and
Boole’s rule requires five. In this example the size of the two errors is about the same. =

= 1.602694.

Gauss-Legendre integration formulas are extremnely accurate, and they should be
considered seriously when many integrals of a similar nature are to be evaluated. In
this case, proceed as follows. Pick a few representative integrals, including some with
the worst behavior that is likely to occur. Determine the number of sample points
N that is needed to obtain the required accuracy. Then fix the value N, and use the
Gauss-Legendre rule with NV sample points for all the integrals.

For a given value of N, Program 7.7 requires that the abscissas and weights from
Table 7.9 be saved in 1 x N matrices 4 and W, respectively. This can be done in
the MATLAB command window or the matrices can be saved as M-files. It would
be expedient to save Table 7.9 in a 35 x 2 matrix G. The first column of G would
contain the abscissas and the second column the corresponding weights. Then, for a
given value of N, the matrices A and W would be submatrices of G. For example, if
N = 3, then 4=G(3:5,1)’ and W=G(3:5,2) °.

Program 7.7 (Gauss-Legendre Quadrature). To approximate the integral
b b—a &
[ rwrdx =252 unasann
a k=1

by sampling f (x) at the N unequally spaced points {tN,k}le. The changes of vari-
able
a+b b-a b-a

t = 5 + 2.t and dtf=

dx

are used. The abscissas {xN}k},?’z ; and the corresponding weights {wN_k],’L] must
be obtained from a table of known values.

function quad=gauss(f,a,b,A4,W)
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%Input -
Y -

is the integrand input as a string °'f°’

and b are upper and lower limits of integration
i - A is the 1 x K vector of abecissas from Table 7.9
b -~ W is the 1 x N vector of weights from Table 7.9
%Output - quad is the quadrature value

N=length(A);

T=zeros(1,N);

T=((a+b) /2)+((b-a) /2) *4A;
quad={(b-a)/2)*sum(¥. *feval (f,T)};

= > Hh

Exercises for Gauss-Legendre Integration (Qptional)

In Exercises 1 through 4, show that the two integrals are equivalent and calculate Ga( f).

2 I
L f 6wr5dz=f 6(x + 1Y dx
i) -

i
1 -1

2
2. f :;in(r)dr:f sin(x + D dx
[

! sin(e) ! sin((x + 1)/2) L 1 [ e tet/g
3. / -——dt:/ —_— 4, u——:f LY /e—— —_— X
o ! -1 x4 1 @ Vi Jo ¢ 21 J-1 2

5 1 T ) 1 . T
< fu cos(0.6sin(?)} dt = 0.5 L 1 cos (0.65m ((x + 1)5)) dx

6. Use Ex(f) in Table 7.9 and the change of variable given in Theorem 7.10 to find the
smallest integer N so that Ey (f) = O for
@ fZ8x7dx =256 =Gn(f).
(B I 11x9dx = 2048 = Gn(f).

7. Find the roots of the foliowing Legendre polynomials and compare them with the
abscissa in Table 7.9.
(@) Pyx) = (x>~ 1)/2
(b) Py(x) = (5x3 - 3x)/2
(€} Py(x) = (35x* - 30x2 +3)/8

8. The truncation error term for the two-point Gauss-Legendre rule on the closed in-
terval [—1, 1]is f®(c;)/135. The truncation error for Simpson’s rule on [a, 5] is
—h3 %} (¢2)/90. Compare the truncation error terms when [a, b] = [~1, 1]. Which
method do you think is best? Why?

9. The three-point Gauss-Legendre rule is

] - 172 12
]fmdm”‘ (0.6 )+3£(03+5f((0.6) )
-1

Show that the formula is exact for f(x) = 1, x, x%, x3, x*, x5, Hint. I f is an odd
function (i.e., f(—x) = f(x)), the integral of f over [—1, 1] is zero.
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10. The truncation error term for the three-point Gauss-Legendre rule on the interval
[—1, 1] is f®(c;)/15,750. The truncation error term for Boole's rule on [a, b} is
—8h £6)(c2) /945, Compare the error terms when [a, ] = [-1, 1]. Which method
is better? Why?

Derive the three-point Gauss-Legendre rule using the following steps. Use the fact
that the abscissas are the roots of the Legendre polynomial of degree 3.

1n

xi=—-06"72 x=0 1=06
Find the weights w, w2, w3 so that the relation
f ]; Fxydx = wy f(—(0.6)'2) + wa f (0 + w3 £((0.6)/%)
is exact for the functions f(x) = 1, x, and x2. Hint. First obtain, and then solve the

linear system of equations
wy+wrt+wy=2
—(0.6)!*w + (0.6)/*w3 =0
2
0.6w; + 0.6w3 = 3-
12. In practice, if many integrals of a similar type are evaluated, a preliminary analysis is

made to determine the number of function evaluations required to obtain the desired
accuracy. Suppose that 17 function evaluations are to be made. Compare the Romberg

answer R(4, 4) with the Gauss- Legendre answer G17(f).

Algorithms and Programs

1. For each of the integrals in Exercises ! through 5, use Program 7.7 to find Ge(f).
Gy(f}, and Gg(f).
2.-(a) Modify Program 7.7 so that it will compute G1(f), G2(f), ..., Gg(f) and stop
when the relative error in the approximations G y—; (f) and Gy (f) is less than
the preassigned value tol, that is

2681 (f) — Gu(f) < tol.
[Gn-1(f) + Gu{NI

Hint. As discussed at the end of the section, save Table 7.9 in an M-file G as a
35 x 2 matrix G. .

() Use your program from part (a) to approximate the integrals in Exercises 1
through 5 with an accuracy of five decimal places.
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3. (a) Use the six-point Gauss-Legendre rule to approximate the solution of the inte
gral equation

3
vix) = x2+0.1 f (Jc2 + Hu(t)dt.
0
Substitute your approximate solution into the right-hand side of the integral

equation and simplify.
(b) Repeat part (a) using an eight-point Gauss-Legendre rule.



Numerical
Optimization

The two-dimensional wave equation is used in mechanical engineering to model vi-
brations in rectangular plates. If the plates have all four edges clamped, the sinusoidal
vibrations are described with a double Fourier series. Suppose that at a certain instant

(@) )]

Figure 8.1 (a) The displacement z = f(x, ¥} of a vibrating plate. (b) The contour plot »
fx, yy = C for a vibrating plate.

399
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of time the height z = f(x, ¥} over the point (x, y) is given by the function

2= f{x, y) = 0.02sin{x) sin(y) — 0.03 sin(2x) sin(y)
+ 0.04 sin(x) sin(2y) + Q.08 sin(2x) sind2y}.

Where are the points of maximum deflection located? Looking at the three-dime;
sional graph and the companion contour plot in Figure 8.1(a} and (b), respectively, w
see that there are two local minima and two local maxima over the square 0 < x <1z
0 < y < m. Numerical methods can be used to determine their approximate location

F(0.8278,2.3322) = —0.1200 and  f(2.5351,0.6298) = ~0.0264
are the local minima, and

f(0.9241,0,7640) = 0.0998 and  f(2.3979, 2.2287) = 0.0853

are the local maxima.
In this chapter we give a brief inttoduction to some of the basic methods for locat

ing extrema of functions of one or several variables.

Minimization of a Function

Definition 8.1 (Local Extremum). The function f is said to have a local minimum
value at x = p, if there exists an open interval / containing p so that f(p) < fix) for
all x € /. Similarly, f is said to have a local maximum value at x = p if f(x) < f(p)
for all x € I. i f has either a local minimum or maximum value at x = p, it is said
to have a local extremum at x = p. A

Definition 8.2 (Increasing and Decreasing). Assume that f(x) is defined on the
interval /.

(i) If x; < xp implies that £(x1) < f(x2) forall xy, x2 € {, then f is said to be
increasing on [.

(i) If x; < xp implies that f(x)} > f(x2) forall x|, x2 € {, then f is said to be
decreasing on 1. s

Theorem 8.1. Suppose that f(x) is continuous on / = [a. b] and is differentiable on
(a. b).

(i) If f'(x) » Oforall x € (a, b), then f(x) is increasing on J.
(i) If f'{x) < Oforall x € {a, b}, then f(x) is decreasing on {.

Theorem 8.2. Assume that f(x) is defined on [ = (a, b] and has a local extremom
at an interior point p € (a, b). If f(x) is differentiable at x = p, then f'(p) =0
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Theorem 8.3 (First Derivative Test). Assume that f(x) is continuouson [ = fa. b}.
Furthermore, suppose that f’(x) is defined for all x € (a, b), except possibly at x = p.
(i} If f'(x) < Oon{a, p)and f'(x) > Oon {p, b), then f(p) is a local minimum.
(i) ¥ f'(x} > Oon (a, p) and f'(x) < Oon (p, b),then f(p) is a local maximum.

Theorem 8.4 (Second Derivative Test). Assume that f is continuous on [a, b} and
fand f " are defined on (a, b). Also, suppose that p € (a, b) is a critical point where
fl(p)y=
() If f”(p) > O, then f(p)is alocal minimum of f.
{i) If f”{p) < 0, then f(p) is a local maximum of f.
(iii) If f”(p) = 0, then this test is inconclusive.

Example 8.1. Use the second derivative test to classify the local extrema of f(x) =
x4+ x2 — x + 1 on the interval [-2, 2].

The first derivative is f'(x) = 3x2 + 2x — 1 = (3x — I)(x + 1), and the second
derivative is £ (x) = 6x + 2. There are two points where f'(x) =0 (e, x = 1/3,-1).

Case (i) Atx = 1/3 we find that f"(1/3) = O and f"(1/3) =4 > 0, so that f(x) has
alocal minimum at x = 1/3.

Case (ii): Atx = —1 we find that f'(—1) = 0 and f"(—1) = —4 < 0, so that f(x)
has a local maximum at x = —1. »

Search Method

Another method for finding the minimum of f(x) is to evaluate the function many
times and search for a local minimum. To reduce the number of function evaluations,
it is important to have a good strategy for determining where f(x) is evaluated. One
of the most efficient methods is called the golden ratio search, which is named for the
ratio’s involvement in selecting the points.

'The Golden Ratio
Let the mmal interval be 0,11 If05 <r < 1, then 0 < 1 —r < 0.5 and the interval
is divided into three subintervals [0, 1 -~ r], [1 — r, 7], and [r. 1]. A decision process

is used to either squeeze from the right and get the new interval [0, r] or squeeze from

‘the left and get {1 — r, 1]. Then this new subinterval is divided into three subintervais

in the same ratio as was [0, 1].

We want to choose r so that one of the old points will be in the cormrect position
with respect to the new interval as shown in Figure 8.2, This implies that the ratio
(1~ r): r be the same as r : 1. Hence r sansﬁes the equation 1 — r = r2, which
can be expressed as a quadratic equation rf+ 7 —1 = 0. The solution r satisfying

05<r <lisfoundiober = (ﬁ— 1)[2.

To use the golden search for finding the minimum of f(x), a special condition
must bemet to ensure that there is a proper minimum in the interval.
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0 1-r r 1 0 1-r r 1
E | 1 E { : j
C T U o | =

rt 1-,2
Bt } 3 E t 1 3
0 l-r 1-r r

Squeeze from the left and

Squeeze from the right and :
the rew interval is [1 — r. 1].

the new interval is [0, r].

Figure 8.2 The intervals involved in the golden ratio search.

v=f(x) y=fx)

c d b a I d h
If f(c} = f(d) then squeeze If f{d) < f(c) then squeeze
from the right and use [a, 4] from the left and use [c, b}

Figure 8.3 The decision process for the golden ratio search.

Definition 8.3 (Unimodal Function). The function f{x) is unimodalon I = [a 6],
if there exists a unique number p € [ such that

(1) f{x) is decreasing on [a, p]
(2) f{x) is increasing on {p, b]. 4

If £(x) is known to be unimodal on [a, £], it is possible to replace the interval v'ti*a"\
a subinterval on which f(x) takes on its minimum value. The golden search requires
that two interior points ¢ = a + (1 — r){b —a) andd = a 4+ r(b — a) be used, w?\g,re
r is the golden ration mentioned above. This results in 2 < ¢ < d < b. The conditioh
that f(x) is unimodal guarantees that the function values f(c) and f(d) are less than
max{ f(a), f(b)}. We have two cases to consider {sec Figure 8.3).

If f(c) < f(d),the minimum must occur in the subinterval [a, 4] and we re_p!ace b
wirh 4 and continue the search in the new subinterval. If f(d) < f(c), the minimum
must occur in [¢, b] and we replace a with ¢ and continue the search. The next example
compares the root-finding method with the golden search method.
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Table 8.1  Secant Method for
Solving f'(x} = 2x — cos(x) = 0

Pk 2pp — cos(py)

0.000000¢ | —1.00000000
1.0000000 1.45969769
0.4065540 | —0.10538092
0.4465123 | —0.00893398
0.4502137 0.00007329
0.4501836 | —0.00000005

bW S| -

‘Table 82 Goiden Search for the Minimum of F)=x2~ sin(x)

ay ck d; by fler) fldy)

0.0000000 | 0.3819660 | 0.6180340 i —~0.22684748 | -0.19746793
0.0000000 | 0.2360680 | 0.3819660 | 0.6180340 | —0.17815339 | —0.22684748
0.2360680 | 0.3819660 | 0.4721360 | 0.6180340 | —0.22684748 | —0.23187724
03819660 | 0.4721360 | 0.5278640 | 0.6180340 | —0.23187724 —0.22504882
0.3819660 | 0.4376941 | 0.4721360 | 0.5278640 | —0.23227504 —0.22187724
0.3819660 | 04164079 | 0.4376941 | 0.4721360 | —0.23108238 | —0.23227594
0.4164079 | 0.4376941 | 0.4508497 | 0.4721360 | —0.23227594 | —0.23246503

S R LN = O A

21 | 04501574 | 04501730 | 0.4501827 | 04501983 | —0.23246558 | —0.23246558
22 | 04501730 | 0.4501827 | 0.4501886 | 0.4501983 | —0.23246558 | —0.23246558
23 | 04501827 | Q4501886 | 0.4501923 | 0.4501983 | —0.23246558 | —0.23246558

Example 8.2. Find the minimum of the unimodal function f(x) = x? — sin(x) on [0, 1.

Solution by solving f’(x) = 0. A root-finding method can be used to determine where
the derivative f'(x) = 2x — cos(x) is zero. Since f/(0) = —1 and S = 1.4596977,
arootof f'(x) lies in the interval [0, 1]. Starting with pg = 0 and p; = 1, Table 8.1 shows
the iterations.

The conclusion from applying the secant method is that f '(0.4501836) = 0. The
second derivative is £ (x) = 2+ sin(x) and we compute £”(0.4561836) = 2.435131 > 0.
Hence the minimum value is £(0.4501836) = —0.2324656.

Sclution using the golden search. At each step, the function values f(c) and f(d)
are compared and a decision is made as to whether to continue the search in [a,d])or{c, b].
Some of the computations are shown in Table 8.2.

At the twenty-third iteration the interval has been narrowed down to lazs, ba3] =
(o 4501827, 0.4501983). This interval has width 0.0000156. However, the computed func-
tion values at the end points agree to eight decimal places (i.c., Slas) = —0.23246558 ~
£ (523)); hence the algorithm is terminated. A problem in using search methods is that the
function may be flat near the minimum, and this limits the accuracy that can be obtained.
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The secant method was able to find the more accurate answer ps = 0.4501836.
Although the golden search is slower in this example, it has the desirable feature 1hat
it can be applied in cases where f(x) is not differentiable. E

Finding Extreme Values of f(x, y)

Definition 8.1 is easily extended to functions of several variables. Suppose that f(x. 1)
is defined in the region

3) R={(x,y):(x—pl+(y~gP <r).

The function f(x, y) has a local minimum at (p, g) provided that

4 f(p.q) = f(x,y) foreach point (x, y) € R.

The function f(x, y) has a local maximum at (p, q) provided that

(5) flx,¥) =< f(p,q) foreachpoint (x, y) € R,

The second derivative test for an extreme value is an extension of Theorem 8.4.

Theorem 8.5 (Second Derivative Test). Assume that f(x, y) and its first- and
second-order partial derivatives are continuous on a region R. Suppose that ( p.g)e R
Is a critical point where both f, (p, ¢) = O and £,(p. ¢) = 0. The higher-order partia|
derivatives are nsed to determine the nature of the critical point,

) If fex(p. ) fiy(p.q) — fAAp.q) > 0and fi(p,q) > O, then f(p.q) i~ u
local minirmum of f.

(i) U fur(p, @) oy(P. @) = f3,(p.q) > Oand fix(p.q) < O, then f(p,q) is a
local maximum of f.

(i) ¥ for(p.q) fyp(p.q) — ffy(p. q) < 0, then f(x, y) does not not have a locul
extremum at (p, g).

V) If fer(p, @) fyy(p.g) — f_fy (p. g) = 0, this test is inconclusive.

Example 8.3. Find the minimum of f(x, y) = x% —4x +y2 — y — Xy.
The first-order partial derivatives are

(6) fixy)=2x=4—y and fy(x,y)=2y—-1-x
Setting these partial derivatives equal to zero yields the linear system

2x —y=4

(N
—x+2y =1

SEC. 8.1 MINIMIZATION OF A FUNCTION 405

The solution to (7) is {x, y} = (3, 2). The second-order partial derivatives of f(x, y) are
Fxlx,yy=2,  fipx,y)=2, and foy(x,y) =1
It is easy to see that we have case (i) of Theorem 8.5, that is
(3.2 £33, - fA3.2=3>0 and fx(3.2)=2>0.

Hence f(x, y) has a local minimum f(3, 2) = ~-7 at the point (3, 2). »

The Nelder-Mead Method

A simplex method for finding a local minimum of a function of several variables has
been devised by Nelder and Mead. For two variables, a simplex is a triangle, and
the method is a pattern search that compares function values at the three vertices of a
triangle. The worst vertex, where f(x, y) is largest, is rejected and replaced with a new
vertex. A new triangle is formed and the search is continued. The process generates
a sequence of triangles (which might have different shapes), for which the function
values at the vertices get smaller and smaller. The size of the triangles is reduced and
the coordinates of the minimum point are found.

The algorithm is stated using the term simplex (a generalized triangle in N di-
mensions) and will find the minimum of a function of N variables. It is effective and
computationally compact.

The Initial Triangle BGW

Let f(x, ¥) be the function that is to be minimized. To start, we are given three vertices
of a triangle: V¢ = (xz, y&). k = 1, 2, 3. The function f(x, y) is then evaluated at each
of the three points z;x = f{(xx, yx) for k = 1, 2, 3. The subscripts are then reordered so
that z; < zp < z3. We use the notation

(8) B=(x,y1), G=1(xz2,y)., and W =(x3,y3)
io help remember that B is the best vertex, G is good (next to best), and W is the worst

vertex.

Midpoint of the Good Side

“The construction process uses the midpoint of the line segment joining B and G . It is
found by averaging the coordinates:

) M=B+G:(I|+xz y1+yz),

2 2 72
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Figure 84 The triangle ABGW

R for the Nelder-Mead method.

G

Figure 8.5 The triangle ABGW and point R and extended point E.

Reflection Using the Point R

The function decreases as we move along the side of the triangle from W to B, and it
decreases as we move along the side from W to G. Hence it is feasible that f(x, v)
takes on smaller values at points that lie away from W on the opposite side of the line
between B and G. We choose a test point R that is obtained by “reflecting” the triangle
through the side BG. To determine R, we first find the midpoint M of the side B( .
Then draw the line segment from W to M and call its length d. This last segment i<
extended a distance d through M to locate the point R (see Figure 8.4). The vector
formuia for R is

(10) R=M+M-W)=2M—-W

Expansion Using the Point E

If the function value at R is smaller than the function value at W, then we have moved
in the correct direction toward the minimum. Perhaps the minimum is just a bit fanther
than the point R. So we extend the line segment through M and R to the point E
This forms an expanded triangle 3G E. The point E is found by moving an additior: |
distance d along the line joining M and R (see Figure 8.5). If the function value at £

and midpoint M and reflected point;
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Figure 8.6 The contraction point
C) or €y for Nelder-Mead method.

is less than the function value at R, then we have found a better vertex than R. The
vector formula for E is

Figure 8.7 Shrinking the triangle
toward B.

(11) E=R+(R-M)=2R-M.

Contraction Using the Point C

If the functien values at R and W are the same, another point must be tested. Perhaps
the function is smaller at M, but we cannot replace W with M because we > we musl have
a triangle. Consider the two midpoints C; and C> of the line segments WA and MR,
respectively (see Figure 8.6). The point with the smaller function value is called C,
and the new triangle is BGC. Note: the choice between €| and C, might seem
inappropriate for the two-dimensional case, but it is important in higher dimensions.

Shrink toward B

I the function value at C is not less than the value at W, the points G and W must be
shrunk toward B (see Figure 8.7). The point G is replaced with M, and W is replaced
with §, which is the midpoint of the line segment joining B with W.



408 CHAP. 8 NUMERICAL OPTIMIZATION

Table 8.3 Logical Decisions for the Nelder-Mead Algorithm

IF f(R) < f(G), THEN Perform Case (i) {either reflect or extend|
ELSE Perform Case (ii) {either contract or shrink}

BEGIN {Case (ii).}
IF f(B) < f{R) THEN IF f(R) < f(W) THEN

replace W with R L replace W with R
ELSE Compute C = (W + M)/2
or C = (M + R)/2and f(C)
IF f(C) < f(W) THEN

replace W with C

BEGIN {Case (i).}

Compute E and f(E)
IF f(E) < f(B) THEN

replace W with E ELSE
ELSE Compute S and f(S$)
replace W with R replace W with §
ENDIF replace G with M
ENDIF ENDIF
END {Case (i).} END {Case (ii).}

Logical Decisions for Each Step

A computationally efficient algorithm should perform function evaluations only i:
needed. In each step, a new vertex is found, which replaces W. As soon as it i
found, further investigation is not needed, and the iteration step is completed. Th.
logical details for two-dimensional cases are explained in Table 8.3.

Example 8.4. Use the Nelder-Mead algorithm to find the minimum of f(x,y) = x* —
4x + y2 — v — xv. Start with the three vertices

Vi = (0,0, Vy = (1.2,0.0}, V3 = (0.0,0.8).
The function f(x, ¥) takes on the values
f(0.0)=00, f(1.2,00)=-336. f(0.0,08)=-0.]6.
The function values must be compared to determine B, G, and W;
B = (1.2,0.0), G = (0.0,0.8), W = (0,0).
The vertex W = (0, 0) will be replaced. The points M and R are

B
M= JZ’G —(06.04) and R=2M—W=(12,08).

The function value f(R) = f(1.2,0.8) = —4.48 is less than f(G), so the situation {s
case (i). Since f(R) < f(B), we have moved in the right direction, and the vertex E must

be constructed:

E=2R-M=2(1.2,08)—(0.6,04)=(1.8,1.2).

SEC. 8.1 MINIMIZATION OF A FUNCTION 409

1 2 3

Figure 8.8 The sequence of triangles {7} converging to the point (3,2) for the
Nelder-Mead method.

The function value f(E) = f(1.8,1.2) = —5.88 is less than f(B), and the new triangle
has vertices

Vi =(18,12), V2=(1200), V3 =(0.0,0.8).

The process continues and generates a sequence of triangles that converges down on the
solution point (3, 2) (see Figure 8.8). Table 8.4 gives the function values at vertices of the
triangle for several steps in the iteration. A computer implementation of the algorithm con-
tinued until the thirty-third step, where the best vertex was B = (2.99996456, 1.99983839)
and f(B) = —6.99999998. Thesc values are approximations to f(3,2) = —7 found in
Bxample 8.3. The reason that the iteration quit before (3, 2) was obtained is that the func-
tion is flat near the minimum. The function values f{B), f(G), and f(W) were checked
and found to be the same (this is an example of round-off error), and the algorithm was
terminated, =

Minimization Using Derivatives

Suppose that f(x) is unimodal over [a, ] and has a unique minimum at x = p. Also,
sssume that f’(x) is defined at all points in (a, »). Let the starting value pg lie in
{a, b). If f'{pp) < 0, the minimum point p lies to the right of pp. If 7'(pg) > 0, p
lies to the left of pg (see Figure 8.9).
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Table 8.4 Function Values at Various Triangles for Example 8.4

k Best point Good point Worst point
1| £(1.2,00)=-3.36 £(0.0,08)= —0.16 f00,000= 000
2| f(1.8,1.2)=~-588 f(1.2,0.0)= —3.36 JF(0.0,08)= ~0.16
3| f(1.8,1.2)=-5.88 f(3.0,04)= —444 JF(1.2,00)= - 3.36
4| (3.6, 16)=-624 F(18,1.2)= —5.88 £63.0,04)= —4.44
5| f(3.6,1.6)=—-624 fQR4,24)= —6.24 f(1.8,1.2)= — 588
6| f(2.4,1.6)=-6.72 f(3.6,1.6)= ~6.24 f24,24)=—-624
7| f(3.0,1.8)=-6.96 f24,16)=—-672 f(24,24)= -624
8| f(3.0,1.8)=-6.96 f12.55,2.05)= —6.7725 f(24,16)= - 6.72
9| f(3.0,L8)=-696 fi3.15,2.25) = —6.9525 f£(2.55,2.05)= — 6.772°
10| F(3.0,1.8)=—696| f(2.8125,2.0375)= — 6.95640625 | f(3.15,2.25)= —6.9527
y=fx y=flx)
£ { —+ . E } f 3
a Po 7 b a p Do b
I /*(py) < O then It f*(py) > O then
p lies in [pg, &]. p lies in [a, p;l.
Figure 8.9 Using f'(x) to find the minimum value of the unimodal func-
tion f(x) on the interval [a. b].
Bracketing the Minimum

QOur first task is to obtain three test values,

(12) Po. pi=po+h, and p;=po+2h
so that
13) fpo) > f(p1y and  fip1) < f(p2).

Suppose that f'(pg) < 0: then pg < p and the step size & should be chosen positien
It is an easy task to find a value for A so that the three points in (12) satisfy (13). Start
with & = 1 in formula (12) (provided thata + 1 < b).

Case (i): If (13} is satisfied, we are done.

Case (ii): If f(po) > f(p1) and f(p1) > f(p2), then p» < p. We need
to check points that lie farther to the right. Double the step size and
repeat the process.
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Case (iid): If f(pg) < f {P1), we have jumped over p and 4 is too large. We need
to check values closer to pg. Reduce the step size by a factor of { and
repeat the process. :

Wh'en Flipo) > 0, the step size 4 should be chosen negative and then cases similar
to (i) to (iii) can be used.

Quadratic Approximation to Find r

Finally, we have three points (12) that satisfy (13), We will use quadratic interpolation

to find pmin, which is an approximation to p. The Lagrange polynomial based on the
nodes in (12) is

G -pP)E=-p2)  yix—p)x—p)  yalx — _
(14 o) =22 _ PO)X — p3) | y2(x — po)(x — p)
g 2h? "2 + T

The derivative of Q(x) is

(15 Qu=RE=rn-p) »nC-p-p) 4 222X — po— p1)
2h? h? : 242 '

Solving O'(x) = 0 in the form Q' (po + hmin) = 0 yields
0= Yo2(po + hminz) —Pt—p2)  y1(4(po+ Amin) — 2py ~ 2py)
(16) 2h 2h2

+ Y202(po + Amin) — po — p1)
2h2 )

Multiply each term in (16) by 242 and collect terms involving hyn:

=hmin(2y0 ~ 4y1 + 2y2) = ¥o(2po — p1 — p2)
= 21{4po — 2po — 2p2) + y2(2po — po — p1)
= Yo(~3h) — yy(—4h) + y2(—h).

This last quantity is easily solved for A

an P, = h(dy; — 3y - yz).
4y1 —2y0 — 2y

JThc: value pmin = pp + hmin is a better approximation to p than pg. Hence we
can replace py with prmi, and repeat the two processes outlined above to determine a
new & and a new Ay, Continue the iteration until the desired accuracy is achieved. s
The details are outlined in Program 8.3. :
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Steepest Descent or Gradient Method

Now let us tumn to the minimization of a function f(X) of N variables, where X =
(X7, X2, ..., ). The gradient of f{X) is a vector function defined as follows

(18 grad f(X) = (f1. f2. ... fv)

where the partial derivatives fr = 6f/0x; are evaluated at X.

Recall that the gradient vecior (18) points locally in the direction of the greatest rate
of increase of f(X). Hence — grad f(X) points locally in the direction of the greatest
decrease. Start at the point Pp and search along the line through Pp in the direction
Sp = ~G/ |G|, where G = grad f(Py). You will arrive at a point P;. where a locgl
minimum occurs when the point X is constrained to lie on the line X = Po+150.

Nexl, we can compute G = grad f (P} and move in the search direction 5; =
—G/ | G|l. You wilt come to F3, where a local minimum occurs when X is constrained
to ie on the line X = P, +t5). lteration will produce a sequence { Py} of points with
the property f(Po) > f(P1) > -+ > f(Pg) > - Iflimgoo P = P, then f(P)
will be a local minimum for f(X).

Qutline of the Gradient Method
Suppose that P has been obtained.

Step 1. Evaluate the gradient vector G = grad f{P).

Step 2. Compute the search direction § = —G/ {|G|.

Step 3. Perform a single parameter minimization of ®(r) = f(Px +¢S) on the
interval {0. b], where b is large. This will produce a value t = Ay Where
alocal minimum for $(7) occurs. The relation  (Amin) = f(Pi+ hin)
shows that this is a minimum for f(X) along the search line X = Py~
hmdn S.

Step 4. Construct the next point Py = Py + hmin.

Step 5. Perform the termination test for minimization; that s, are the function val-
ues f(Py) and f(Pgay) sufficiently close and the distance Py — Bl
small enough?

Repeat the process.
—_—
Program 8.1 (Golden Search for a Minimum). To numerically approximate the
minimum of f(x) on the interval [a, b] by using a golden search. Proceed with the
method only if f{x) is a unimodal function on the interval [a, bl.

function[s,E,G]=golden(f,a,b,deita,epsilon)

%Input - f is the object function imput as a string ’f’
% - a and b are the end points of the interval

% - delta is the tolerance for the abscissas
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A - gpsilon is the tolerance for the ordinates
Wutput - S=(p,yp) contains the abscissa p and

% the crdinate yp of the minimum

) - E=(dp,dy) contains the error bounds for p and yp
% - G is an n x 4 matrix: the kth row contains

v {ak ck dk bk]; the values of a, ¢, d, and b at the
% kth iteration

ri=(sqrt(5)-1)/2;

r2=r1°2;

h=b-a;

vya=feval(f,a);

yb=feval (f,b);

¢=a+r2eh;

d=atrish;

ye=feval(f,c);
yd=feval(f,d);

?(‘1;
Ak)=a;B(k)=b;C(k)=c;D{k)=d;

while(abs(yb-ya)>epsilon) | (h>delta)

k=k+1;
if (ye<yd)

b=d;

yb=yd;

d=c;

ya=yc;

h=b-a;

c=a+r2%h;

yc=faval(f,c);
else

a=c;

ya=yc,

c=d;

ye=yd;

h=b-a;

d=a+rish;

yd=feval(f,d);
end
A(k)=a;B{k)=b;C(k)=c;D(k)=d;

end

dp=abs (b-a);
dy=abs (yb-ya);
f-a;

413
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yp=ya;
if (yb<ya)

p=b;

yp=yb;
end
G=[A> C’ D' B'];

S=[p ypl;
E=[dp dyl;

Programs 8.2 and 8.4 require that the object function f be saved as an M-file. Tt
argument of f needs to be a 1 x n array. To illustrate consider saving the function 1
Example 8.3 as an M-file:
function z=f (V)
z=0; x=V(1}; y=V(2);

Z=X. "2-4x+y. " 2-y-X. *Y¥;

Program 8.2 (Nelder-Mead’s Minimization Method). To approximate a local
minimum of f(xy,xs,...,xy), where f is a continuous function of N real vari-
ables, and given the N + ] initial starting points V¢ = (vg,1, ..., v n) fork =0,
1,..., N.
function[V0,y0,dV,dy]=nelder(F,V,minl,max1,epsilon, show)

%input - F is the object function input as a string 'F’

% - V is a 3 x n matrix containing starting simplex
% - minl & maxl are minimum and maximum number
% of iterations
% - epsilon is the tolerance
% - show == 1| displays iterations (P and Q)
%0utput - VO is the vertex for the minimum
% - y0 is the function value F(VO)
% - dV is the size of the final simplex
% - dy is the error bound for the minimum
% - P is a matrix containing the vertex iterations
% - Q is an array containing the iteratioms for F(:.
if nargin==5,
show=0;
end

[mm nl=size(V);

% Order the vertices

for j=1l:n+1
Z=V{(j,1:m);
Y(j)=feval(F,Z);

SEC. 8.1 MINIMIZATION OF A FUNCTION

end

[(om lo]=min(Y);
[mm hil=max(Y);
li=hi;
ho=lo;
for j=1l:n+1
1f(j~=1o&j~=hi&k¥(j)<=Y(11))
li=j;
end
if (j~=hi&j~=1o&Y(j)>=Y(ho))
ho=j;
end
and

cnt=0;
% Start of Nelder-Mead algorithm

while(Y(hi}>Y(lo)+epsilon&cnt<maxl) |cnt<minil

S=zeros(1,i:n);
for j=l:m+l
S=S+V(j,1l:n);
end
M=(5-V(hi,1:n)}/n;
R=2*M-V(hi,1:n);
yR=feval(F,R);
if (yR<Y(ho))
if(Y(1id<yR)
V(hi,1:n)=R;
Y(hi)=yR;
else
E=2*R-M;
yE=feval(F,E);
T (yE<Y(1i))
V(hi,1:n)=E;
Y(hi)=yE;
else
V(hi,1:n)=R;
Y(hi)=yR;
end
end
else
if (yR<Y(hi))
V(hi,1:n)=R;
Y(hi)=yR;

415
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end
C=(V(ni,1:n)+M)/2;
yC=feval(F,C);
C2=(M+R)/2;
yC2=feval (F,C2);
if (yC2<yC)
C=C2;
yC=yC2;
end
if (yC<Y(hi))
V(hi,1:n)=C;
Y(hi)=yC;
else
for j=1:n+l
if(j~=lo)
V(j,l:mn)=(V(j,1:n)+V(lo,1:n))/2;
Z=V{j,1:n);
Y(j)=feval(F,Z);
end
end
end
end
[mm lol=min(Y);
[mm hi)=max(Y):
1li=hi;
ho=lo;
for j=1:n+1
if (j~=lokj~=hi&¥ (j)<=Y(11))
li=j;
end
{f(j~=hi&j~=10&Y(j)>=Y(ho))
ho=3;
end
end
cnt=cnt+l;
P{cnt, :)=V(lo,:):
Q{cnt)=Y(lo);
end
% End of Nelder-Mead algorithm

#Determine size of simplex

snorm=0;

for j=1:n+1
s=porm{(V(j)-V(1lo));
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if (s>=snorm)
snorm=s;
end
end
8=0’;
Yo=V(lo,1:n);
y0=Y(loJ};
dV=snorm;
dy=abs(Y(hi)~Y(1lo));
if (show==1)
disp(P);
disp(();
end

Program 8.3 (Local Minimum Search Using Quadratic Interpolation). To find
a local minimum of the function f(x) over the interval {a, b}, by starting with one
initial approximation py and then searching the intervals [a, pp] and [po, b].

function[p,yp.dp,dy,Pl=quadmin(f,a,b,delta,epsilon)

%Input - f is the cbject function input as a string ’f’
% - a and b are the end points of the interval

% ~ delta is the tolerance for the abscissas

% - epsilon is the tolerance for the ordinates
%#0utput - p is the abscissa of the minimum

% - yp is the ordinate of the minimum

% - dp is the error bound for p

%
%
pO=a;
maxj=20;
maxk=30;
big=le6;
err=1i;
k=1,
P{k)=p0;
cond=0;
h=1;
if (abs(p0)>1e4) ,h=abs(p0)/1ed;end
while(k<maxk&err>epsilon&cond~=5)
f1=(feva1(f,p0+0.00001)-feval(f,pO-0.0000i))/0.00002;
if(£f1>0) ,h=-abs(h) ;end
pl=pO+h;
p2=p0+2+h;

3

dy is the error bound for yp
P is the vector of iterations
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prin=pd;

yO=feval{f,p0);

yl=feval(f,pl};

y2=feval(f,p2};

yain=y0;

cond=0;

370

%Determine h so that yl<yQ&yi<y2

while(j<maxj&abs(h)>deltakcond==
if (y0<=y1),

pl=pi;
ye=yl;
b=h/2;
pl=pO+h;
yi=feval(f,pl1};
else
if(y2<yl),
pl=p2:
yi=y2;
h=2+h;
p2=p0+2+%h;
y2=feval (f,p2);
else
cond=-1;
end
end
j=j+1',
if (abs(h)>biglabs(p0)>big),cond=5;end
end
if (cond==5),
pmin=p1l;
ymin=feval (f,pl1);
else

%Quadratic interpolation to find y}

d=4xyi-2xy0-2%y2;
if(d<0),
hmin=hx(4*y1-3%y0-y2}/d;
elsze
hmin=h/3;
cond=4;
end
pain=pC+hmin;
vmin=feval({f,pmin) ;
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h=abs{h);

hO=aps (hmin) ;
hi=abs(hmin-h) ;
h2=abs (hmin-2+h) ;

#Determine magnitude of next h

if (k0<h) ,h=h0;end

if(k1<h),h=h1;end

if(h2<h) ,h=h2;end

if (k==0) ,h=hmin;end

if(h<delta) ,cond=1;end

if (abs(h)>biglabs{pmini>big),cond=s;end

%Termination test for minim:ization
eO=abs (yO-ymin) ;
el=aba(yl-ymin);
e2=abs (y2-yain) ;
if (e0~=0 & eO<err),err=e0;end
if{el~=0 & el<err),err=el;end
if(e2~=0 & 2<err),err=e2;end
if(e0~=0 & el==0 & e2==0),error=0;end
if(err<epsilon,cond=2;end
pO=pmin;
k=k+1;
P(k)=p0;
end
if (cond==2§h<delta},cond=3;end
end
£=p0;
dp=h;
yp=feval(f,p);
dy=err;

Program 8.4 requires that the object function f be saved as an M-file. Additionally.
the search direction — grad f/ |igrad f|| needs to be saved as an M-file. To illustrate.
consider the function f from Example 8.3, where the gradient of f is (2x —4—y, 2y —
1 — x). An appropriate M-file for this particular function f is

function z=G(V)
z=zeros{1,2);
x=V(1);y=V(2);
g=[2x-4-y 2xy-1-x1;
z=-{1/norm{g) ) *g;
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Program 8.4 (Steepest Descent or Gradient Method). To numerically approxi- h=h/2;
mate a local minimum of f(X), where f is a continuous functi-n of N real variables P1=PO+h*S :
and X = {(x1, x3, ..., Xn), by starting with one point Py and using the gradient yi=feval(F,P1);
method, else
function[PO,yO,err]=grads(F,G,P0,max1,delta,epsilon,show) if (y2<y1)
yInput - F is the object function input as a string ’F’ P1=P2;
% - G =-(1/norm(grad F))*grad F; the search direction yi=y2;
% input as a string ’G’ h=2%h;
% - PO is the initial starting point P2=P0+2xh*S;
% - maxl is the maximum number of iterations y2=feval(F,P2);
% - delta is the tolerance for hmin in the single else
% parameter minimization in the search directiom cond=-1;
% - epsilon is the tolerance for the error in y0 end
% - show; if show==1 the iterations are displayed end
%Output - PO is the point for the ninimum j=3+1;
% - y0 is the function value F(P0) if (h<delta),cond=1;end
% - err is the error bound for y0 if (abs{h)>bigllen>big) ,cond=5;end
% - P is a vector containing the iterations #nd
if nargin==5,ghow=0;end if (cond==5)
[mm nj=]size(P0); Pmin=P1;
maxj=10; big=le8; h=1; ymin=y1;
P=zeros(maxj,n+1); else
len=norm{P0) ; d=4%y1-24y0-2%y2;
yO=feva1(F,P0); if (d<0)
if {len>e4),h=len/le4;end hmin=h#* (4*y1-3*y0-y2)/d;
err=1;cnt=0; cond=0; else
P(cnt+1,:)=[P0 y0]; cond=4;
while(cnt<maxi&cond~=5& (h>delta|err>epsilon)) hmin=h/3;
YCompute search direction end
S=feval(G,P0); %Construct the next point
YStart single parameter quadratic minimization Pmin=PO+hmin*S3;
P1=P0+h*3; ‘ymin=feval (F,Pmin};
P2=P0+2*hf8; %Determine magnitude of next h
yi=feval(F,P1}; -
y2=feval (F,P2); hO=abs (hmin) ;
cond=0; §=0; hi=abs(hmin-h) ;
! ’ h2=abs (hmin-2+h) ;
while(j<maxj&cond==0) 1£(h0<h) ,h=h0;end
Len=norm(P0) ; 1£(h1<h) ,h=hi;end
if (yo<y1) 1£(h2<h) ,h=h2;end
P2=P1; 1 (h==0) ,h=hmin;end

y2=y1; if (h<delta).cond=1.end
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%Termination test for minimization
e0=abs (yO-ymin) ;

el=abs(yl-ymin);

e2=abs(y2-ymin);

if (e0~=0&el<err),err=e0;end

if (e1~=0&ei<err),err=el;end

if (e2~=0ke2<err) ,err=e2;end

if (e0==0&el1==0&e2==0) ,err=0;end

if (err<epsailon),cond=2;end

if (cond==2&h<delta), cond=3;end

end
cnt=cnt+1;
P(cnt+1, :)=[Pmin ymin];

PO=

Pmin;

yO=ymin;
end
if (show==1)

end

disp(P);

Exercises for Minimization of a Function

1. Use Theorem 8.1 to determine where each of the following functions is increasing

and where it is decreasing.

(@ f)=2>-9x2+12x—5
(b) f(x) =x/(x+1)

© fl=x+1/x

d) fx)y=x*

2. Use Definition 8.3 to show that the following functions are unimodal on the given

intervals.

(@) fx)=x2—2x+1;[0,4]
(b) f(x)=cos(x); [0, 3]

(e} fF(o)=x%(1,10]

@ fix)=—x(3-1)53:[0,3]

. Use Theorems 8.3 and 8.4, if possible, to find all local minima and maxima of each

of the following functions on the given interval.
@) f(x) =4x> —8x2— 11x +5;[0, 2]

) flx)=x+3/x%[05,3]

(© fx)=(x+25/(4-x%;[~19,1.9]
@ fr)=e*/x%[0.5, 3]
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(e) f(x) = —sin{x) —sin(3x)/3; [0, 2]

M f(x) =—2sin(x) +sin{2x) — 2sin(3x)/3; [1, 3]

Find the point on the parabola y = x? that is closest to the point (3, 1).
Find the point on the curve y = sin{x} that is closest to the point (2, 1).

Find the point(s) on the circle x> + y? = 25 that is farthest from the chord AB if
A=(3,4)and B = (-1, /23).

. Use Theorem 8.5 to find the local minimum of each of the following functions.

(a f(x,y) =x3+y3—3x —3y+5

® fl,V=x>4+y+x -2y —xy+1
(©  f(x,y) =x%y+xy*—3xy

@ fO, ) =x-y/G"+y"+2)

(€ flx,y)=100y — x4+ (1 —x)?
(Rosenbrock’'s parabolic valley, circa 1960)

. Let B = (2,-3), G = (1. 1), and W = (5, 2). Find the points M, R, and E and

sketch the triangles that are involved.

. Let B = (—1,2), G = (=2, —5), and W == (3, 1). Find the points M, R. and E and

sketch the triangles that are involved.

. Give a vector proof that M = (B + G)/2 is the midpoint of the line segment joining

the points B and G.
Give a vector proof of equation (10).

. Give a vector proof of equation (11).
. Give a vector proof that the medians of any triangle intersect at a point that is two-

thirds of the distance from each vertex to the midpoint of the opposite side.

4. Let B=1(0,0,0),G=(1,1,0), P=(0,0,1),and W = (1,0, 0).

(a) Sketch the tetrahedron BGPW.

(b) FindM = (B+ G+ P)/3.

(¢) Find R = 2M — W and sketch the tetrahedron BGPR.

(d) Find £ = 2R — M and sketch the tetrahedron BGPE.

Let B = (0,0,0), G = (0,2,0), P = (0,1,1), and W = (2,1,0). Follow the
instructions in Exercise 14,

Algorithms and Programs

1.

Use Program 8.1 to find the local minimum of each of the functions in Exercise 3
with an accuracy of eight decimal places.

. Use Program 8.3 to find the local minimum of each of the functions in Exercise 3 with

an accuracy of eight decimal places. Start with the midpoint of the given interval.
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Use Program 8.2 to find the minimum of each of the functions in Exercise 7 with ::»
accuracy of eight decimal places. Use the following starting vertices:

(a) (1,2),2,0),and (2,2)

(b) (0,0),(2,0),and (2, 1)

{c) (0,0),(2,0),and (2, I}

(d) (0,0),(0,1},and (1, 1)

(e) (0,00, (1,0),and (0,2)

. Use Program 8.4 to find the minimum of each of the functions in Exercise 7 with un

accuracy of eight decimal places. Use the starting vertex:
a (1.2 (b) (0,0.3) {(© (0.1,0.1)
(d) €0.5,0.11) (e) (0,0

. In Program 8.4 the x and y coordinates of the iterations are stored in the first two

columns of the matrix P, respectively. Modify Program 8.4 so that it will plot the x
and y coordinates of Ethe iterations on the same coordinate system. Hint. Incorporate
the command plot (P(:,1),P(:,2),".’) into your program. Use this program on
the functions in Exercise 7.

. Use Program 8.2 to find the local minimum of each of the following functions; with

an accuracy of eight decimal places.

@ flr.y. =22+ +22 —2xy+yz—Ty—4z
Start with (1, [, 1), (0, 1,0), (1,0, 1), and (0, 0, 1).

B oy, =22+y+ 2 +ud) —x(y+2-u)+yz~3x— 8y —5z—9u
Start the search near (1, 1, 1, 1).
1

I, 1

y z u

Start the search near (0.7, 0.7, 0.7, 0.7).

€ flx,y.z,u) =xyzu+%+

. Use Program 8.4 to find the local minimum of each of the functions in Problem 6.

Use a starting value near one of the given vertices,

. Use Program 8.1 and/or 8.3 to find all local maxima and minima of the following

function in the interval {0, 2].

B -1x-12
—~3x5 —4xt 4+ 9x2 4+ 12x — 18

f&) = 5

. Find the point on the surface z = x? + y? that is closest to the point (2, 3, 1).
10.

A company has five factories A, B, C, D, and E, located at the points (10, 10,
(30, 50y, (16.667,29), (0.555,25.888), and (22.2221, 49.988), respectively, in the
xy-plane. Assume that the distance between two points represents the driving dis

tance, in miles, between the factories. The company plans to build a warehoj( a

some point in the plane. It is anticipated that during an average week there will be

18, 20, 14, and 25 deliveries made to factories A, B, C, D, and E, respectively. Ideaily,
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to minimize the weekly mileage of delivery vehicles, where should the warehouse be
located?

11. In Problem 10, where should the warehouse be located if, due to zoning restrictions.

it must be located at a point on the curve y = x2?
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Solution of Differential Equations

Differential equations are commonly used for mathematical modelihg in science and
engineering. Often there is no known analytic solution and nurnerical approximation
are required. As an illustration, we consider population dynamics and a nonline:r
system that is a modification of the Lotka-Volterra equations:

r_ - 1 2 1
x —f(t,x,y)»x—xy—l—dx and y'=g(t,x,y)=xy—y—§-6y2’
with the initial condition x(0) = 2 and y(0) == 1 for 0 < r < 30. Although the
numerical solution is a list of numbers, it is helpful to plot the polygonal path joining
the approximation points {(xx, yx)} and plot the trajectory shown in Figure 9.1, In this

y
15+ TS
Lot /\>\
05 —_
Figure 9.1 The trajectory tor g
nonlinear system of differential
0.0 L L L L x equations x' = f(s, x,y) and

05 10 1.3 20y =gtxy.
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¥y

&
A
) _}'&/1 2 3 4

Figure 9.2 The solution curves y(1) =t +e™" + C.

L

chapter we present the standard methods for solving ordinary differential equations,
systems of differential equations, and boundary value problems.

Introduction to Differential Equations

Consider the equation
00 —=1=e,

It is a differential equation because it involves the derivative dy/dt of the “unknown
function” y = y(t). Only the independent variable ¢ appears on the right side of
equation (1): hence a solution is an antiderivative of 1 — ¢™*. The rules of integration
can be used to find y (£):

2 yO =t+e ' +C,

where C is_the constant of integration. All the functions in (2) are solutions of (1)
because they satisfv the requirement that ¥'(£) = 1 — e~*. They form the family of
curves in Figure 9.2.

Integration was the technique used to find the explicit formula for the functions
in (2), and Figure 9.2 emphasizes that there is one degree of freedom involved in the
solution, that is, the constant of integration C. By varying the value of C, we “move the
solution curve” up or down, and a particular curve can be found that will pass through
any desired point. The secrets of the world are seldom observed as explicit formulas.
Instead, we usually measures how a change in one variable affects another variable.
When this is translated into a mathematical model, the result is an equation involving
the rate of change of the unknown function and the independent and/or dependent
variable.
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a

Figure 9.3 The solution curves
. ‘ : L— I y=A+ (yp— A)e~X for Newton’s
law of cooling (and warming).

Consider the temperature y(t) of a cooling object. It might be conjectured that the
rate of change of the temperature of the body is related to the temperature difference
between its temperature and that of the surrounding mediur. Experimental evidence
verifies this conjecture. Newton’s law of cooling asserts that the rate of change is
directly proportional to the difference in these temperatures. If A is the temperature of
the surrounding medium and y (¢) is the temperature of the body at time ¢, then

where & is a positive constant. The negative sign is required because dy /dt will be neg-
ative when the ternperature of the body is greater than the temperature of the medium.

If the temperature of the object is known at time ¢+ = 0, we call this an initial
condition and include this information in the statement of the problem. Usually, we
are asked to solve

d
@ d—’t’ =—k(y~A) with y(0) = yo.
The technique of separation of variables can be used to find the solution
(5) y=A+ (o~ A

For each choice of yp, the solution curve will be different, and there is no simple
way to move one curve around to get another one. The initial value is a point where the-
desired solution is “nailed down.” Several solution curves are shown in Figure 9.3, and
it can be observed that as ¢ gets large the temperature of the object approaches room
temperature. If yp < A, the body is warming instead of cooling.

Initial Value Problem
Definition 9.1. A solution to the initial value problem (I.V.P)

()] Y= fa.y) with  y@) =y
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Figure 9.4 The slope field for the
0 L L L . . ¢ differential equation y' = f(x, y) =
(t—»/2

—
b
w
'S
Lh

on an interval [, b] is a differentiable function y = y(¢) such that
€)] yitpy=yp and Y ()= f(t,y@)) for all ¢ €1, b]. a

Notice that the solution curve y = y(f) must pass through the initial point (f0. yo).

Geometric Interpretation

At each point (7, y) in the rectangular region R = {(f,¥) :a <t S b,c <y = dJ,
the slope of a solution curve y = y(¢) can be found using the implicit formula m =
(¢, y(0)). Hence the values m; ; = f(#;, y;) can be computed throughout the rectan-
gle, and each value m; ; represents the slope of the line tangent to a solution curve that
passes through the point (#;, y;).

A slope field or direction field is a graph that indicates the slopes {m; ;} over the
region, It can be used to visualize how a solution curve “fits” the slope constraint. To
move along a solution curve, one must start at the initial point and check the slope
field to determine in which direction to move. Then take a small step from #p to 1o + A
horizontally and move the appropriate vertical distance Af (#9, yo) so that the resulting
displacement has the required slope. The next point on the solution curve is (1. y1).
Repeat the process to continue your journey along the curve. Since a finite number of
steps will be used, the method will produce an approximation to the solution.

Example 9.1. The slope field for y’ = (t — y)/2 overtherectangle R = {{t,y) : 0 5t <
5,0 < y < 4} is shown in Figure 9.4. The solution curves with the following initial values
are shown:

1. For y(0) = 1, the solution is y(t) = 3e™*/2 -2 +¢.

1. For y(0) = 4, the solution is y(r) = 6e™*/2 —2 +1¢, n
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Definition 9.2, Given the rectangle R = {(t,¥) :a <t < b,c < y < d}, assume
that f(z, v) is continucus on R. The function f is said to satisfy a Lipschitz condition
in the variable y on R provided that a constant L > 0 exists with the property that

(8 Ly~ fl, vyl < Liyi — vl

whenever (¢, y1). (¢, ¥y2) € R. The constant L is called a Lipschitz constant for f. a

Theorem 9.1, Suppose that f(z, ¥) is defined on the region R. If there exists a
constant [ > 0 so that

¢)) IfyC. v <L forall {+,y)e R,

then f satisfies a Lipschitz condition in the variable y with Lipschitz constant 7. over
the rectangle R.

Proof  Fix t and use the mean value theorem to get ¢; with y; < ¢| < y7 so that

ALy = fi vyl =1 e —~ y2)
= {fy(t,c)llyr — y2{ £ Liy1 — yal.

Theorem 9.2 (Existence and Uniqueness}), Assume that f(7, y) is continuous in »
region R = {(t,y) : o =t < b,c <y < d}. If f satisfies a Lipschitz condition on R
in the variable y and (fo, yo) € R, then the initial value problem (6), ¥y’ = f(¢, y) with
¥(to) = yo, has a unique solution y = y(¢) on some subinterval fg < ¢ < fo -+ 4.

Proof. See a text on differential equations such as Reference [38]. .

Let us apply Theorems 9.1 and 9.2 to the function f (¢, ¥) = (¢ — y)/2. The paitial
derivative is fy(f, y) = —1/2. Hence | f,(r, y)| = % and, according to Theorem 9.1,
the Lipschitz constant is L = % Therefore, by Theorem 9.2 the 1.V.P. has a unique
solution.

Sketches of the slope field and solution curves can be constructed by using the
meshgrid and quiver commands in MATLAB. The following M-file will generate a
graph analogous to Figure 9.4. In general, care must be taken to avoid points (¢, y) at
which ¥’ is undefined.
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[t,y)=meshgrid(1:5,4:-1:1);
dt=ones(5,4);

dy=(t-y)/2;
quiver(t,y,dt,dy);

hold on

x=0:.01:5;
z1=3*exp(-x/2)-2+x;
z2=6*exp(~-x/2)-2+x;
plot(x,z1,x,z2)

hold off

Exercises for Introduction to Differential Equations

In Exercises 1 through 5:
fa) Show that y(¢) is the soluticn to the differential equation by substituting y(¢) and
¥/} into the differential equation y'(r) = f(z, y(1)).
th) Use Theorem 9.1 to find a Lipschitz constant L for the rectangle R = {(f,y) : 0 <
1=3,0<y=<5hL
Ly=2-yyt)=Cet +12 -2 +2
2y =3y4+3,y0)= Ced — ¢ — ‘5
3y =—ty,y@) = Ce112
4 ¥ =e ¥ -2y, y() =Ce ¥ 4 te™
5y =2y y() = 1/(C — %)
In Exercises 6 through 9, construct a graph of the slope field m; ; = f(t;, ;) over the
rectangle R = {(t,¥) : 0 <t < 4,0 < y < 4) and the indicated solution curves on the
same coordinate system.
6. v = =1/, y()=(C -2  forC=1,2,49
7.y =tfy,y0) =(C+tHY?  forC=—-4,-1,1,4
8. y’::]/y,y(t)z(c-i-zt)l/z for C =—4,-2,0,2
9. y=yLy)=1/(C—1) forC=1,23,4
10. Here is an example of an initial value problem that has “two solutions™ y’ =
with y(0) = 0.
(a) Venfy that y(#) = 0 for¢ = 0 is a solution,
(b) Verify that y(#) = £3/2 for ¢ > 0 is a solution.
(¢) Does this violate Theorem 9.2? Why?

vy
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11. Consider the initial value problem
Y=(-" yo=0

(a) Verify that y(#) = sin(¢) is a solution on [0, 7 /4].
(b) Determine the largest interval over which the solution exists.

12. Show that the definite integral j;,b f(t) dt can be computed by solving the initial val. .
problem

y'=f(@) fora<st=<bh with ya)=0.
In Exercises 13 through 15, find the solution to the I.V.P.
13. v' =312 +sin(r), y(0) =2
14. ¥' = 77, y(0) =0
15. y' = e*’z"z, y(0) = 0. Hint. This answer must be expressed as a certain integral.

16. Consider the first-order differential equation
YO + pO)y(e) = q(0).

Show that the general solution y(z) can be found by using two special integrals. First
define F (1) as follows:

F(t) = el PV

Second, define y(t) as follows:

i
y) = % (f F(t)q(t)dr -i-C) .

Hint. Differentiate the product F(¢)y(z).

17. Consider the decay of a radioactive substance. If y(t) is the amount of substance
present at time £, then y(¢) decreases and experiments have verified that the rate of
change of y{¢) is proportional to the amount of undecayed material. Hence the I.V.P.
for the decay of a radioactive substance is

y'=—ky with y(0)=y.

(a) Show that the solution is y(r} = ype %,

(b) The half-life of a radioactive substance is the time required for half of an initial
amount to decay. The half-life of 1*C is 5730 years. Find the formula y(r) that
gives the amount of **C present at time ¢. Hint. Find k sc that y(5730) = 0.5y.

(c) A piece of wood is analyzed and the amount of '*C present is 0.712 of the
amount that was present when the tree was alive. How old is the sample of
wood?

(d) At a certain instant, 10 mg of a radioactive substance is present. After 23 sec-
onds, only 1 mg is present. What is the half-life of the substance?
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In Exercises 18 through 19, derive an equation for the I.V.P. and find its solution.

18. Annual ticket sales for a new professional soccer league are projected to grow at a
rate proportional to the difference between sales at time t and an upper bound of $300
million. Assume that annual ticket sales are initially $0 and must be $40 million after
3 years (or the league folds). Based on these assumptions, how long will it take for
annual ticket sales to reach $220 million?

19. The interior volume of a new library is 5 millon cubic feet. The ventilation system
introduces fresh air into the library at the rate of 45,000 cubic feet per minute. Before
the ventilation system is turned on, the percents of carbon dioxide in the interior of
the library and in the exterior fresh air are measured at 0.4% and 0.5%, respectively.
Determine the percentage of carbon dioxide in the library 2 hours after the ventilation
system is started.

Euler’s Method

The reader should be convinced that not all initial value problems can be solved ex-
plicitly, and often it is impossible to find a formula for the solution y(1); for example,
there is no “closed-form expression” for the sclution to y = £2 + y? with y(0) = 0.
Hence for engineering and scientific purposes it is necessary to have methods for ap-
proximating the solution. If a solution with many significant digits is required, then
more computing effort and a sophisticated algorithm must be used.

The first approach is called Euler’s method and serves to illustrate the concepts
involved in the advanced methods. It has limited usage because of the larger error that
is accumulated as the process proceeds. However, it is important to study because the
error analysis is easier to understand.

Let [a, b] be the interval over which we want to find the solution to the well-posed
LVP ¥ = f(t,¥) with y(a) == yo. In actuality, we will not find a differentiable
function that satisfies the LV.P.. Instead, a set of points {(f, y&)] is generated, and
the points are used for an approximation (i.e., y() = yi). How can we proceed to
construct a “set of points” that will “satisfy a differential equation approximately”?
First we choose the abscissas for the potnts. For convenience we subdivide the interval
[a, &] into M equal subintervals and select the mesh points

b—a

{1 =a-+kh fork=0, 1, ..., M where h =
The value £ is called the step size. We now proceed to solve approximately

@ y = f{t,y) over (w.ty] with  y() = yo.
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Assume that y(r}, y'(+), and y”{t) are continuous and use Taylor’s theorem to
expand y(¢) about t = 1y. For each value ¢ there exists a value cy that Lies between fp

and ¢t so that

” "'-t 2
3) ¥(8) = y(t0) + y'(t0) (¢ = to) + L‘%_ﬂ)

When y'(f9) = f{lg, y(tg)) and b = 1; — tg are substituted in equation (3). the
result is an expression for y():

112
4 (1) = y(w) + hf {10, y(t0)) + )’”(Cl)?-

If the step size k is chosen small enough, then we may neglect the second-order
term (involving #2) and get

(51 ¥1 = yo+ hf(w. yo),
which is Euler’s approximation. _

The process is repeated and generates a sequence of points that approximates the
solution curve y = y(#). The general step for Euler’s method is

6} trr=t+h V=Y +hfte, ) fork=0,1, ..., M- 1.

Example 2.2, Use Euler’s method to solve approximately the initial value problem:
) y =Ry over [0,1] with y(0) = vy and R constant.

The step size must be chosen, and then the second formula in (6) can be determined
for computing the ordinates. This formula is sometimes called a difference equation and
in this case it is

(8) yer1 = yg(1 +hR) for k=0, 1, ..., M —1.
If we trace the solution values recursively, we see that

¥ = yo(l + 2R)
y2 = yi(1 +hR) = yo(1 + hR)?
)

vy = Yu-1(1 +hR) = yo(l + AR)M.
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Table 9.1 Compound Interest in Example 9.3

Step Number of
size, A iterations, M Approximation to y(5), yas
5
1 5 1000 (1 + 91—‘) =1610,51
60
= 60 1000 (1 + %) =1645.31
‘ 1800
T 1800 1000 (I + %) =1648.61

For most problems there is no explicit formuia for determining the solution points, and
each new point must be computed successively from the previous point. However, for the
initial value problemn (7) we are fortunate; Euler’s method has the explicit solution

{10) w=kh yr=y(l—hR* fork=0,1,..., M.

Formula (10) can be viewed as the “compound interest” formula, and the Euler ap-
proximation gives the future value of a deposit, ]

Example 9.3. Suppose that $1000 is deposited and earns 10% interest compounded con-
‘tinuously over 5 years. What is the value at the end of 5 years?

We choose to use Euler approximations with 4 = 1, %, and yéﬁ to approximate y{5)
forthe LVP:

y' =01y over [0,5] with y(0) = 1000.
Formula (10) with R = 0.1 produces Table 9.1. n

Think about the different values ¥5, ¥60, and y1gop that are used to determine the
future value after 5 years. These values are obtained using different step sizes and
teflect different amounts of computing effort to obtain an approximation to y(5}. The
5Clution to the LV.P. is y(5) = 1000¢%5 = 1648.72. If we did not use the closed-form
solution (10), then it would have required 1800 iterations of Euler’s method to obtain
¥1800, and we still have only five digits of accuracy in the answer!

If bankers had to approximate the solution to the I.V.P, (7), they would choose Eu-
ler’s method because of the explicit formula in (10). The more sophisticated methods
for approximating solutions do not have an explicit formula for finding yy, but they
will require less computing effort.

Geometric Description

1f you start at the point (9, yo) and compute the value of the slope mgp = £ (19, yo)
and move horizontally the amount 4 and vertically Af (g, yp), then vou are moving
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1.5

1.0 4

+ Figure 9.5 Euler’s approximatiomns
Ye—1 = ¥k +hf (e, yi)-

along the tangent line to y(r) and will end up at the point (¢, y)) (see Figure 9.5).
Notice that (1, y1) is not on the desired solution curve! But this is the approximation
that we are generating. Hence we must use {f;, y1} as though it were correct and
proceed by computing the slope m = f(#1, y1) and using it to obtain the next verticzl
displacement A f (¢, y1) to locate (#2, y2), and so on.

Step Size versus Error

The methods we introduce for approximating the solution of an initial value problein
are called difference methods or discrete variable methods. The solution is approx-
imated at a set of discrete points called a grid (or mesh) of points. An elementary
single-step method has the form yxy| = yi + 2D (#, yr) for some function P called

an increment function. o
When using any discrete variable method to approximately solve an initial value
problem, there are two sources of error; discretization and round off.

Definition 9.3 (Discretization Error). Assume that {(. yi)}}L, is the set of dis-
crete approximations and that y = y(¢) is the unique solution to the initial value prob~

lem.
The global discretization error ¢, is defined by

an ex =v(R)—ye fork=0,1,..., M.

1t is the difference between the unique solution and the solution obtained by the discrete

variable method.
The local discretization error €| is defined by

(12) €py1 = ¥tig1) — e —hd(te, yo) for k=0, 1, ..., M- 1.

[t is the error commitied in the single step from £ to 4.

SEC.9.2 EULER’'S METHOD 437

When we obtained equation (6) for Euler’s method, the neglected term for each
step was ¥ P (c¢)(h2/2). If this was the only ervor at each step, then at the end of the
interval [a, b], after M steps have been made, the accumulated error would be

(b —a)y@(c) N

— 1
> =00

M 2 2
h h nM
(2) ~ (2} (2)
— =M —_— e h =
,?:] yer) 3 ¥*(c) > 7Y ©

There could be more error, but this estimate predominates. A detailed discussion on
this topic can be found in advanced texts on numerical methods for differential equa-
tions (Reference [75]).

Theorem 9.3 (Precision of Euler’s Method). Assume that y(r) is the solution to
the LV.P. given in (2). If y(¢) € C2[1g, b] and {(%, yk)};:’:o is the sequence of approxi-
mations generated by Euler’s method, then

lex] = 1y(m) — yl = O,

(13)
lek+1] = [Y(t1) ~ ¥k — &f (e, y2)| = O (h2).

The error at the end of the interval is called the final global error (F.G.E.):
(14) E (y(b), by = |y(b) — yu| = O(h).

Remark. The final global error E(y(b), k) is used to study the behavior of the error for
various step sizes. It can be used to give us an idea of how much computing effort must
be done to obtain an accurate approximation.

Examples 9.4 and 9.5 illustrate the concepts in Theorem 9.3. If approximations are
computed using the step sizes A and /2, we should have

(15) E(y(b),h) ~ Ch

for the larger step size, and

h o1 1
~=-Ch= —2-E(y(b),h).

h
(16) E (y(b), -2-) *C3 3

Hence the idea in Theorem 9.3 is that if the step size in Euler’s method is reduced by a
factor of % we can expect that the overall EG.E. will be reduced by a factor of %

Example 9.4. Use Euler’s method to solve the LVP.

f —
Y=52  on 03] with y0) = 1.

Compare sofutions for b = 1, §, &, and §.
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Figure 9.6 Comparison of Euler solutions with different
step sizes for y' = (¢t — y)/2 over [0, 3] with the initial
condition y(0) = 1.

I:‘igure 9.6 shows graphs of the four Euler solutions and the exact solution curve y(1) =
3e/2 — 2 4, Table 9.2 gives the values for the four solutions at selected abscissas. For
the step size A = 0.25, the calculations are

00-10
2

y1=1.0+0.25 (- ) = 0.875,

0.25 -0.875°

y2=0.875+0.25 ( 5 ) =0.796875, etc.

This iteration continues until we arrive at the last step:

2,75 - 1.440573

¥(3) = y12 = 1.440573 4+ 0.25 (—— 2 ) = 1.604252. .

Example 9.5. Compare the FG.E. when Buler’s method is used to solve the LV.P.

yV=—=

over [0, 3] with y(0) =1,
using step sizes 1, % 313
Table 9.3 gives the F.G.E. for several step sizes and shows that the error in the approx-
imation to y(3) decreases by about 12 when the step size is reduced by a factor of % For
the smaller step sizes the conclusion of Theorem 9.3 is easy to see:
E(y(3), h) = y(3) ~ yu = O(h") =~ Ch,

where C = 0.256. ]
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Table9.2 Comparison of Eunler Solutions with Different Step Sizes for y' = (t — y)/2

over [0, 3] with y(0) = 1

Yk
1 h=1 =1 h=3% k=1 y(1z) Exact
0 1.0 1.0 1.0 1.0 1.0
0.125 0.9375 0.943239
0.25 0.875 0.886719 0.897491
0.375 0.846924 0.862087
0.50 0.75 0.796875 0.817429 0.836402
0.75 0.759766 0.786802 0.811868
1.00 0.5 0.6875 0.758545 0.790158 0.819592
1.50 0.765625 0.846386 0.882855 0.917100
2.00 0.75 0.949219 1.030827 1.068222 1.103638
2.50 1.211914 1.289227 1.325176 1.359514
3.00 1.375 1.533936 1604252 1.637429 1.669390
Table 9.3 Relation between Step Size and F.G.E. for Enler Solutions to
y =t - y}/2 over [0, 3] with y(0) = 1
FGE. O(r) =~ Ch
Step Number of Approximation Errorats =3, where
size, h sieps, M to y(3), ypr y(3) — vy C =0.256

1 3 1.375 0.294390 0.256

3 6 1.533936 0.135454 0.128

3 12 1.604252 0.065138 0.064

i 24 1.637429 0.031961 0.032

116 48 1.653557 0.015833 0.016

5 96 1.661510 0.007880 0.008

& 192 1.665459 0.003931 0.004
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Prograni 9.1 (Euler’s Method). To approximate the solution of the initial value
problem y’ = £(t, y) with y(a) = yo over {a, b] by computing

verl = Y+ hf G, y)  for k=0, 1, ..., M~ L ]

function Eseuler{f,a,b,ya,M)

%Input - f is the function enmtered as a string ’'f’
% - a and b are the left and right end points
% - ya is the initial conditiom y(a)

% ~ M is the number of steps

%Output - E=[T’ Y’] where T is the vector of abscissas and
% Y is the vector of ordinates
h=(b-a)/M;
T=zeros(1,M+1);
Y=zeros (1,M+1);
T=a:h:b;
Y{1)=ya;
for j=1:M
Y(j+1)=Y () +hefeval (£,T(j),Y(3));
end
E={T* Y'];

Exercises for Euler’s Method o

In Exercises 1 through 5 solve the differential equations by the Euler method.
(a) Let & = 0.2 and do two steps by hand calculation. Then let A = 0.1 and do four
steps by hand calculation.
(b) Compare the exact solution y(0.4) with the two approximations in part (a).
(¢) Does the F.G.E. in part (a) behave as expected when £ is halved?
Ly =£—ywithy© =1Ly@®)=—e"+17 -2 +2
2y =3y+3twithy) =1,y(0) = $e¥ —t -3
gl
3y =—1ywithy@ =1y@) =e™ /2
4. y = e~ — 2y with y(0) = 15, y() = fye ™ + 17

5, y = 20y% with y(0) = 1, y(t) = 1/(1 — 1?)

=)

. Logistic population growth.

The population curve P(z) for the United States is
assumed to obey the differential equation for a logistic curve P’ = aP — bP? [ett
denote the year past 1900, and let the step size be & = 10. The values ¢ = 0.02 A
b = 0.00004 produce a model for the population. Using hand calculations, find the

Euler approximations to P(¢) and fill in the following table. Round off each valye E

to the nearest tenth.
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‘ Py) Py

Year e Actual Euler approximation
1900 0.0 76.1 76.1
1910 | 10.0 92.4 89.0

1920 | 20.0 106.5
1930 | 30.0 123.1
1940 | 40.0 132.6 138.2
1950 | 50.0 152.3
1960 | 60.0 180.7
1970 | 70.0 204.9
1980 | 80.0 226.5

202.8

7. Show that when Euler’s method is used to solve the LV.P.
Yy =f(@) over [a,b] with y(@)=y =0
the result is
M-1
Y& = Y fh,
k=0

which is a Riemann sum that approximates the definite integral of f(z) taken over the
interval [a, b].

8. Show that Buler’s method fails to approximate the solution y(f) = #3/2 of the LV.P.
Y= fle, =153 with  y(0) =0.

Tustify your answer. What difficulties were encountered?

9. Can Euler’s method be used to solve the LV.P.
¥ =1+y> over [0,3] with y(0) = 0?

‘Hint. The exact solution curve is y{f) = tan(?).

Algorithms and Programs

In Problems 1 through 5, solve the differential equations by the Euler method.

(~)Let 2 = 0.1 and do 20 steps with Program 9.1. Then let 2 = 0.05 and do 40 steps
with Program 9.1.

(bl Gompare the exact solution y(2) with the two approximations in part (a).

{€)Does the EG.E. in part (2) behave as expected when / is halved?
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(d) Plot the two approximations and the exact solution on the same coordinate system.
Hint. The output matrix E from Program 9.1 contains the x and y coordinates of
the approximations. The command plot: (E(:,1),E(:,2)) will produce a graph
analogous to Figure 9.6.

Ly=2—ywithy@=1y(t)=—e*+12—-2r+2

2.y =3y+3twithy0) =1,y =Fe¥ —t -}

3. ¥ = —ty with y(©) = 1, y(t) = /2

4. y' = e7¥ — 2y with y(0) = {5, (1) = fge ¥ +1e7¥
5.y =2y  with y(0) = 1, y(1) = 1/(1 — %)
6. Consider y’ = 0.12y over [0, 5] with y(0) = 1000.
(a) Apply formula (10} to find Euler’s approximation to y(5) using the step sizes
h=1, 11—2 and %.
(b) What is the limit in part (a) when & goes to zero?

7. Exponential population growth. The population of a certain species grows at 4 rale
that is proportional to the current population and obeys the 1.V.P.

y' =002y over [0.5] with y(0) = 5000.

(a) Apply formula (10) to find Euler’s approximation to y(5) using the step -izes
1 1
h= 1, 12° and 60"
(b) What is the limit in part (a) when £ goes to zero?
8. A skydiver jumps from a plane, and up to the moment he opens the parachute Lhe
air resistance is proportional to v3/2 (v represents velocity). Assume that the time
interval is [0, 6] and that the differential equation for the downward direction is

o =32 0032072 ogver [0, 6] with v(0) =0.

Use Euler’s method with A = 0.05 and estimate v(6).

9. Epidemic model. The mathematical medel for epidemics is described as follows
Assume that there is a community of L members that contains P infected individuals
and @ uninfected individuals., Let y(¢) denote the number of infected individuals at
time ¢. For a mild illness, such as the common cold, everyone continues to be actjve
and the epidemic spreads from those who are infected to those uninfected. Since
there are P possible contacts between these two groups, the rate of change of 7
is proportional to P (. Hence the problem can be stated as the LV.P.

¥ =ky(L—y) with  y(0) = yo.

(a) Use L = 25,000, £ = 0.00003, and » = 0.2 with the initial condition ¥(0) =
250, and use Program 9.1 to compute Euler’s approximate solution over &, 601,

(b) Plot the graph of the approximate solution from part (a).

(c) Estimate the average number of individuals infected by finding the averagg of
the ordinates from Euler’s method in part (a).
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(d) Estimate the average number of individuals infected by fitting a curve to the data
from part (a) and using Theorem 1.10 (Mean Value Theorem for Integrais).

10. Consider the first-order integro-ordinary differential equation
4
¥ = 1.3y ~ 0.25y? —0.000ny y(z)dr.
0
(a) Use Euler’s method with # = 0.2, and y(0) = 250 over the interval {0, 20), and

the trapezoidal rule to find an approximate solution to the equation. Hint. The
general step for Euler’s method (6) is

43
Yert = i+ h(13y — 02552 — 0,001y, / y(r)d1).
0

If the rapezoidal rule is used to approximate the integral, then this expression
becomes

Yit1 = Yk +h(1.3y; — 0.25y% — 0.0001 yp Ty (h)),
where T5(h) = 0 and
k
Te(h) =T () + E(ykwl +y) forke=0,1,...,99

(b) Repeat part (a) using the initial values y(0) = 200 and y(0) = 300.

(¢} Plot the approximate solutions from parts (a) and (b) on the same coordinate
system.

33 Heun’s Method

“The next approach, Heun’s method, introduces a new idea fi i
J , R 5 Or constru -
nthm to solve the I.V.P. ° FHne on aleo

4 Y@ = ft,y@) over [a,b] with y(f) = yo.

To c:_bta.in the solution point (71, y1), we can use the fundamental theorem of calculus
ond integrate y'(z) over [tp, 1] to get

4l n
@ ./'; S, y)dt = [ Y @)y dt = y(n) — v(to),
%

where the antiderivative of y'(¢) is the desired function y(r). When equation (2) is

solved for y(#;), the result is

h
* y(n) = y(t0) +f fe,y@)de.
o
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Now a numerical integration method can be used to approximate the definite inte-
gral in (3). If the trapezoidal rule is used with the step size & = f; — g, then the result
is

h
(4) y(n) = y(i) + E(f(to. y@o)) + fit, y(t))).

Notice that the formula on the right-hand side of (4) involves the yet to be deter
mined value y(t;). To proceed, we use an estimate for y(7;}. Euler’s solution will
suffice for this purpose. After it is substituted into {(4), the resulting formula for findin .
(t1. ¥1) is called Heun’s method:

h
(5) ¥i =y () + E(f(to,yo) + f(t1, yo+ Af (15, yo))).

The process is repeated and generates a sequence of points that approximates the
solution curve y = y(r). At each step, Euler’s method is used as a prediction, and then
the trapezoidal rule is used to make a correction to obtain the final value. The genera}
step for Heun's methed is

Piel = Y +hf(te. i), Beyi =t +h,
(6) h
Vi1 = Yk + -z*(f(tk, Vi) + f (1, Pr+1))-

Notice the role played by differentiation and integration in Heun's method. Dra
the line tangent to the solution curve y = y(t) at the point (f5, yo) and use it to find the
predicted point (¢, p1). Now look at the graph z = f(¢, y(z)) and consider the points
(tg. fo) and (r1, f1), where fo = f(t0, yo) and f; = f (i, p1). The area of the trape-
zoid with vertices (¢, fo) and (¢;, f)) is an approximation to the integral in (3), which
is used to abtain the final value in equation (5). The graphs are shown in Figure 9.7.

Step Size versus Error
The error term for the trapezoidal rule used to approximate the integral in (3) is

@ P
Q)] -y (Ck)ﬁ .

If the only error at ¢ach step is that given in (7), after M steps the accumulated error
for Heun’s method would be

M 3
h b—a
_z Do Yo 2w 2Dy p2 = 2
)} k=1y (C*)]t2 7Y (c)h o).

The next theorem is important, because it states the relationship between FG.E,

and step size. It is used to give us an idea of how much computing effort must be done

to obtain an accurate approximation using Heun’s method.
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(b) Integral corrector:
h
Y~ ¥= E(fo + f])
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(a) Derivative predictor:
Py = Yo+ hf 2y, yp)

Figure 9.7 The graphs y = y{#)and z = f{z, y(¢)) in the derivation of Heun's method.
Theorem 9.4 (Precision of Heun’s Method). Assume that y{(¢) is the solution to

the LV.P. (1). If y(¢) € C3[z, b) and {(z, yk)}ﬂi o is the sequence of approximations
generated by Heun'’s method, then

lel = [y(t) — yi| = O(hY),

(9
lek+1l = 1y (1) — vk — A, yu)| = O(AY),

where ®(te, yi) = yi + (h/2)(f (e, YO + f kw1, Ve + BF Gi, v0))).
In particular, the final global error (F.G.E.) at the end of the interval will satisfy

(10) E(y(b), h) = {y(b) — yp| = O(K3).

Examples 9.6 and 9.7 illustrate Theorem 9.4. If approximations are computed
using the step sizes h and 4 /2, we should have

(11) E(y(b), h) =~ Ch?
for the larger step size, and
h h? 1 1
12 E — = C—=~Chta -
(12) (y(b). 2) C r 4Ch 4E(y(b), ).

Hence the idea in Theorem 9.4 is that if the step size in Heun's method is reduced by a
factor of % we can expect that the overall EG.E. will be reduced by a factor of %.
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Table 9.4  Comparison of Heun Solutions with Different Step Sizes for ¥’ = (t — y)/2 over

y h=1 i =
_ rl, [0, 3] with y(0) = 1
———
| -—b;:(r) t h=1 h=1 h=} k=3 v(#z) Exact
0 1.0 1.0 1.0 1.0 1.0
0.5k 0.125 0.943359 0.943239
0.25 0.898438 0.897717 0.897491
0.375 0.862406 0.862087
i 0.50 0.84375 0.838074 0.836801 0.836402
) 0.75 0.814081 0.812395 0.811868
0.0 0_‘5 1,‘0 1.'5 2?0 t 1.00 0.875 0.831055 0.822196 0.820213 0.819592
1.50 0.930511 0.920143 0.917825 0.917100
Figure 9.8 Comparison of Heun solutions with different 2.00 1.171875 1.117587 L. 106800 1.104392 1.103638
step sizes for y' = (r — y)/2 over [0, 2] with the initial 2.50 1.373115 1.362593 1.360248 1.359514
condition y(0) = 1, 3.00 1.732422 1.682121 1.672269 1.670076 1.669390

Example 9.6. Use Heun’s method to solve the LV.P
P u Table 9.5  Relation between Step Size and F.G.E. for Heun Solutions to

Y = (t = ¥)/2 over [0, 3] with y(0) = 1

Y==32 on [0,3] with y(0) = 1.
- FGE. 02y ~ ch?
Compare solutions for & = 1, 1, 1, and §. Step Number of | Approximation | Errorais = 3, where
Figure 9.8 shows the graphs of the first two Heun solutions and the exact solution curve size, b steps, M 0 y(3), yu y3) —ym € =-0.0432
y(1) = 3e7"2 —24¢. Table 9.4 gives the values for the four solutions at selected abscissas. -
For the step size & = 0.25, a sample calculation is ! 3 1.732422 —0.063032 —0.043200
0—1 i 6 1.682121 —0.012731 —0.010800
S, y0) = 3 =-05
1 12 1672269 ~0.002879 ~0.002700
p1 = 1.0+ 0.25(—0.5) == 0.875,
0.25 - 0.875 ] 24 1.670076 —0.000686 —0.000675
fl, ) = === = —03125, 8 '
1 ,
y1 = 1.0+ 0.125(—0.5 — 0.3125) = 0.8984375. T 48 1663558 —0.00016¢ ~0.000169
1
1.66943 —0.00004 —0.00004
This iteration continues until we arrive at the last step: k) % 669432 0 2 0 2
] 192 1.669401 —0.000011 —0.000011
¥(3) % y12 = 1.511508 + 0.125(0.619246 + 0.666340) = 1.672269. " |

Example 9.7. Compare the FG.E. when Heun’s method is used to solve
) Table 9.5 gives the F.G.E. and shows that the error in the approximation to y(3) de-
Yy =—= over [0,3] with y(0)=1, creases by about 2'; when the step size is reduced by a factor of i

using step sizes 1, , ..., & E(Q),m)=y(3) —yu = Oh®) ~ Ch?,  where C = —0.0432. .
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Program 9.2 (Heun’s Method). To approximate the solution of the initial value—;
problem y’ = f(z, y) with y(a) = yo over [a, b] by computing :

h
Vi1 =Y+ E(f(fb yi) + fQear, yo + floe, o))

fork=0,1,....M—1.
function H=heun(f,a,b,ya,M)

%Input - f is the function entered as a string ’f’
% - a and b are the left and right end points
% - ya is the initial condition y(a)

% - M is the number of steps

%Output - H=[T’Y’} where T is the vector of abscissas and
% Y ig the vector of ordinates

h=(b-a)/M;

T=zeros(1,M+1);

Y=zeros(1,M+1);

T=a:h:b;

Y{1)=ya;

for j=1:M

ki=feval (f,T(j),Y(j));
k2=feval (f,T(j+1),Y(j)+h*kl);
Y(§+1)=Y{j)+(h/2) *{kl1+k2);
end
H=({T’Y’];

Exercises for Heun’s Method

In Exercises ! through 5 solve the differential equations by Heun’s method.
{2) Let & = 0.2 and do two stzps by hand calculation. Then let # = 0.1 and do four
steps by hand calculation.
(b) Compare the exact solution y(0.4) with the two approximations in part (a).
(¢) Does the F.G.E. in part (a) behave as expected when # is halved?
1.y = 12— ywith y(0) = 1, y(1) = —e 412 -2t 42
2.y =3y +3withy(@) =1 y(0) =33 —~1— 4
3. y' = —ty with y(0) = 1, y(1) = e~*'/2
4. v = e~ — 2y with y(0) = {5, ¥(1) = fpe ™2 + ™%
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5.y =2y  withy(0) = 1, y(r) = 1/(1 = 1%)
Notice that Heun’s method will generate an approximation to y(1) even though the
solution curve is not defined att = 1.

6. Show that when Heun'’s method is used to solve the LV.P. y' = f(r) over [a, b] with
y(@) = yo = 0 the result is

M-=1

h
y®) =3 3 (F@)+ f ),

k=0
which is the trapezoidal rule approximation for the definite integral of f'(¢) taken over
the interval [a, b].

7. The Richardson improvement method discussed in Lemma 7.1 (Section 7.3) can be
used in conjunction with Heun’s methodl, If Heun's method is used with step size 7,
then we have

y(B) = yy + Ch.
If Heun’s method is used with step size 2k, we have
y(b) = yop +4Ch%.

The terms involving Ch? can be eliminated to obtain ar improved approximation for
y(b), and the result is

4yp —
y(b)'~~———y"3 Y

The improvement scheme can be used with the values in Example 9.7 to obtain better
approximations to y(3). Find the missing entries in the table below.

h Ya o |@yn—yw)/3
1 1.732422

1/2 | 1.682121 | 1.665354
1/4 | 1.672269

1/8 | 1.670076

1/16 | 1.669558 | 1.669385
1/32 | 1.669432

1/64 | 1.669401

8. Show that Heun's method fails to approximate the solution y(r) = t>/2 of the LV.P
y = f@,y) =15y with y©=0.

Justify your answer. What difficulties were encountered?
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Algorithms and Programs

In Problems 1 through 5 solve the differential equations by Heun’s method.

(a) Let 7 = 0.1 and do 20 steps with Program 9.2. Then let A = 0.05 and do 40 steps

with Prograi 9.2.

(b) Compare the exact solution y(2) with the two approximations in part (a).
(a) Does the FG.E. in part (a) behave as expected when % is halved?
{(a) Plot the two approximations and the exact solution on the same ceordinate system.

R I T R

Hint. The output matrix H from Program 9.2 contains the x and y coordinates of
the approximations. The command plot (H(:,1),H{:,2)) will produce a graph
analogous to Figure 9.8,

Y =2 -y withy @ =1, y() = —e " +12 =2t +2
.y =3y + 3t with y(0) = |, y(1) = ¥ —r — |
. ¥ = —ty with y(0) = 1, y() = e~*72

¥ = e — 2y with y(0) = 75, y(t) = fge ¥ +te™ ¥
¥ = 20y? with y(0) = 1, y() = 1/{1 — 1)

. Consider a projectile that is fired straight up and falls straight down. If air resistance

is proportional to the velocity, the L.V.P. for the velocity v(z) is
v = -32— %v with  »(0) = vy,

where vg is the initial veloeity, M is the mass, and K the coefficient of air resistance.
Suppose that vg = 160 ft/sec and K /M = 0.1. Use Heun's method with & = 0.5 v
solve

v ' =-32—-0.1v  over [0,30] with v(0) = 160.

Graph your computer solution and the exact solution v(¢) = 480¢~*/1® — 320 on the
same coordinate system. Observe that the limiting velocity is —320 ft/sec.

. In psychology, the Wever-Fechner law for stimulus-response states that the rate of

change d R/d S of the reaction R is inversely proportional to the stimulus. The thresh-
old value is the lowest level of the stimulus that can be consistently detected. The
[.V.P. for this model is

R = with  R(Sp) = 0.

L =

Suppose that Sy = 0.1 and R(0.1) = 0. Use Heun's method with # = (.1 to solve

1

R =~
M

over [0.1,5.1] with R(0.1)=0.
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8. (a) Write a program to implement the Richardson improvement method discussed
in Exercise 7.

(b) Use your program to approximate y(2) for each of the differential equations in
Problems 1-5 over the interval [0, 2]. Use the initial step size # = 0.05. The
program should terminate when the absolute value of the difference between
two consecutive Richardson improvements is < 1075,

94 Taylor Series Method

The Tayior series method is of general applicability, and it is the standard to which we
compare the accuracy of the various other numerical metheds for solving an LV.P. It
can be devised to have any specified degree of accuracy. We start by reformulating
Taylor's theorem in a form that is suitable for solving differential equations.

Theorem 9.5 (Taylor’s Theorem). Assume that y(r) € CV+![s, b] and that y(r)
has a Taylor series expansion of order N about the fixed value r = 1 € [19, b);

n Yt + k) = y(e) + Ty (e, y(8)) + O RV,
where
N oG ,
) Tn(ee, y(te)) = Z -)-J—jf—zﬂh"'
j=l ’

and y (1) = FU=1(r, y(1)) denotes the (j — 1)st total derivative of the function f
with respect to £. The formulas for the derivatives can be computed recursively:
yy=f
YW=fi+HY =h+Hf
YO = fu + 2fiyy + £, + fry (0P
= fu+2nf + Fn S+ KU+ £
YW = fur +3Fiyy + 31y V) + 31"
+ fyy’” + 3fyy)”y” + fyyy (y’)z'
=(frr +3fuy f +3fryyf1 + fyyny) + (fu +2ff + fn D
+3Ui+ LDy + foy D+ LXK+ 65

(3

and, in general,

) Y@y = PN ge, yey),
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where P is the derivative operator

9 3
P={—4f—].
(m+7%)
The approximate numerical solution to the LV.P. ¥'(r) = £(t, ¥) over [1g, 15]

is derived by using formula (1) on each subintervat [#, #.,]. The general step for
Taylor's method of order N is

d2h2 d3h3 thN
(5) Yk+1=yk+dlh+7!—-+7+...+ T

whered; = yY)(¢) forj = 1,2,..., N ateachstepk =0, 1,..., M — 1.

The Taylor method of order N has the property that the final global error (F.G.E.)
is of the order O (h¥*'); hence N can be chosen as large as necessary to make this
error as small as desired. If the order N is fixed, it is theoretically possible to a priori
determine the step size A so that the EG.E. will be as small as desired. However, in
practice we usually compulie two sets of approximations using step sizes 4 and 4 /2 and
compare the results.

Theorem 9.6 (Precision of Taylor’s Method of Order N). Assume that y(r) is
the solution to the LV.P. If y(t) € CN*!z, b] and {(re, yk)},i”:O is the sequence of
approximations generated by Taylor’s method of order N, then

lexl = 1y(t) — yiel = OGN,

(6) ) N
lex+1l = |y (tit1) = ye — ATN (e, i} = ORT).

[n particular, the FG.E. at the end of the interval will satisfy
7 E(y(b), k) = |y(b) — yu| = O(h").

The proof can be found in Reference [78].
Examples 9.8 and 9.9 illustrate Theoremn 9.6 for the case N = 4. If approximat:ons
are computed using the step sizes 4 and /2, we should have

® E(y(b), h) ~ Ch*
for the larger step size, and

h 1

o1
= —— 2 e B )
16~ ECH M gEO®)h

h
) E (y(b), 5) xC

Hence the idea in Theorem 9.6 is that if the step size in the Taylor method of order 4 is
reduced by a factor of % the overall FG.E. will be reduced by about l—lﬁ
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Example 9.8. Use the Taylor method of order N = 4 to solve ¥’ = (¢ — y)/2 on [0, 3]
with y(0) = 1. Compare solutions forh = 1, 4, }, and §.

The derivatives of y(r) must first be determined. Recall that the solution y(t) is a
function of ¢, and differentiate the formula y'(f} = f(¢, y(t)) with respect to ¢ to get
y‘z) (#). Then continue the process to obtain the higher derivatives.

y’(:)==f;—y,

d (t—y 11—y 1-@¢-y)/2 2—it+y
ym('):E?( 2 )“ 2 ~ 2 - &
y(3)(r)==i(2—t+y)=0—l+y’=-—1+(t—y)/2= —2+z—y‘

dt 4 4 4 8
@ 4 f-2+1-—-y —0+1—y 1-(—=»/2 2-1t+y
y (r)=--3;( g )= g 8§ 16

To find y;, the derivatives given above must be evaluated at the point (#y, yo) = (0, 1).
Calculation reveals that
00-1.0

dy =y (0) = - =-03,

& = yP(@©) = M’f 10 _ o7,

ds = yP(0) = ;Z;Qi;gﬂ = -0.375,
o= yO(0) = 2-0_“5_:'2‘* 0 _o1s7s.

Next the derivatives {d;} are substituted into (5) with 2 = 0.25, and nested multiplication
is used to compute the value yj:

0.75 -0.375 A
»=10+023 (—0-5‘ +0.25 (T +025 (—06 = +0.25 (0_1312))))

4

= 0.8974915.

The computed solution point is (11, y1) = (0.25, 0.8974915).

To determine y3, the derivatives {d;} must now be evaluated at the point (1], y;) =
(0.25, 0.8974915). The calculations are starting to require a considerable amount of com-
putational effort and are tedious to do by hand. Calculation reveals that

0.25 — 0.8974915

di =y'(0.25) = ——————— = 03237458,

i = y2(0.25) = 20025 :- 0897915 _ | cc 5720,

i = yP025) = “20* 0.25{3— 08974915 _ 00364,
ds = y®(0.25) = 207025 +0.8974915 — 01654682,

16
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Table 9.6 Comparison of the Taylor Solutions of Order N = 4 for y' = (t - y)/2

over [0, 3} with y(Q) =1

Y
f h=1 h=14 h=} h=1} y{#) Exact
0 1.0 1.0 1.0 1.0 10
0.125 0.9432392 0.9432392
0.25 0.8974915 0.8974908 0.8974917
0.375 0.8620874 0.8620874
0.50 0.8364258 0.8364037 0.8364024 0.8364023
0.75 0.8118696 0.8118679 0.8118678
1.00 0.8203125 0.8196285 0.8195940 0.8195921 0.8195920
1.50 0.9171423 0.9171021 0.9170998 0.9170997
2.00 1.1045125 1.1036826 1.1036408 1.1036385 1.1036383
2.50 1.3595575 1.3595168 1.3595145 1.3595144
3.00 1.6701860 1.6694308 1.6693028 1.6693906 1.6693905
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Table 9.7 Relation between Step Size and F.G.E. for the Taylor Solutions to

¥ =t~ y)/2over (0,3}

FG.E. oY ~cht
Step Number of Approximation Error atf = 3, where
size, h steps, M to y(3), yM v(3Y — vy = —0.000614
1 3 1.6701860 —0.0007955 —0.0006140
i 6 1.6694308 —0.0000403 —0.0000384
1 12 1.6693928 ~0.0000023 —0.0000024
% 24 1.6693906 —0.0000001 —0.0000001

455

| Program 9.3 (Taylor’s Method of Order 4). To approximate the solution of the

mn

Now these derivatives {d;} are substituted into (5) with & = .25, and nested multiplication
is used to compute the value y;:

y2 = 0.8974915 + 0.25 (—0.3237458

6. -0,
+0.25 (_—66;8729 4025 (——————0 33609364 +025 (0_—__"625:682))))

= 0.8364037.

The solution point is (#2, y2) = (0.50, 0.8364037). Table 9.6 gives solution values at
selected abscissas using various step sizes. ]

Example 9.9. Compare the FG.E. for the Taylor solutions to y' = (¢ — y)/2 over [0. 3}
with y(0) = 1 given in Example 9.8.

Table 9.7 gives the F.G.E. for these step sizes and shows that the error in the approxi-
mation y(3) decreases by about !_16 when the step size is reduced by a factor of ;—':

E(y(3),h) = y(3) — yu = O(h*) = C#*,  where C = —0.000614. =

The following program requires that the derivatives y', ¥”, ", and ¥"” be saved
in an M-file named df. For example, the following M-file would save the derivatives

from Example 9.8 in the format required by Program 9.3,

function z=df{t,y)
z=[(t-y)/2 (2-t+y) /4 (-2+t-y)/B (2-t+y)/16]);

| initial value problem y' = f(z, y) with y(a) = yo over [a, b) by evaluating ¥, ",
l and y"™ and using the Taylor polynomial at each step.

—

function T4=taylor(df,a,b,ya,M)
YInput - df=(y’ y’’ y’’? y*’’’] entered as a string '¢f’

Y% where y’=f(t,y)

% - a and b are the left and right end points
% - ya is the initial condition y(a)

% ~ M is the number of steps

%Output - T4=[T’ Y’] where T is the vector of abscissas and
% Y is the vector of ordinates

h={b-a)/M;

T=zeros(1,M+1);

Y=zeros(1,M+1);

T=a:h:b;

Y{1)=ya;

for j=1:M

D=feval(df,T(j),Y{(j));

Y(G+1)=Y(j)+h* (D(1)+h*(D(2) /2+h*(D(3) /6+h*D (4} /24) ) }
end
T4=[T’ Y’];

Exercises for Taylor Series Method

In Exercises 1 through 3 solve the differential equations by Taylor’s method of order N = 4.
(a) Let & = 0.2 and do four steps by hand calculation. Then let & = 0.2 and do two



456 CHAP.9 SOLUTION OF DIFFERENTIAL EQUATIONS
steps by hand calculation.
(b) Compare the exact solution y(0.4) with the two approximations in part (a).
(¢) Does the EG.E. in part (a) behave as expected when A is halved?

Ly=rf—ywithy0)=1,y)=—e"+1*-2+2
2.y =3y+3with y(0) = 1, y(r) = ¥ 21—}

3, ¥ = —ry with y{(0) = 1, y(t) = e~*/2

4.y = e — 2y with y(0) = 5. ¥(1) = fge™ ¥ +re7™
5.y = 2ry? with y(0) = 1, y(t) = 1/(1 ~ £?)

6. The Richardson improvement method discussed in Lemma 7.1 (Section 7.3) can be
used in conjunction with Taylor's method. If Taylor’s method of order N = 4 1s
used with step size A, then y(b) ~ y, + Ch*. If Taylor's method of order N = 4 is
used with step size 2h, then y(b) ~ yox + 16Ch®. The terms involving Ch* can be
eliminated to obtain an improved approximation for y (b):

16yn — yon
b) &
¥(&) s
This improvement scheme can be used with the values in Example 9.9 to cbtain better
approximations to y(3). Find the missing entries in the table below.

k Yh (16yn — y2n)/13
1.0 1.6701860
0.5 1.6694308
0.25 1.6693928
0.125 | 1.6693906

7. Show that when Taylor's method of order N is used with step sizes A and 1/2, hen
the overall EG.E. will be reduced by a factor of about 2~ " for the smaller step s1zus

8. Show that Taylor’s method fails to approximate the solution y (1) = r*/Z of the | VP
y = f(t,y) = L.5¥'/3 with y(0) = 0. Justify your answer. What difficulties wer¢
encountered?
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9, (a) Verify that the solution to the LV.P. y’ = y2, y(0) == 1 over the interval [0, 1) is

¥y =1t/(1 -1

(b} Verify that the solution to the LV.P. y' = 1 + yZ, ¥(0) = 1 over the interval
[0, 7r/4) is y(t) = tan(t + 7 /4).

(c} Use the results of parts (a) and (b} 1o argue that the solution to the LV.P. y' =
12 4+ %2, y(0) = 1 has a vertical asymptote between 7 /4 and 1. (Its location is
near ¢ = 0.96981.)

10. Considerthe LV.P.y' = 1+ y2, y(0) = 1.

(a) Find an expression for ¥ (¢), y3) (1), and y® ().

(b) Evaluate the derivatives at t = 0, and use them to find the first five terms in the
Maclaurin expansion for tan(t).

Algorithms and Programs

In Problems 1 through 5 solve the differential equations by Taylor’s method of order N = 4.

(a} Let A = 0.1 and do 20 steps with Program 9.3. Then let 4 = 0.05 and do 40 steps
with Program 9.3.

(b) Compare the exact solution y(2} with the two approximations in part (a).
(¢) Does the F.G.E. in part (a) behave as expected when 4 is halved?

(d) Plot the two approximations and the exact solution on the same coordinate system.
Hint. The output matrix T4 from Program 9.3 contains the x and y coordinates of
the approximations. The command plot (T4(:,1) ,T4(:,2)) will produce a graph
analogous to Figure 9.6.

Ly =2—ywithy@ =1,y()=—e'+1> -2t +2

Ly =3y+3twithy@ =1,y(1) =3e¥ -t -1

by = —ty with y(0) = 1, y(t) = e~/

4y =e ¥ — 2y with y(0) = 1, y(t) = {52 +te=¥

5y =2y with y(0) = 1, y(t) = 1/(1 — 1)

6. (a) Write a program to implement the Richardson improvement method discussea
in Exercise 6.

{(b) Use your program from part (2) to approximate y(0.8) for the LVP. y' = r?+y2,
y(0) = 1 over [0, 0.8]. The true solution at z = 0.8 is known to be y(0.8) =
5.8486168. Start with the step size # = 0.05. The program should terminate
when the absolute value of the difference between two consecutive Richardson
improvements is < 1075,
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7. (a) Modify Program 9.3 to carry out Taylor’s method of order N = 3.
(b) Use your program from part (a) to solve the LV.P. y' = 12 4 ¥2, 9(0) = 1 oser
[0, 0.8]. Find approximate solutions for the step sizes & = 0.05, 0.025, 0.01 o5,
and 0.00625. Plot the four approximations on the same coordinate system.

Runge-Kutta Methods

The Taylor methods in the preceding section have the desirable feature that the EG.E.
is of order @(h™), and N can be chosen large so that this error is small. However, the
shortcomings of the Taylor methods are the a priori determination of N and the com-
putation of the higher derivatives, which can be very complicated. Each Runge-Kutta
method is derived from an appropriate Taylor method in such a way that the FG.E. [5 of
order O(h"). A trade-off is made to perform several function evaluations at each step
and climinate the necessity to compute the higher derivatives. These methods can be
constructed for any order N. The Runge-Kutta method of order N = 4 is most popular
It is a good choice for common purposes because it is quite accurate, stable, and easy
to program. Most authorities proclaim that it is not necessary to go to a higher-ordes
method because the increased accuracy is offset by additional computational effort . If
more accuracy is required, then either a smaller step size or an adaptive method should
be used.

The fourth-order Runge-Kutta method (RK4) simulates the accuracy of the Taylor
series method of order N = 4. The method is based on computing yi| as follows.

(1) Vi1 = Yi -+ wiky + waky + wiks + waky,
where k1, k3, k3, and k4 have the form

ky = hf (e, yi),

ky =hf(n +ah, ye + biky),

ks = hf (G + azh, yi + boky + bakz),

ky = hf(t 4 ash, yx + baky + bsky + beks).

(2)

By matching coefficients with those of the Taylor series method of order N =4 59 thot
the local truncation error is of order O (%), Runge and Kutta were able to obtain the
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following system of equations:

by =ay,

by + b3 = ay,

ba -+ bs + bg = a3,
wtwrtwitwyg=1,

woa; + wiaz + waaz = %,
wgaf + w3a§ + w4a§ = %
& wza|3 + w3ag + w4ag = %,
w3a1 b3 + wala1bs + azbe) = é
waajazbs + wyas{a)bs + azbe) = %
w3a|2b3 + uJ4(a]2b5 + a%bﬁ) = -1—12-
1
waabibg = 2

The system involves 11 equations in 13 unknowns. Two additional conditions must be
supplied to solve the system. The most useful choice is

and by =0.

@ a = %

Then the solution for the remaining variables is

1 i 1

, == a3=1, by ==, b3—;'-, by=0, bs=0, bg=1,
(5) 2 2 4
Lot 1]
WIs=g n2=3 W=z m=g.

‘The values in {4) and (5) are substituted into (2) and (1) to obtain the formula for
the standard Runge-Kutta method of order N == 4, which is stated as follows. Start
with the initial point (fo, o) and generate the sequence of approximations using

R(A+2H+2fs+ fa)
Vi1 = ¥k + 3 ,
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where
N1 = Flw, yo),
h h
f2=f(fk+5,yk+§f]),
9

h h
f3=f(tk+5,yk+-if2)’

Ja= fle+h, i +hfs).

PDiscussion about the Method

The complete development of the equations in (7) is beyond the scope of this book arn

can be found in advanced texts, but we can get some insights. Consider the graph or

the solution curve ¥ = y{(1) over the first subinterval [tg, #;]. The function values
(7) are approximations for slopes to this curve. Here f is the slope at the left, f; and
f3 are two estimates for the slope in the middle, and f4 is the slope at the right (sce
Figure 9.9(a)). The next point (#;, y) is obtained by integrating the slope function

|
(%) y(n)—y(tc)=/ f@ y@)de.
L}

If Simpson’s rule is applied with step size /2, the approximation to the integral
in (8) is

f 4
9) [ f(f.}'(t))dt ‘AV, g(f(n),y(t[)))+4f(t|/2_y(r1/2)) o f('tlay(rl))),
fg

where 11 /2 is the midpoint of the interval. Three function values are needed; hence we

make the obvious choice f(fg, y (#10)) = fi and F(1), y(£;)) = f4. For the value in the
middle we chose the average of f> and f5:

S, ynp) = fz—}é

These values are substituted into (9), which is used in equation (8) to get y;:

(10) yi=yo+ g— (fl + 4(—ﬁ-2i-~—f3) + f4) :

When this formula is simplified, it is seen to be equation (6) with & = 0. The graph
for the integral in (9) is shown in Figure 9.9(b).
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¥

T

y= y(I) (‘[y)’(f;))
I‘ /’n:::f4
iy Yo) my=f3
i my = f, z
et (5 fy) (ty2: f2)
| ”
(71,20 f3)
\\ 17273 (o f)
1 .
1 1 —— ’ :
] fiz h L Ly 1

(b) Integral approximation:

(a) Predicted slopes m; [0 the °
¥(t)) =¥ = '6'(f1 +2fy + 2fy + 1)

solution curve y = ¥(f)
F{t, y(n) in the discussion of the Runge-Kutta

Figure 9.9 The graphs y = y()and z =
rethod of order N = 4.

Step Size versus Error
The error term for Simpson’s rule with step size h/21s

@I
b -y (CI)M-

If the only error at each step is that given in (11), after M steps the accurnulated error

fr the RK4 method would be
M hS b—a 4 4 4
2: @y b o 2Bt = OR).
'2) . Y3380 ~ 5760”7 ©

between FG E. and step size. It is used

the relationship .
e e e o how m fFort must be done when using the RK4

10 give us an idea of how much computing €
method.

isi -Ki Method). Assume that y(r) is the
Theorem 9.7 (Precision of the Runge-Kutta . : e
solution to the LV.P. If y(t) € C°[t, b} and {(&, ye)}M, is the sequence of approxi
:mations generated by the Runge-Kutta method of order 4, then

le] = [y(8) — yel = O™,

a3 leksi] = (1) — Yk BTNk Y = o).
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In particular, the FG.E. at the end of the interval will satisfy
(14) E(y(b).h) = [y() — yu( = O(h%).

Examples 9.10 and 9.11 illustrate Theorem 9.7. If approximations arc computed
using the step sizes h and /2, we should have

(1%) E(y(b), k) ~ Ch*

for the larger step size, and

h .
- == a— h
(16} E (y(b), 2) C IGCh E(y(b) ).

Hence the 1dea in Theorem 9.7 is that if the step size in the RK4 method is reduced by
a factor of we can expect that the overall FG.E. will be reduced by a factor of & T

Example 9.10, Use the RK4 method to solve the LV.P. y = {t — ¥)/2 on [0, 3] with
y(0) = 1. Compare solutions for b = 1, ! 3 4, and g L
Table 9.8 gives the solution values at selected abscissas. For the step size £ = 0.25. 2

sample calculation is

fi= &0—;—1—'9 =~0.35,

f= QI125—-(1+ 0225(0 .5)(—0. 5)) —0.40625,

f= 0.125-Q1 +025;(05)(-—0 40625)) _0.4121004,

fim 0.25—-(1+0. 2;(-—0 4121094)) —0.3234863,

»=10+025 (—-0.5 + 2(—0.40625) + 2(6_0.4121w4) - 0.3234863)
=0.8974915. v

Example 9.11. Compare the FG.E. when the RK4 method is used to solve ' = (£ —y);2

over [0, 3] with y(0) = 1 using step sizes 1, §, . and .
Table 9.9 gives the FG.E. for the vanous step swes and shows that the error in the
approximation to y(3) decreases by abont r ¢ when the step size is reduced by a factor

ot il
E(Gy@nhy=y3) —yu = O(hYy = Ch*  where C = —0.000614. B

A comparison of Examples 9.10 and 9.11 and Examples 9.8 and 9.9 shows what i~
meant by the statement “The RK4 method simulates the Taylor series method of order
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Table 9.8 Comparison of the RK4 Solutions with Different Step Sizes for y' = (t — y)/2
over [0, 3] with y(0) =1

Ve
n h=1 h=1 h=} h=} y(#x) Exact
0 1.0 1.0 1.0 1.0 1.0
1125 0.9432392 0.9432392
0.25 0.8974915 0.8974908 0.8974917
n.375 0.8620874 0.8620874
0.50 0.8364258 0.8364037 08364024 0.8364023
0.75 0.8118696 0.8118679 0.8118678
100 0.8203125 0.8196285 0.8195940 0.8195921 0.8195920
150 0.9171423 0.9171021 0.9170998 0.9170997
200 1.1045125 1.1036826 1.1036408 1.1036385 1.1036383
2.50 1.3595575 1.3595168 1.3595145 1.3595144
3. 1.6701860 1.6694308 1.6693928 1.6693906 1.6693905

Table .9 Relation between Step Size and F.G.E, for the RK4 Solutions to
¥ =t — y)/2 over {0, 3] with y(0) = 1

FGE. okt ~ cht
Step Number of | Approximation Erroratez = 3, where
size, h steps, M to y(3), v ¥y(3) — ym C = -0.000614
1 3 1.6701860 —0.0007955 —0.0006140
3 6 1.6694308 —0.0000403 —0.0000384
i 12 1.6693928 —0.0000023 —0.0000024
3 24 1.6693906 —0.0000001 —0.0000001

N =4 For these examples, the two methods generate identical solution sets {{fx. )}
over the given interval. The advantage of the RK4 method is obvious; no formulas for
the higher derivatives need to be computed nor do they have to be in the program.

It is not easy to determine the accuracy to which a Runge-Kutta solution has been
computed. We could estimate the size of y™(c) and use formula (12). Another way
is to repeat the algorithm using a smaller step size and compare results. A third way is
to adaptively determine the step size, which is done in Program 9.5. In Section 9.6 we
will see how to change the step size for a multistep method.

Runge-Kutta Methods of Order N = 2
The second-order Runge-Kutta method {denoted RK2) simulates the accuracy of the
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Taylor series method of order 2. Although this method is not as good to use as the
REK4 method, its proof is easier to understand and illustrates the principles involved.
To start, we write down the Taylor series formula for y(r + i):

(an y(t +h) = y(t) + hy'(t) + %hzy”(t) +Crh® +

where Cr is a constant involving the third derivative of y(¢) and the other terms in the
series involve powers of A/ for j > 3.

The derivatives y'(¢) and y”(z) in equation (17) must be expressed in terms of
f(r, y) and its partial derivatives. Recall that

(18) ¥ = £, ).

The chain rule for differentiating a function of two variables can be used to differ-
entiate (18) with respect to ¢. and the result is

Y = il v+ f( Y @),
Using (18), this can be written
(19 ¥y = filt, D+ fHE @ .

The derivatives (18) and (19) are substituted in (17) to give the Taylor expression
for y(t -+ h):

1
v+ h) =y +hf,y) + EhZf:(t, ¥
(200 1
+ Eszy(t, W,y +Crh® +

Now consider the Runge-Kutta method of order N = 2, which uses a linear com
bination of two function values to express y(¢t + h):

D y(t + h) = y(t} + Ahfo + Bhfi,
where
22) Jo= f(t, ¥,

fi=ft+ Ph,y+ Ohfo).

Next the Taylor polynomial approximation for a function of two independent vari-
ables is used to expand f{(r, y) (see the exercises). This gives the following represen-
tation for fi:

23 fi= U, y) + Phfi(, y) + Qhfy(t, ) ft, y) + Coh® +
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where Cp involves the second-order partial derivatives of f(z, y). Then (23} is used
in (21) to get the RK2 expression for y{(t + &):

4) Y(t +h) = y(0) + (A + B)hf (¢, ) + BPI fi(t, y)
) + BOKf(t, ) (1. ) + BCph® + -

A comparison of similar terms in equations (20) and (24) will produce the follow-
ing conclusions:

RE(L. y) = (A + BYaf(t, ) implies that 1 = A + B,

1
Ehzf,(r, yy=138 thf,(t, ¥) implies that % = BP,

1 1
-z—hzfy(t, Y)f(t, y) = BOR f,(t, y) f{t,y)  implies that ;= BO.

Hence, if we require that A, B, P, and Q satisfy the relations

1

1
2. - == — BQ=-,
(25) A+B=1 B 3 ¢ 3

then the RK2 method in (24) will have the same order of accuracy as the Taylor's
method in (20).

Since there are only three equations in four unknowns, the system of equations (25)
is underdetermined, and we are permitted to choose one of the coefficients. There are
several special choices that have been studied in the hterature we mention two of them.

Case (i): Choose A = — . This choice leads to B = 2, P=1ad@Q =1 If
equation (21) is written with these parameters, the formula is

h
(26) ¥y +h) =y + E(f(r, Y)Y+ f+h,y+hf(z, ).

When this scheme is used to generate {(tc, yx)}. the result is Heun’s method
Case (ii): Choose A = 0. This choice leadsto B =1, P = 2, and Q = If
equation (21) is written with these parameters, the formula is

h B
—,y+zfu.y)).

Q@n y(t+hy=y(@)+hf (r + 2

When this scherne is used to generate {(z, y¢}}, it is called the modified Euler-Cauchy
method.
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Runge-Kutta-Fehlberg Method (RKF45)

One way to guarantee accuracy in the solution of an L.V.P. is to solve the problem tw ice
using step sizes b and / /2 and compare answers at the mesh points corresponding 1o
the larger step size. But this requires a significant amount of computation for the
smaller step size and must be repeated if it is determined that the agreement is not
good enough.

The Runge-Kutta-Fehlberg method (denoted RKF45) is one way to try to resolve
this problem. It has a procedure to determine if the proper step size # is being used. At
each step, two different approximations for the solution are made and compared. If the
two answers are in close agreement, the approximation is accepted. If the two answers
do not agree to a specified accuracy, the step size is reduced. If the answers agree to
more significant digits than required, the step size is increased.

Each step requires the use of the following six values:

ky = hf (i, yi),
1 1
kz = hf (fk + Zh. Yk + Ekl) R

3 3,9
=hf - — -
ky = h) (tk+ g v+ 3ok + 32k2)
(28) 12, 1932 7200, 729
ks =hf |1 k-
= ("“L 5% 2197 T 2972 t 2197 3)
439 3680 845
ks =ht (”‘”‘ R T B R TE R "@"4)

1 8 3544, 1859, 11,
ke = hf (1 + ~h, ye — k) +2k
6 =" ("+2 Y= gphi 2k = ooecks + it T 3 )

Then an approximation to the solution of the . V.P. is made using a Runge-Kuua
method of order 4:
25 1408 2197 1

29 - k 2197, 1
9 Yert = et gkt ¥ 5sgs e+ aor T 5k

where the four function values fi, f3, fs, and f5 are used. Notice that f3 is not used
in formula (29). A better value for the solution is determined using a Runge-Kuua
method of order 5:
16 6656 28,561

30 Tht] = kit k
(30) Ut = v+ 35kt |_12,825 3+56430 k5+ k6

The optimal step size sk can be determined by multiplying the scalar s times the
current step size i. The scalar 5 is

Tol h 1/4 T 1/4
(31) 5= (—°__—~) ~0.84 (—0“'—)
2)zx1 — Yietil 241 — yil
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Table 9.10 RKF45 Solution to ¥ = 1 + y%, y(0) =

RKA4S approximation True solution, Error
k I Yk y(ty) = tan(zy) () =y
0 0.0 0.0000000 0.0000000 0.0000000
1 0.2 0.2027100 0.2027100 0.0000000
2 0.4 0.4227933 0.4227931 —0.0000002
3 0.6 0.6841376 0.6841368 —0.0000008
4 0.8 1.0296434 1.0296386 —(.0000048
5 1.0 1.5574398 1.5774077 —0.0000321
6 1.1 1.9648085 19647597 —0.0000438
7 1.2 2.5722408 25721516 —0.0000832
8 1.3 3.6023295 3.6021024 —0.0002271
9 135 4,4555714 44552218 —0.0003496
10 14 5.7985045 5.7978837 —0.0006208

where Tol is the specified error control tolerance.

The derivation of formula (31) can be found in advanced books on numerical anal-
ysis. It is important to learn that a fixed step size is not the best strategy even though
it would give a nicer appearing table of values. If values are needed that are not in the
table, polynomial interpolation should be used.

Example 9.12, Compare RKF45 and RK4 solutions to the LV.P.
y=1+y> with y0) =0 on [0 14].

An RKF45 program was used with the value Tol = 2 x 1073 for the error control
olerance. It automatically changed the step size and generated the 10 approximations to
the solution in Table 9.10. An RK4 program was used with the a priori step size of & = 0.1,
w hich required the computer to generate 14 approximations at the equally spaced points in
Lible 9,11, The approximations at the right end point are

y(1.4) =~ yyp = 5.7985045 and  y(1.4) = yj4 = 5.7919748
and the errors are

Eyjp = —0.0006208 and E;4 = 0.0059089

for the RKF45 and RK4 methods, respectively. The RKF45 method has the smaller
EITOL. [
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Y(i+1)=Y {2+ (k1+2+k2+2+k3+k4) /6;

Table9.11 RK4 Solutionto y' =1+ y2 y(0) =0 end
—— - R=[T’ Y');
RK4 approximation True solution, Error
& % Yk y( ) = tan() ¥t — v The foliowing program implements the Runge-Kuita-Fehlberg Method (RKF45)
0 | 00 0.0000000 0.0000000 0.0000000 described in (28) through (31).
1 0.1 0.1003346 0,1003347 0.0000001
2| 0z 0.2027099 0.2027100 0.0000001 Program 9.5 (Runge-Kutta-Fehlberg Method (RKF45)). To approximate the
3 gz g-iggg;gg g-:ggggg; 3-0000002 solution of the initial value problem ¥ = f(z, y) with y(a) = yo over [a, b] with
s | os 0.5463023 0.5463025 0.0000002 an error control and siep-size method.
6 0.6 0.6841368 0.6841368 0.0000000 function R-rkf45(f,a,b,ya,M,tol)
7 0.7 0.8422886 0'8422_884 ~0.0000002 %Input - f is the function entered as a string ’f’
8 0.8 1.0296391 _ 10295385 —0.0000005 % - a and b are the left and right end points
9 09 1.2601588 1.2601582 —0.0000006 . . s
10 1.0 1.5574064 1.5574077 0.0000013 Z - ya is the initial condition y(a)
(TR 1.9647466 1.9647597 0.0000131 % = M is the number of steps
12 12 2.5720718 2.5721516 0.0000798 3 - tol is the tolerance
13 1.3 3.6015634 3.6021024 0.0005390 %Output - R=[T? Y’] where T is the vector of abscissas
14 1.4 51919748 5.7978837 0.0039089 VA and Y is the vector of ordinates
%Enter the coefficients necessary to calculate the
- %values in (28} and (29
Program 9.4 (Runge-Kutta Method of Order 4). To approximate the solution a2=1/4:b2=1/4;a3=3/8;b3=3/32;c3=9/32; 24=12/13;
of the initial value problem y’ = f(z, y) with y(a) = yp over [a, b] by using the b4=1932/2197; c4=~7200/2197 ; 44=7296/2197 ; ab=1:
formula b6=438/216; c5=-8;d5=3680/513;e5=-845/4104 ;a6=1/2;
h b6=-8/27;c6=2;d6=-3544/2565; @6=1859/4104;
i Yer1 = ¥k + glky + 2k + 23 + ka). £6=-11/40;11=1/360;r3=-128/4275; r4=~2197/75240; r5=1/50;
r6=2/55;n1=25/216;n3=1408/2565 ;n4=2197/4104;n5=-1/5;
function R=rk4(f,a,b,ya,M) bipetei5:
“Input -~ £ is the function entered as a string ’f® h=%b-a) /‘I:{;
% -~ a and b are the left and right end points hmin=h/64;
% - ya is the initial condition y(a) hmax=64*h;
% ~ M iz the number of steps max1=200;
40utput ~ R=[T’ Y’] where T is the vector of abscissas ¥(1)=ya;
% and Y is the vector of ordinates T(1)=a;
h=(b-a) /M; j=1:
T=zeros(1,M+1); br=b-0.00001*abs(b) ;
Y=ZBZ'OS(1 ,M‘i'i); while (T(J)<b)
Tea:hib; if ((T(j>+h)>br)
Y(1)=ya; h=b-T(j);
for j=1i:M and

ki=hxfaval (£,T(j),¥(j));
k2=n+feval (£,T(j)+h/2,Y(j)+k1/2);
k3=h*feval (f ,T(j)+h/2,Y(j)+k2/2);
k4=hrfaval(f,T{j)+h,Y(j)+k3);

%Calculation of values in (28) and (29)
ki=h*feval(f,T(j),Y(i));
¥2=Y(j)+b2*kl;
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if big<abs(y2)break,end end
k2=h*feval (f ,T(j ) +a2*h,y2) 5 end
y3=Y(j)+b3*k1+c3*k2; R=[T’ Y*];

if big<abs(y3)break,end
k3=h*feval(f,T(j)+a3*h,y3);

yA=Y () +bd*k1+cark2+d4+k3; Exercises for Runge-Kutta Methods

if big<abs(y4)break,end

k4=h*:?eva£%(f Y(j)+adsh,y4); In Exercises 1 through 5, solve the differential equations by the Runge-Kutta method of
y5=Y () +bb*k1+chb*k2+d5+k3+e5%kd; order N = 4.

if big<abs(y5)break,end

k5=h*feval (f,T(j)+ab+h,y5);

y6=Y (j) +bbxk1+cE*k2+16+k3+e6*k4+L6*Kk5;
if big<abs(y6)break,end

(a) Let h = 0.2 and do two steps by hand calculation. Then let # = 0.1 and do four
steps by hand calculation.
(b) Compare the exact solution y(0.4) with the two approximations in part (a).

k6=h*feval (f,Y(j)+ab*h,y6); (c) Does the EG.E. in part (a) behave as expected when k is halved?
err=abs (ri*kl+r3*k3+rd*kd+r5+k5+r6+Kk6) ; Ly=f2—ywithy@=1y0=-e"'+-2+2
ynew=Y(J)+n1*k1+n3*kcl+n4*k4+n5*l:5; 2, yl - 3y + 3¢ with y({)) =1, y(!) — %831 —t— %
#Error and step size control ) 2
if ((err<tol) | (h<2¢hmin)) 3.y =~y with y(0) = 1, y() = e~/
Y(j+1)=ynew; 4, y' = e 2 — 2y with y(0) = 15, y(t) = e ¥ +re™%
H (':"g]( i"i;l-?:br) 5.y =2ry2 with y(0) = L, (1) = 1/(1 — %)
clse ’ 6. Show that when the Runge-Kutta method of order N = 4 is used to solve the L V.P.
T(j+1)=T(j)+h; y' = f(t, y)over [a, b] with y(a) = O the result is
end M-l
s h
J=i+1; YO & 2 3 (FU) +4S (terr2) + S,
and k=0
if (err==0)
8=0; where h = (b — a)/M, and t; = a + kh, and tia12 = a + (k + %) h, which is
else Simpson’s approximation {with step size /#/2) for the definite integral of f{r) taken
5=0,84+ (tol*h/err) ~(0.25); over the interval [a, b1.
?nd ) 7. The Richardson improvement method discussed in Lemma 7.1 (Section 7.3) can be
if£({s<0.7E)& (h>2*hmin)) used in conjunction with the Runge-Kutta method. If the Runge-Kutta method of
h=h/2; order N = 4 is used with step size h, we have
end
if ((8>1.50)&(2*h<hmax)) y(b) = yi + Ch.
::z*h; If the Runge-Kutta method of order N = 4 is used with step size 2k, we have
if ((big<abs(Y(j))) | (maxl==j)),break,end y(B) ~ ya + Ch*.
M=3;
if (b>T()) The terms involving Ch* can be eliminated to obtain an improved approximation for
M=j+1; y(b), and the result is
else 16y, —
yiby o =22,

M=3j; 5
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This improvement scheme can be used with the values in Example 9.11 to obtain
better approximations to ¥(3). Find the missing entries in the table below.

h Yh (16y, — y2m)/15

1.6701860 —
1.6694308 |

Ni—

§| 16693928
§| 106693906 |

For Exercises 8 and 9, the Taylor polynomial of degree N = 2 for a function f (1, y) of tho
variables ¢ and ¥ expanded about the point (a, b) is

Py(t, ¥) = f(a,b) + fila, b)(t —a)} + f(a,b)(y — b)

—a)? (a, b}y — b)?
g J@ DY fa e —ary - )+ by o=

8. (a) Find the Taylor polynomial of degree N = 2 for f(r,y} = y/t expand.
about (I, 1).
(b) Find P»(1.05, 1.1) and compare with f(1.05, 1.1). )
9. (a) Find the Taylor polynomial of degree N = 2 for f(t,y) = (1 +¢ — y)‘f -
expanded about (0. 0).
(b) Find P2(0.04,0.08) and compare with £(0.04, 0.08).

Algorithms and Programs

In Problems 1 through 5, solve the differential equations by the Runge-Kutta method of
order ¥ = 4.
(a) Let h = 0.1 and do 20 steps with Program 9.4. Then let £ = 0.05 and do 40 steps.
with Program 9.4,
(b) Compare the exact solution y(2) with the two approximations in part (a).
{c) Does the FG.E. in part (a) behave as expected when / is halved?
(d) Plot the two approximations and the exact solution on the same coordinate system,

Hint. The output matrix R from Program 9.4 contains the x and y coordinates M,
the approximations. The command plot (R(:,1) ,R(:,2)) will produce a graph

analogous to Figure 9.6.
Ly = ~ywithy)=1y()=—e"+12-2t+2
2.y =3y 43t with y(0) = 1, y(t) = 3e¥ —r — }
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3.y = =1y with y(0) = 1, y(r) = e—r2
4. ¥ =e ¥ 2y with y(0) = 11—0. y@t) = %e‘z’ +re
5. ¥ = 2yt with y(0) = 1, y(t) = 1/(1 — 2)
In Problems 6 and 7, solve the differential equations by the Runge-Kutta-Fehiberg method.
(a) Use Program 9.5 with initial step size h = 0.1 and tol = 10~7,
(b) Compare the exact solution y(b) with the approximation.
(c) Plot the approximation and the exact solution on the same coordinate system.
6. ¥ =91e¥, y(0) = 0 over [0, 3], y(r) = 3re¥ — &3t 4 1
7.y =2tan"'(0), y(0) = O over [0, 1], y(r) = 2¢ tan— (&) — In(t + #%)
8. In a chemical reaction, one molecule of A combines with one molecule of B to form
one molecule of the chemical C. It is found that the concentration y{t) of C at time ¢
is the sclution to the I.V.P.
Y=kla-y)b~y) with y(0)=0,

where & is a positive constant and ¢ and b are the initial concentrations of A and
B, respectively. Suppose that & = 0.01, ¢ = 70 millimoles/liter, and & = 50 mil-
limoles/liter. Use the Runge-Kutta method of otder N = 4 with /s — 0.5 to find
the solution over [0, 20]. Remark. You can compare your computer solution with the
exact solution y(f) = 350(1 — e~%2)/(7 — 5¢=02) Observe that the limiting value
is 50asr - 4co0.

9. By solving an appropriate initial value problem, make a table of values of the function
F(#) given by the following integral:
1 1 * o2
D=z+-——= 1| e Pdt for0<x<3
fw=z+—=[

Use the Runge-Kutta method of order N = 4 with & = 0.] for your computations.
Your solution should agree with the values in the following table. Remark. This is a
good way to generate the table of areas for a standard normal distribution.

x| flx)

00 05

0.5 | 0.6914625
1.0 | 0.8413448
1.5 ] 0.9331928
2.0 | 0.9772499
2.5 | 0.9937903
3.0 | 0.9986501

20. (a) Writs a program to implement the Richardson improvement method discussed
in Exercise 7. .

()  Use your program from part (a) to approximate y(0.8) for the LV.P. Yy =124y,

¥(0) = 1 over [0, 0.8]. The true solution at ¢ = 0.8 is known to be v(0.8) =
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5.8486168. Start with the step size # = 0.05. The program should terminate
when the absolute value of the difference between two consecutive Richardson
improvements is < 1077,

11. Consider the first-order integro-ordinary differential equation:
i
y =13y —025y% — 0.000]y/ y(r)dt.
0

(a) Use the Runge-Kutta method of order 4 with £ = 0.2, and y(0) = 250 over the
interval [0, 20], and the trapezoidal rule to find an approximate solution to the
equation (see Problem 10 in the Algorithms and Programs in Section 9.2).

(b) Repeat part (a) using the initial values y(0) = 200 and y(0) = 300,

(e) Plot the approximate solutions from parts (a) and (b) on the same coordinate
system.

Predictor-Corrector Methods

The methods of Euler, Heun, Taylor, and Runge-Kutta are called single-step methuds
because they use only the information from one previous point to compute the st.-
cessive point; that is, only the initial point (7p, yo) is used to compute (¢, y;) and.
in general, y; 1s needed to compute yii 1. After several points have been found. 1t
is feasible to use several prior points in the calculation. For illustration, we develop
the Adams-Bashforth four-step method, which requires y;_13, yx—2, yi—1, and y; in
the calculation of yg,;. This method is not self-starting; four initial points (fg, 3.+
{r1, ¥1), (2, ¥2), and (z3, y3) must be given in advance in order to generate the point-
{(, ya) 1 k= 4.

A desirable feature of a multistep method is that the local truncation error (L.T.I:.)
can be determined and a correction term can be included, which improves the accuracs
of the answer at each step. Also, it is possible to determine if the step size is sm.ill
enough to obtain an accurate value for yi1, yet large enough so that unnecessary and
time-consuming calculations are eliminated. Using the combinations of a predictor
and corrector requires only two function evaluations of f(z, y) per step

The Adams-Bashforth-Moulton Method

The Adams-Bashforth-Mouiton predictor-cotrector method is a multistep metiod de-
rived from the fundamental theorem of calculus:

Tt
(m Vtkr)) = y() + f £y dr.
4
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z = f(t, ¥(1))

/"“'\\‘_

z = f(z, y(1))

s Tz N T firl s Tz Tiy 1" a1

(a) The four nodes for the
Adams-Monlton corrector
(interpolation is used).

{a) The four nodes for the
Adams-Bashforth predictor
(extrapoclation is used).

Figure 9.10 Integration over [#, fx—] in the Adams-Bashforth method.

The predictor uses the Lagrange polynomial approximation for f(t, y(r)) based
on the points {#—3, fi—3), (tk—-2, fr—2)» (-1, fi—1), and (i, fio). It is integrated over
the interval [z, fx+1] in (1). This process produces the Adams-Bashforth predictor:

A
@ Phct = i+ 5%(“9&—3 37 ficr — 59 firt + 5510,

The corrector is developed similarly, The value pgy1 just computed can now be
used. A second Lagrange polynomial for f(¢, y(¢)) is constructed, which is based
on the points (x_2, fx—2), (tk—i. fe—1)» (%, fi). and the new point (# 1, fi+1) =
(f+1, f k41, Pr+1)). This polynomial is then integrated over {#;, fx+1] producing the
Adams-Moulton corrector:

h
3) Ye+l = Ye + ﬂ(fk—Z —5fk-1+ 197k + 9 fi+1).

Figure 9.10 shows the nodes for the Lagrange polynomials that are used in developing
formulas (2) and (3), respectively.

Error Estimation and Correction

The error terms for the numerical integration formulas used to obtain both the predictor
and corrector are of the order @ (#°). The L.T.E. for formulas (2) and (3} are

(L.T.E. for the predictor),

251 .
) Y(te+1) =~ Pr+1 = ;ﬁy(sl(c‘kﬂ)h‘

—-19 .
(5) Y(tert) = Yol = 75y(:”(a';(.,_l)hs (L.T.E. for the corrector)

Suppose that & is small and y(S)(;) is nearly constant over the interval; then the
terms involving the fifth derivative in (4) and (5) can be eliminated, and the result is
—1i9

— (Vi1 — Pk+1)-

(6) Y1) — Yiet1 & 770
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New mesh—= i ap L Liin b

0Old mesh— 1, 4 Lo Ly fy

Figure 9.11  Reduction of the step size to #/2 in an adaptive method.

The importance of the predictor-corrector method should now be evident. Fo
mula (6) gives an approximate etror estimate based on the two computed vaiues py4
and v and does not use y5(r).

Practical Considerations
The corrector (3) used the approximation fit1 = flf+1, Px+1) in the calculation
of vi41. Since yx4) is also an estimate for y(#+1), it could be used in the corrector (3)
to generate a new approximation for fiy;, which in turn will generate a new value
for yx41. However, when this iteration on the corrector is continued, it will converge
to a fixed point of (3) rather than the differential equation. It is more efficient to reduce
the step size if more accuracy is needed.

Formula (6) can be used to determine when to change the step size. Although
elaborate methods are available, we show how to reduce the step size to #/2 or increase
it 1o 2. Let RelErr = 5 x 10~% be our relative error criterion, and let Small = 1075,

SRS

19 1yt — Prtil
7 if oo LT PR peipr then set =
@ 270 Typar] + Small ~ oo e

19 Ykt — Pesil < RelErr
270 | yk+1| + Small 100

When the predicted and corrected values do not agree to five significant digits,
then (7) reduces the step size. If they agree to seven or more significant digits, then (8)
increases the step size. Fine-tuning of these parameters should be made to suit your
particular computer.

Reducing the step size required four new starting values. Interpolationof f(t, y(t})
with a fourth-degree polynomial is used to supply the missing values that bisect the in-
tervals [t;_2. tg~1]and [# |, & ). The four mesh points fx—3/2. Zk—1. fk—1/2, and # used
in the successive calculations are shown in Figure 9.11.

The interpolation formulas needed to obtain the new starting values for the step

size h/2 are

. then set h = 2k.

(&

=5 fu—a + 28 fy—-3 — 70 fr—2 + 140 f4 1 + 35 fi

©) Ju-172 = 128
3fi-4—20fk—3+90fi-2+60fi—1—5fi
fe-32 = 128 )

Increasing the step size is an easier task. Seven prior points are needed to double
the step size. The four new points are obtained by omitting every second one, as shown
in Figure 9.12.
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e ks B4 By Bea B fy =~ Old mesh

Figure 9.12 Increasing the step size to 2k in an adaptive method.

Milne-Simpson Methed

Anothel: popfﬂar predict9rconector scheme is known as the Milne-Simpson method.
Its predictor is based on integration of (7, (1)) over the interval [r_s, Lyl

e+
(10) Yis1) = ylie—3) + f L f o) e,
o3

The ]?redictor uses the Lagrange polynomial approximation for f£(z, y(r}) based
on the points (%3, fk-3), (tk-2, fe-2), (te—1. fio1), and (4, fi). It is integrated over
the interval [#;—3, f¢+1]. This produces the Milne predictor:

4h
{11) Pk+1 = Yk—3 + ?(2]”1«-2 — ficl +2£).

The corrector is developed similarly. The value pg.,; can now be used. A sec-
ond Lagrange polynomial for f(z, y(£)} is constructed, which is based on the points
(fe-1, fe—1), (i, fi), and the new point (f41, fert) = (s, FUhets Prs1)). The
polynomjal is integrated over [#., %4 ], and the result is the familiar Simpson’s rule:

h
(12) Vi1 = Yp—1 + g(ﬁc—l +4fe+ firr)

Error Estimation and Correction

The error terms for the numerical integration formulas used to obtain both the predictor
and corrector are of the order O (h>). The L.TE. for the formulas in (11) and (12) are

28
(13) Ylr1) = Prsr = g5 S ¢or 0k’ (L.TE. for the predictor),
—1
(14) Y{ty1) — Yep1 = %-y(s)(dkﬂ)hs (L.T.E. for the corrector).
Suppose thai 4 is small enough so that y3(z) is nearly constant over the intervat

[#-3. tk+1]. Then the terms invclving the fifth derivative can be eliminated in (13) and
(14) and the result is

28
(15) Y(tt1) = Pis1 == E(fv‘kﬂ ~ Pk+1).

Formula (15) gives an error estimate for the predictor that is based on the two
computed values px+1 and yy.1 and does not use y(3)(¢). It can be used to improve the
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predicted value. Under the assumption that the difference between the predicted and
corrected values at each step changes slowly, we can substitute p; and yi for pe4i and
v+t in (15) and get the following modifier:

Yk — Pk
(16) Mg+t = pi+1 +28 TR

This modified value is used in place of py4+1 in the correction step, and equation (12)
becomes

h
(17 Vi1l = Ye—1+ g(fkml + 4k + k41, mer1))

Therefore, the improved (modified) Milne-Simpson method is

4h .
Pk+l = Ye—3 + ?(2,&-2 — Je=1+2f) (predictor)
Yk — Pk

= modifier)
(18) Myl = pr+1+28 7 (
it = flterr. mick1)
h
Yitl = Yi—1 + "3‘(fk——l + 4 fi + frs1) (corrector).

Hamming’s method is ancother important method. We shall omit its derivation, but
furnish a program at the end of the section. As a final precaution we mention that all
the predictor-corrector methods have stability problems. Stability is an advanced topic
and the serious reader should research this subject.

Example 9.13. Use the Adams-Bashforth-Moulton, Milne-Simpson, and Hamming meth-
ods with i = é and compute approximations for the solution of the LV.P.

Y = ﬁ%_y_ y@® =1 over [0, 3]

A Runge-Kutta method was used to obtain the starting values
yy = 0.94323010,  y» = 0.89749071, and  y3 = 0.86208736.

Then a computer implementation of Programs 9.6 through 9.8 produced the values in ’Fa—
ble 9.12. The error for each entry in the table is given as a multiple of 1072, In all entries
there are at least six digits of accuracy. In this example, the best answers were produced by

Hamming's method. -
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Table 8.12  Comparison of the Adams-Bashforth-Moulton, Milne-Simpson, and Hamming
Methods for Solving v' = (¢t — y)/2, y(0) = 1

Adams-
Bashforth- Milne- Hamming’s
k Moulton Emor Simpson Error method Error
0.0 1.00000000 0E-8 | 1.00000000 0E-8 | 1.00000000 0E-38
0.5 0.83640227 BE—8 | 0.83640231 4E—8 | 0.83640234 1E—-8
0.625 | 0.81984673 16E—-8 | 0.81984687 2E—8 | 0.81984688 1E-8
0.75 0.81186762 22E-8 | 0.81186778 6E—8 | 0.81186783 1E—8
0.875 | 0.81194530 28E -8 | 0.81194555 3E—-8 | 0.81194558 0E-8
1.0 0.81959166 32E-8 | 0.81959190 8E—8 | (.81959198 0F -8
L5 0.91709920 46E—8 | 0.91709957 9E -8 0.91709967 —1E-8
2.0 1.10363781 S1E—-8 | 1.10363822 10E -8 | 1.10363834 —2FE—8
25 1.35951387 52E-8 1.35951429 10E—-8 | 1.35951441 —2E-8
2.625 1.43243853 52E-—8 1.43243899 6E—8 1.43243607 —2E-8
275 1.50851827 52E—8 | 1.50851869 10E—8 | 1.50851881 —2E-8
2.875 1.58756195 S51E—8 | 188756240 6E—8 | 1.58756248 —2E—8
3.0 1.66938998 50E -8 1.66935038 10E —8 1.66939050 —2E -8
The Right Step

Our selection of methods has a purposeL first, their development is easy enough for a
first course; second, more advanced methods have a similar development; third, most
undergraduate problems can be solved by one of these methods. However, when a
predictor-corrector method is used to solve the LV.P. y' = f(¢, y), where y(tp) = yo.
over a large interval, difficulties sometimes occur.

If fy(t, ¥) < 0 and the step size is too large, a predictor-corrector method might
be unstable. As a rule of thumb, stability exists when a small error is propagated as a
decreasing error, and instability exists when a small error is propagated as an increasing
error. When too large a step size is used qver a large interval, instability will result and
is sometimes manifest by oscillations in the computed solution. They can be attenuated
by changing to a smaller step size. Formulas (7) through (9) suggest how to modify
the algorithm(s). When step-size control is included, the following error estimate(s)
should be used:

(19) Y — = 19!% (Adams-Bashforth-Moulton),
(20) Y(te) — v = Pk ,;ﬂ {(Milne-Simpson),

- Yk .
@1) y@) -y~ 9P (Hamming)

In all methods, the corrector step is a type of fixed-point iteration. It can be proved
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that the step size k for the methods must satisfy the following conditions:

2.66667

fyle.

3.00000 N
e (Milne-Simpson)
@3 "< al 1mp

h« 2.66667
| fyle, ¥

(22) h< (Adams-Bashforth-Moulton),

(24) (Hamming).

The notation < in (22) through (24) means “much smaller than.” The pext example
shows that more stringent inequalities should be used:

B < 0.75
[yl y)
0.45

YRS

< 0.69
Al

(25) (Adams-Bashforth-Moulton},

(26) h (Milne-Simpson),

27 (Hamming).

Inequality (27) is found in advanced books on numerical analysis. The other two in-
equalities seem appropriate for the example.

Example 9.14. Use the Adams-Bashforth-Moulton, Milpe-Simpson, and Hamming meth~
ods and compute approximations for the solution of

'=30-5y, y@ =1 over the interval [0,10].

All three methods are of the order O (h*). When N = 120 steps was used for all three
methods, the maximumn error for each method occurred at a different place:

y(0.41666667) — y5 ~ —0,00277037 (Adams-Bashforth-Moulton),
$(0.33333333) — yq = —0.00139255 (Milne-Simpson),
¥(0.33333333) ~ y4 & —0.00104982 (Hamming).

At the right end points ¢ = 10, the error was

y(10) — yizo0 = 0.00000000 {Adams-Bashforth-Moulton),
y(10) — y120 ~ 0.00001015 (Milne-Simpson),
y(10) — yi20 = 0.00000000 (Hamming).

Both the Adams-Bashforth-Moulton and Hamming methods gave approximate solution
with eight digits of accuracy at the right end point.
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8w ok

L L A 1 1 N N N N

0 1 2 3 4 5 6 7 8 9 10

Figure 9.13 (a) The Adams-Bashforth-Moulton solution
to y' = 30 — 5y with N = 37 steps produces oscilla-
tion. It is stabilized when N = 65 because & = 10/65 =
0.1538 = 0.15=0.75/5 = 0. 75/ £y (e, yM.

N=110

e L I L )\ ¢ L N . . :

0 1 2 3 4 5 6 7 8 9% 10

Figure 9.13 (b} The Milne-Simpson solution to y' = 30 -
3y with N = 93 steps produces oscillation. It is stabilized
when N = 110 because » = 10/110 = 0.0909 ~ 0.09 =
0.45/5 = 0.45/| fy (¢, ¥)I.

It is instructive to see that if the step size is too large the computed solution os-
cillates about the true solution. Figure 9.13 illustrates this phenomenon. The small
number of steps was determined experimentally so that the oscillations was about the
same magnitude. The large number of steps required to attenuate the oscillations were
determined with equations (25) through (27).

Each of the following three programs requires that the first four coordinates of T
and Y be initial starting values obtained by another method. Consider Example 9.13,
where the step size was i = % and the interval was {0, 3]. The following string of
commands in the MATLAB command window will produce appropriate input vec-
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| ——-%7%6(/3‘ N=70
N =350

S T
.

1 L 1 1 1 1 1 L 1 1

0 1 2 3 4 5 6 7 8 9 10

Figure 9.13 (c) Hamming’s solution to y' = 30 — 5y
with N = 50 steps produces oscillation. It is stabilized
when N = 70 because b = 10/70 = (.1428 = (.138 =
0.69/5 = 0.69/1 £ (t, ).

tors Tand Y.

>>T=zeros(1,25);

>>Y=zeros(1,25);

>>T=0:1/8:3;

>>Y(1:4)=[1 0.94323919 0.89749071 0.86208736] ;

Program 9.6 (Adams-Bashforth-Moulton Method). To approximate the solution '
of the initial value problem y" = f(, y) with y(a) = ¥ over [a, b] by using the
predictor |

h
Pi+1 = Yk + ﬂ(_9fk—3 +37 fe2— 59 fi—1 +55£)

and the corrector

h
Yier1 = Yr + Eaf(fk—z =5fic1 +19£ + 9 fiy)).

function A=abm(f,T,Y)

#Input - £ is the function entered as a string ’f’

% - T is the vector of abscissas

% - Y is the vector of ordinates

%Remark. The first four coordinates of T and Y must

% have starting values obtained with RK4

%Output - A=[T’ Y’] where T is the vector of abscissas and
% Y is the vector of ordinates

n=length(T);
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if n<5,break,end;

F=zeros(1,4);

F=feval(f,T(1:4),Y(1:4));

h=T{2)-T(1);

for k=4:n-1
Y%Predictor
p=Y(k)+(h/24)*(F*[-9 37 -59 55}1°);
T(k+1)=T(1)+hxk;
F=[F(2) F(3) F(4) feval(f,T(k+1),p)];
%Corrector
V(k+1)=Y (k) +(h/24)*(F*[1 -5 19 8]’);
F(a)=feval (f,T(k+1),Y(k+1));

end

A=[T’ Y’];

Program 9.7 (Milne-Simpson Method). To approximate the solution of the initial
value problem y’ = f(z, y) with y(a) = yg over [a, b] by using the predictor

4h
P+l = Yi—3 + ?(ka—:z — fi-1 +2£)
and the corrector

h
Vi1 = Yi—1+ 'j’(fk—l + 4 fi + fer1)-

function M=milne{(f,T,Y)

%Input - f is the function entered as a string ’f’

% - T is the vector of abscissas

% - Y is the vector of ordinates

YRemark. The first four coordinates of T and Y must

% have starting values cbtained with RK4

%0utput - M=[T’ Y’] where T is the vector of abscissas and
% Y is the vector of ordinates

n=length(T);

if n<5,break,end;

F=zeros(1,4);

F=feval(f,T(1:4).Y(1:4));

h=T(2)-T(1};

pold=0;

yold=0;

for k=4:mn-1
YPredictor
pnew=Y(k-3)+(4*h/3)*(F(2:4)*[2 -1 21°):




484 CHAP.9 SOLUTION OF DIFFERENTIAL EQUATIONS SEC. 9.6 PREDICTOR-CORRECTOR METHODS 15

YModifier F=[F(2) F(3) F(4) feval(f,T(k+1),pmod)];
pmod=pnew+28* (yold-pold}/29; %Corrector
T(k+1)=T(1)+h*k; cnew={(9%Y (k) -Y (k-2) +3*h* (F(2:4)x[-1 2 1]17))/8;
F=[F{2) F{(3) F(4) feval(f,T(k+1) spmod) ] ; Y{(k+1)=cnew+9* (pnew—cnew) /121 ;
#Corrector pold=pnew;
Y{k+1)=Y(k-1)+(b/3)*(F(2:4)*[1 4 11’} cold=cnew;
pold=pnew; F(4)=feval (f,T(k+1},¥Y(k+1));
yold=Y (k+1); and
F{4)=feval(f,T(k+1),Y(k+1)); H=[T> Y¥’];
end
M=[T’ Y'];
|T?mgram 9.8 (Hamming Method). To approximate the solution of the initial value Exercises for Predictor-Corrector Methods
problem y’ = f(z, y) with y(a) = yo over [a, B] by using the predictor |
4h I In Exercises 1 through 3, use the Adams-Bashforth-Moulton method, the three starting
Pial = Yi=3 + ?(21&_2 — fe—1+ 21 values y(, y2, and y3, and the step size & = 0.05 to calculate by hand the next two values
y4 and y; for the L.V.P. Compare your solution with the exact solution y({t).
and the corrector 1y =2 —y y(0)=T1over[0.5], y(t) = —e~T +12 — 2t +2
—yi_2+9 3h 0.05) = 0.95127058
Yesl = Lls—t-zf + 5 (S fet + 26+ fir). ﬂo.m) = 0.90516258

T »(0.15) = 086179202

function H=hamming(f,T,Y)
” 2y =y+3t—13 y0) =tover[0,5, y() =26 +12 — 1 — 1

%Input - f is the function entered as a string ’f’

% - T is the vector of abscissas ¥(0.05) = 1.0550422

% - Y is the vector of ordinates y(0.10) = 1.1203418

YRemark. The first four coordinates of T and Y must ¥(0.15) = 1,1961685

% have starting values obtained with RK4 3y = —t/y, y(1) = L over[1, 1.4], y(t) = (2 — :2)1/2

%Dutput - H=[T’ Y’] where T is the vector of abscissas and 1(1.05) = 0.94736477

% Y is the vector of ordinates (1.10) = 0.88881944

n=length(T}; ¥(1.15) = 0.82310388

if n<b,break,end; In Exercises 4 through 6, use the Milre-Simpson method, the three starting vatues v, ys.
F=zeros(1,4); " and y3, and the step size & = 0.05 to calculate by hand the next two values v4 and ys for
F=feval(f,T(1:4),Y(1:4)}; the L V.P. Compare your solution with the exact solution y(z).

h=§éZ;—T(1); 4 ¥y = et — y, y(0) = 1 over {0, 51, vty = el e~

pola=d; .

- ¥(0.05) = 0.99879090
coLd=0; $(0.10) = 0.99532116

for'/;::‘;;ior ¥(0.15) = 0.98981417
;;new=Y(k-3)+(4*h/3)#(F(2:4)#[2 -1 21°); 5y =2y, ¥(0) = 1 over {0, 0.95], y(r) = 1/{1 — 12
Iodifiex y(0.05) = 1.0025063
pmod=pnew+112# (cold~pold)/121; $(0.10) — 1.0101010

T(er1)=T(1)+hek; ¥(0.15) = 1.0230179
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6. ' =1+ y?, y(0) =1 over [0, 0.75], y(f) = tan(s + 7 /4)
¥(0.05) = 11053556
v(0.10) = 1.2230489
¥(0.15) = 1.3560879
In Exercises 7 through 9, use the Hamming method, the three starting values y;. v+, and
¥3, and the step size h = 0.05 to calculate by hand the next two values y4 and »s for the
1.V.P. Compare your solution with the exact solution y(¢).
7. ¥ =2y — y% y(0) = L over [0, 5], (1) = 1 + tanh(r)
¥(0.05) = 1.0499584
»(0.10) = 1.0996680
¥{0.15) = 1.1488850
8. ¥ = (1 —¥H2 y(0) = 0 over [0, 1.55), y(t) = sin()
¥(0.05) = 0.049979169
¥(0.10) = 0.099833417
¥(0.15) = 0.14943813
y' = y2sin(t), ¥(0) = 1 over [0, 1.55], y(#) = sec(t)
¥(0.05) = 1.0012513
¥(0.10) = 1.0050209
y(0.15) = 1.0113564

9

Algorithms and Programs

1. (a) Use Program 9.6 to solve the differential equations in Exercises 1 through 3.
(b) Plot your approximation and the exact solution on the same coordinate system.

2. (a) Use Program 9.7 to solve the differential equations in Exercises 4 through 6.
{b) Plot your approximation and the exact solution on the same coordinate system.

3. (a) Use Program 9.8 to solve the differential equations in Exercises 7 through 9.
(b) Plot your approximation and the exact solution on the same coordinate systen.

4. Produce a graph analogous to Figure 9.13 by using Program 9.6 with N = 37 and
N = 65 to solve the LV.P.

y =30-—5y, y(@ =1 over[0,10].

5. Forthe LV.P. ¥ = 45 — 9y, y(1) = O over[1, 20]:
(a) Use inequality (22) to determine for which step sizes the Adams-Bashforth
Mouiton method might be unstable.
(b) Based on your results from part (a} select step sizes k; and h, for which the
Adams-Bashforth-Moulton method should be stable and unstable, respectively.
Use a Runge-Kutta method to generate three starting values yy, y2, and y3 tor
each of the step sizes.
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(c) Use Program 9.6 to generate two approximations, one for each step size, 1o the
LV.P.

(d) Use your results from part {¢) to produce a graph analogous to Figure 9.13. You
may find it necessary to experiment with several sets of step sizes.

9.7 Systems of Differential Equations

This section is an introduction to systems of differential equations. To illustrate the
concepts, we consider the ihitial value problem

X
- = f(t’-x’ Y) —
M dr with {x(to) = Xxq,

dy y(fo) = yo.
dt = g(t,,r, y)
A solution to (1) is a pair of differentiable functions x (¢) and y(¢) with the property
that when ¢, x(¢), and y() are substituted in £(z, x, y) and g(¢, x, v), the result is equal
to the derivative x'(¢#) and y'(¢), respectively; that is

@

A1) = ft, x(1), (1)) . x{to) = xo,
y'(t) = g(t. x (1), y()) ¥{t) = yo.

For example, consider the system of differential equations

dx +2

o5, T XxTEy 0)=6
3) j‘ with {x(o) ’

d—f=3x+2y y(0) =4.

The solution to the LV.P. (3) is

x(t) = 4e¥ + 27",

4
@ (1) = 6e¥ — 2e7*.

This is verified by directly substituting x (¢) and y(z) into the right-hand side of (3),
computing the derivatives of (4), and substituting them in the left side of (3) to get

16e¥ — 267" = (de¥ + 2¢7%) + 2(6e™ — 2¢7),
28¢Y 4 2¢7" = 3(de* + 2677) + 2(6™ — 2e7).
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Numerical Solutions

A numerical solution to (1) over the interval @ < t < b is found by considering the
differentials

(5) dx = f(t,x,y)dt and dy=g(, x, y)d:.

Euler’s method for solving the system is easy to formulate. The different
tis1 — tey dX = Xg41 — Xg, and dy = yp1 — yi are substituted into (5) to ge

Xiea1 — Xk =2 f(t, Xk, Vi) (1 — 1),

6)

Yk+1 — Y = gk, Xy YiH(le+1 — ).
The interval is divided into M subintervals of width 7 = (b — @)/M, and the mesh
points are f| = & + #. This is used in (6) to get the recursive formulas for Euler™~
method:

eyl =+ AR,
(7) Xka1 = Xk + Rf (t, Xe, Yo),
Vel = Ve +hg(te, xe. w) for k=01, ..., M—L

A higher-order method should be used to achieve a reasonable amount of accura. «
For example, the Runge-Kutta formulas of order 4 are

h
Aepl = Xk + g(f] +2f24+2f2+ fa),

(8) p
Yk+1 =Y+ -6-(31 +2g2-+ 283+ 84),
where
fi = f(t, Xk, ¥i). g1 = g{t\ Xy Y&,
h h h h h h
fa= f(fk+~2-,xk+§f1.yk+531). gz—g(tk+§,xk+5f|.)m+-2'gx),

AU S PR TR S AU SR P
fi=fl« 5 Y& St s8] s=glatgntzfantze)

fa=f(tx+h xe+hfs ye+hg), g4 =g +h, xi + hf3, ye + hg3).

Example 9.15. Use the Runge-Kutta method given in (8) and compute the numerical
solution to (3) over the interval [0.0, 0.2] using ten subintervals and the step size A = 0.02.
For the first point we have t; = 0.02 and the intermediate calculations required t0
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Table 9.13 Runge-Kutta Solution to x/(t) = x + 2y, y'(t} = 3x + 2y
with the Initial Values z(0) = 6 and y(0) = 4

k s xg Yk
0 0.00 6.00000000 4,00000000
1 0.02 6.29354551 4.53932490
2 0.04 6.61562213 5.11948599
3 0.06 6.96852528 5.74396525
4 0.08 7.35474319 6.41653305
5 0.10 7.77697287 7.14127221
6 0.12 8.23813750 7.92260406
7 0.14 8.74140523 8.76531667
8 0.16 9.29020955 9.67459538
9 0.18 9.88827138 10.6560560
10 0.20 10.5396230 11.7157807
compute xj and y| are
f1 = f(0.00.6.0,4.0) = 14.0 g1 = g(0.00,6.0,4.0)=26.0
h h
xo + Ef] =6.14 yo+531 =4.26

fr = £(0.01,6.14,4.26) = 14.66 gz = £(0.01,6.14,4.26) = 26.94
h h
Xg + ifz = 6.1466 yo+ Egz =4.2694

fa= f(0.01, 6.1466, 4.2694) = 14 6854

g3 = £(0.01, 6.1466, 4.2694) = 26.9786
xo +Af; = 6,293708 Yo + hgz = 4.539572
fa = £(0.02, 6.293708, 4.539572) = 15.372852
24 = £(0.02, 6.293708, 4.539572) = 27.960268

These values are used in the final computation:

0.
x =6+ %.2(14.0 + 2(14.66) + 2(14.6854) + 15.372852) = 6.29354551,

0.02
yi=4+ T(26.0 + 2(26.94) + 2(26.9786) + 27.960268) = 4.53932490.

The calculations are sammarized in Table 9.13.
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The numerical solutions contain a certain amount of error at each step. For the
example above, the error grows, and at the right end point t = 0.2 it reaches its maxi-
mum:

x(0.2) - x19 = 10.5396252 — 10.5396230 = 0.0000022,
¥(0.2) - y1p = 117157841 — 11.7157807 = 0.0000034.

Higher-order Differential Equations

Higher-order differential equations involve the higher derivatives x"(¢), x"(t), and so
on. They arise in mathematical models for problems in physics and engineering. For
example,

mx"(t) + cx'(t) + kx(2) = g(r)

represents a mechanical system in which a spring with spring constant k restores a
displaced mass m. Damping is assumed to be proportional to the velocity, and the
function g(z) is an external force, It is often the case that the position x (#) and velocity
x'(2p) are known at a certain time 7;.

By solving for the second derivative, we can write a second-order initial value
problem in the form

) x"(r) = flt. x(1), x'(6))  with x(t9) = xo and x(%5) = yo.

The second-order differential equation can be reformulated as a system of two first-
order equations if we use the substitution

(10y x'() = y().
Then x"(¢) = y'(+) and the differential equation in (9) becomes a system:

dx

(1n dt with
ZX — (t x )
ar flit,x,y

x(tp) = xp,
() = yo.

A nugerical procedure such as the Runge-Kutta method can be used to solve (11)
and will generate two sequences {xz)} and {y;}. The first sequence is the numerical
solution to (9). The next example can be interpreted as damped harmonic motion.
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Table 9.14 Runge-Kutta Solution to x”(f) + 4x’ (¢} + 5x(¢) = 0 with
the Initial Conditions x(0) = 3 and x'(0) = -5

k t X x(#)
o 0.0 3.00000000 3.00000000
1 0.1 2.52564583 2.52565822
2 02 2.10402783 2.10404636
3 0.3 1.73506269 1.73508427
4 0.4 141653369 1.41655509
5 0.5 114488509 114490455
10 1.0 0.33324302 £.33324661
20 2.0 —0.00620684 ~0.00621162
30 3.0 —0.00701079 —0.00701204
40 4.0 —0.00091163 —0.00091170
48 48 —0.00004972 —0.00004969
49 49 —0.00002348 —0.00002345
5 | 50 —0.00000453 —0.00000450

Example 9.16. Consider the second-order initial value problem
x"(t) + 4x'(t) + 5x(1) =0 with x(0) =3 and x'(0) = 5.

(a) Write down the equivalent system of two first-order equations.

{b) Use the Runge-Kutta method to solve the reformulated problem over [0, 5] using
M = 50 subintervals of width & = (.1.

(¢) Compare the numerical solution with the true solution:
x(t) =3¢~ ¥ cos(r) + % sin(r).
The differential equation has the form
() = £, x(0), 5 (1)) = —4x'(t) — 5x(1).

{ving the substitution in (10), we get the reformulated problem:

dx _

dt =Y with () =13,
d_y = ~5x — 4y ¥y = -5.
dt

Samples of the numerical computations are given in Table 9,14. The values { yi) are ex-
traneous and are not included. Instead, the true solution values {x(fx)} are included for
comparison. L]
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4. Solve the system x” = y — 4x, y' = x -+ y with the initial condition x(0} = 1 and

y(0) = 1 over the interval 0 < ¢ < 1.2 using the step size # = 0.05. The polygonal

path formed by the solution set is given in Figure 9.17 and can be compared with the
analytic solution:

Exercises for Systems of Differential Equations

In Exercises 1 through 4, use £ = 0.05 and

(a)} Euler’s method (7) by hand to find (x1, y1) and (x3, y2).

-V291/2 V35:/2 -V351/2 | 3612
(b) the Runge-Kutta method (8) by hand to find (x;, y;). 3¢ VB — 30BN e Tte

x() = +
3172 2e3t/2
1. Solve the system x’ = 2x+3y, y' = 2x+y with the initial condition x(0) = —2.7 and 2/29¢%/ e

¥(0) = 2.8 over the interval ) < r < 1.0 using the step size £ = 0.05. The polygonal and _

path formed by the solution set is given in Figure 9.14 and can be compared with the —Te=VD12 L 7Bz VB2 B2
analytic solution: yn = 2./20e%/2 + 2e3t/2

69 _, 3, 69 _, 1
) = —5ze L+ 50¢ ‘ and  y(O)= 75¢ "+ '2?64'- In Exercises 5 through 8:

(a) Verify that the function x (£) is the solution.
(b) Reformulate the second-order differential equation as a system of two first-order
equations.
(¢) Use i = 0.1 and Euler’s method by hand to find x) and x3.
(d) Use & = 0.05 and the Runge-Kuita method by hand to find x;.
5. 2x"(t) — Sx’ () — 3x () = 45¢% with x(0) = 2 and x'(0) = 1
L ox{t) = de~t/2 3 7% — 9™
6. x"(t) +62'(1) + 9x(r) = 0 with x(0) = 4 and x'(0) = —4
x(t) = 4™ + Bte™¥
7. x"(t) + x(1) = 6cos(t) with x(0) =2 and x'(0) = 3
x(t) = 2 cos(t) + 3 sin(f) + 37sin(t)

2. Solve the system x’ = 3x — y, ¥’ = 4x — y with the initial condition x{0) = 0.2 and
¥(0) = 0.5 over the interval 0 < ¢ < 2 using the step size # = 0.03. The polygonal

path formed by the solution set is given in Figure 9.15 and can be compared with the
analytic solution:

1 1 1 i

x(t) = - — —te' | = —e' — —té'

(2) 3¢ ~ple and y(&) 28 Ste.

3. Solve the system x’ = x — 4y, ¥y’ = x + y with the initial condition x(0) = 2 and
¥(0) = 3 over the interval 0 < ¢ < 2 using the step size & = 0.05. The polygonal
path formed by the solution set is given in Figure 9.16 and can be compared with the
analytic solution:

x(t) = ~2¢' + 4e' cos?(1) — 12¢' cos(t) sin(¢)

and 8. x(2) +3x'(t) = 12 with x(0) = Sand x'(0) = 1
= -3
¥(t) = =3¢ + 6’ cos*(z) + 2¢' cos(t) sin(e). () =4+dr+e™
y y y y
3r - 0.8 - e : 4r
'\ 8 .
\-/2‘ 076 B 3 -
Q4r 2L
ir L
02t 1 ———
i ' f [ x L . i 1 1 L 1 x
-2 -1 0 1 2 0.0 0.1 0.2 00 02 04 06 08 1

Figure 9.16 The solution to the sys- Figure 9.17 The solution to the sys-
tem x’ = x — 4y and y' = x 4y over temx’ = y —4x and ¥y’ == x + y over
[0.0, 2.0]. {0.0, 1.2].

Figure 9.14 The solution to the sys- Figure 9,15 The solution to the sy-
temx’ = 2x+3yand y' = 2x +y over temx’ =3x —yand y' = 4x — y over
[0.0, 1.0]. [0.0,2.0].
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Algorithms and Programs

1. Write a program to solve a system of equations by the Runge -Kutta method of order
N =4 (8).

In Problems 2 through 3, use your computer implementation of the Runge-Kutta method
for systems to solve each system using the step size 2 = 0.05. Plot your approximation
and the analytic sclution on the same coordinate system.
2. x' =2x+3y,y =2x+ y, withx(0) = —2.7, y(0) = 2.8over0 < < 1.0
x(t) = —Fe™' + Fe* and y(t) = et + pge¥
A xX=3x—y,y =4x -y withx(0) =02, y(0) =050ver0 <t <2
) = %e‘ — te* and y(1) = e — {ref
d '=x—4y,y =x+y withx(0)=2,y(0) =3over0 <t <2
x(t) = —2¢' + de' cos?(t) — 12¢' cos(?) sin(r)
y(t) = —3e' + 6¢’ cos?(r) + 2e’ cas(z) sin(t)
8. x=y—4x,y=x4+y,withx(0)=1,y0)=1lover0 <t <1.2
3g—VI91/2 _ 3,V201/2 ,~2B1/2 + VB2

x()= 2./2Ge3t/2 + 2e3t/2
= ~Te=VBU2 | 745172 N VB2 4 NB2
Y= 2/2931/2 2e3/2

In Problems 6 through 9:
(a) Reformulate the second-order differential equation as a system of two first-order
equations.

{b) Use your computer implementation of the Runge-Kutta method for systems to solve
each system over the interval [0, 2] with the step size & = 0.05.

() Plot your approximation and the analytic solution on the same coordinate system.
6. 2x"(1) — 5x'(t) — 3x(r) = 45¢% with x(0) = 2 and x’(0) = 1
x(t) = de™t/2 4 73 — 9%
7. 27 () + 6x'(1) + 9x(#) = 0 with x(0) = 4 and x'(0) = —4
x(r) = de™ 3 + 8o
8. x” (1) 4+ x(t) = 6cos(r) with x(0) = 2 and x'(0) = 3
x(1) = 2cos(r) + 3sin(r) + 31 sin(¢)
9. x”(£) + 3x'(1) = 12 with x (D) = S and x'(() = 1
xty=4+4t +e ¥

In Problems 10 through 19, use your computer implementation of the Runge-Kutta method
of order N = 4 to solve the given differential equation or system of equations. Plot each
approximation.

10. A certain rescnant spring system with a periodic forcing function is modeled by

x"(r) +25x(¢) = 8sin(5#)  with x(0) =0 and x'(0) = 0.

SEC,

11.

12,

13.

15.

16.
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Use the Runge-Kutta method to solve the differential equation over the interval [0, 2]
using M = 40 steps and s = 0.03,

The mathematical model of a certain RLC electrical circuit is
Q" (1) +20Q'(1) + 125Q(t) = 9sin(5t)

with Q(0) = 0 and Q'(0) = 0. Use the Runge-Kutta method to solve the differential
equation over the interval [0, 2] using M = 40 steps and & = 0.05. Remark. [(s) =
Q’(t) is the current at time ?.

At time 7, a pendulum makes an angle x (t) with the vertical axis. Assuming that there
is no friction, the equation of motion is

mix"(t) = —mg sin(x(t)),

where m is the mass and { is the length of the string, Use the Runge-Kutta method
to solve the differential equation over the interval [0, 2] using M = 40 steps and
h = 0.05 if g = 32 fysec? and

(a) ! =32ftandx(0) =0.3 and x'(0) = 0.

(b) ! =08ftand x(0) = 0.3 and x"(0) = 0.

Predator-prey model.  An example of a system of nonlinear differential equations
is the predator-prey problem. Let x(r) and y(z) denote the population of rabbits and
foxes, tespectively, at time . The predator-prey model asserts that x(r) and y(r)
satisfy

x'(1) = Ax(t) — Bx(0)y(1),

y'(0) = Cx(t)y(t) — Dy(1).

A typical computer simulation might use the coefficients
A=2, B=002 CC=00002, D=08.

Use the Runge-Kutta method to solve the system of differential equations over the
interval [0, 5] using M = 50 stepsand h = 0.2 if
(a) x(0) = 3000 rabbits and y(0) = 120 foxes.
(b) x(0) == 5000 rabbits and y(0) = 100 foxes.

, Solve x’ = x —xy, ¥y = —y + xy with x(0) = 4 and y(0) = 1 over [0, 8] using

h = 0.1. The trajectories of this system form closed paths. The polygonal path
formed by the solution set is one of the curves shown in Figure 9.18,

Solve x’ = —3x — 2y — 2xy?, ¥ = 2x — y + 233 with x(0) = 0.8 and y(0) = 0.6
over {0, 4] using 7 = 0.1. For this system, the origin is classified as a spiral point that
is asymptotically stable. The polygonal path formed by the solution set is one of the
curves shown in Figure 9.19.

Solve x' = y* — x2, y' = 2xy with x(0) = 2.0 and ¥(0) = 0.1 over [0.0,1.5]
using b = 0.05, For this system, there is an unstable saddle point at the origin. The
polygonal path formed by the solution set is one of the curves shown in Figure 9.20.
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Figure 9.18 Soiutions to the system Figure 9.19 Solutions to the system
¥=x—xyandy = —y+xy. x'=—-3x -2y ~2xy?and y' = 2x —
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Figure 9.20 Soluticns to the system Figare 9.21 Solutions to the system
x =%~ x2and ¥ = 2xy. X=l—yandy =x2—y2

17. Solve x’ = 1 — y. ¥y = x? — y? with x(0) = —1.2 and y(0) = 0.0 over [0, 5] using
h = 0.1. The point {1, 1} is a spiral point that is asymptotically stable, and the point
(1. 1) is an unstable saddle point. The polygonal path formed by the solution set is
one of the curves shown in Figure 9.21.

18. Solve x' = x3 — 2xy?, y = 2x%y — y® with x(0) = 1.0 and y(0) = 0.2 over
[0. 2] using A = 0.025. This system has an unstable critical point at the origin. The
polygonal path formed by the solution set is one of the curves shown in Figure 9.22.

19. Solve x' = x2 — y%, y' = 2xy with x{0) = 2.0 and y(0) = 0.6 over [0.0, 1.56] using
h = 0.02. The origin is an unstable critical point. The polygonal path formed by the
solution set is one of the curves shown in Figure 9.23.
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Figure 9.22 Solutions to the system Figure 9.23 Solutions to the system
x' =x%w2xy? and y' = 22y — 3. 2 =x%~y?and y = 2xy.
Boundary Value Problems

Another type of differential equation has the form

[¢)) x"=f@t,x,x"y for a<t<b,
with the boundary conditions

(2) x@=c¢ and x(b)=3§8.

This is called a boundary value problem.

The conditions that guarantee that a solution to (1) exists should be checked be-
fore any numerical scheme is applied; otherwise, a list of meaningless output may be
generated. The general conditions are stated in the following theorem.

Theorem 9.8 (Boundary Value Problem). Assume that f(z, x, y) is continuous on
theregion R = {(f,x,y) :a <t = b,—00 < x < 00, —00 < y < oo} and that
af/8x = fe(t,x,y) and 3f/8y = f,(¢, x, y) are continuous on R. If there exists a
constant M > 0 for which f; and fy satisfy

3 ft,x,y)>0 for all (¢, x,y)e R and
@ Ify(t,x, <M for all (¢t,x,y)€ R,

then the boundary value problem

3 x" = f(t,x,x"y with x(@) =« and x(b) =B

has a unique solution x = x(¢) fora <1 < b.
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The notation y = x’(r) has been used to distinguish the third variable of the func-
tion f(f, x, x"). Finally, the special case of linear differential equations is worthy ol
mention,

Corollary 9.1 (Linear Boundary Value Problem). Assume that f in Theorem 9.8
has the form f(z, x, y) = p{t)y + q(t)x + r(¢) and tha( f and its partial derivatives
af/dx = g(t) and 3f/8y = p(z) are continuous on R. If there exists a constant M > )
for which p(¢) and g(z) satisfy

(6) gq(t) >0 for all ¢ € [a, b], and
@ Ip() =M =ﬂgl;_a<xb{ip(r)l}.

then the linear boundary value problem
t)) X =pOX O +gOx@+r@)  with x(@) = and x(b) - P

has a unique solution x = x(t} overa < ¢ < b.

Reduction to Two L.V.P.’s: Linear Shooting Method

Finding the solution of a lincar boundary problem is assisted by the linear structure of
the equation and the use of two special initial value problems. Suppose that u(7) is the
unique solution to the L V.P.

{9 u = pay' () + gu@) +r(t) with u(a) = o and u'(a) =0.
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Fi.lrthermore, suppose that v(¢) is the unigue solution to the LV.P.

(10) v = p(t)y'(r) + g(tv{ry with v(a) =0 and via) = 1.

Then the linear combination

(1) x(t) = uit) + Cu(2)

is a solution to x” = p()x'(¢) + g(n)x(z) + r(t) as seen by the computation

X' = 0"+ Cv" = p(Ou (1) + (u () + (1) + p(YCY'() + 9()Cu(r)
= p(OU'(1) + CY(0) + q(8) (u(2) + Cu(t)) +r (1)
POX () + g()x(e) + r(2).

The solution x (#) in equation (11) takes on the boundary values

x(a) = u(a) + Cv(@) =a +0 = q,

(12)
x(b)Y =u(b) + Cu(b).

Imposing the boundary condition x(b) = B 1n (12) produces C = (8 — u(b))jvih).
Therefore, if u(b) 5 0, the znique solution to (8) is

_ B —u(d)
(13) x(t)—u(t)+Wv(r),

Remark. If ¢ fulfills the hypotheses of Coerollary 9.1, this rules out the troublesome
solution v(¢) = 0, so that (13) is the form of the required solution. The details are feii
for the reader to investigate in the exercises.

Example 9.17.  Solve the boundary value problem

Mooy 1pon 2
X0 = T O O+
with x(0) = 1.25 and x(4) = —0.95 over the interval [G, 4].
The functions p, g, and 7 are p(t) = 2t/(1 + 12), g(t) = —2/(1 + £2), and

r(t) = 1, respectively. The Runge-Kutta method of order 4 with step size h = 0.2
is used to construct numerical solutions {u;} and (v;} to equations (9) and ( 10), respec-
tively. The approximations {u 4} for u(z) are given in the first column of Table 9.15. Then
u(4) = ux = —2.893535 and v(4) = vyg = 4 are used with {13) to construct

_b—u@

w; = ij =0.485884Uj.
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Table 9.15 The Approximate Solutions {x;} = {u; + w;} to

: " - Teey = 1
the Equation x”(2) x'(t) Tor +

1412
1 uj wy Xj=ujtuw;
0.0 1.250000 0.000000 1.250000
02 1.220131 0.097177 1.317308
0.4 1.132073 0.194353 1.326426
0.6 0.990122 0.291530 1.281652
0.8 0.800569 0.388707 1.189276
1.0 0.570844 0.485834 1.056728
1.2 0.308850 0.583061 0.891911
1.4 0.022522 0.680237 0.702759
16 —0.280424 0.777413 0.496989
I.§ —0.592609 0.874591 0.281982
2.0 -(0.907039 0971767 0.064728
22 —1.217121 1.068944 —0.148177
2.4 —1.516639 1.166121 —0.350518
2.6 —1.799740 1.263297 —(.536443
28 —2.060904 1.360474 —0.700430
3.0 —2.294916 1.457651 —0.837265
3.2 ~2.496842 1.554828 —0.942014
34 —2.662004 1.652004 —1.010000
3.5 ~2.785960 1.749181 —~1.036779
3.3 —~2.86448} 1.846358 ~1.018123
4.0 —2.893535 1.943535 —0.950000

Then the required approximate solution is {x ;} = {u; + w;]. Sample computations are
given in Table 9.15, and Figure ¢.24 shows their graphs. The reader can verify that v(1) = r
is the analytic solution for boundary value problem (10); that is,

2, 2
— — t
57 V() Y v{t)

with the initial conditions v{0) =0 and v'(0) = .
The approximations in Table 9.16 compare numerical solutions obtained with the linear
shooting method with the step sizes A = 0.2 and 2 = 0.1 and the analytic solution

v"(l) —

1 1
x(t) = 1.25 + 0.4860896526¢ — 2.25¢% + 2r arctan(r) — 5 I+ %y + 5:’- In(t + £%).

A graph of the approximate solution when # = 0.2 is given in Figure 9.25. Included in
the table are columns for the error. Since the Runge-Kutta solutions have error of order
O(h*), the error in the solution with the smaller step size h = 0.1 is about 1—1(; the error of
the solution with the large step size # = 0.2, [

Program 9.10 will call Program 9.9 to solve the initial value problems (9) and (10).
Program 9.9 approximates solutions of systems of differential equations using a mod-
ification of the Runge-Kutta method of order N = 4. Thus, it is necessary to save
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¥
2t ¥ = w{t)
! '§§</
0 L ~; L b
-1t y=x(r)
21
3L ——— ¥ = u(r)

Figure 9.24 Numerical approximations u(f) and w(r) used to
form x(r) = u(t) + w(t) which is the solution 1o

" t Fyon
1) = t)— -+ 1.
x"(1) l+r2).’() 1_H_zx(r) + 1
Table 9.16 Numerical Approximations for x” (1) = 2 X'ty — 2 x(t)+1
I+22" 1+27
X x([j) X(Ij)—Xj xj x(.fj) X(Ij)—xf
t h=02 exact error t; h=0.1 exact error
0.0 1.250000 1.250000 | 0.000000 0.0 1.250000 1.250000 | 0.000000
0.1 1.291116 1.291117 | 0.600001
0.2 1.317308 1.317350 | 0.000042 || 0.2 1.317348 1.317350 | 0.000002
0.3 1.328986 1.328990 | 0.000004
0.4 1.326426 1.326505 | 0.000079 04 1.326500 1.326505 | 0.000005
Q0.5 1.310508 1.310514 | 0.000006
0.6 1.281652 1.281762 | G.000110 0.6 1.281756 1.281762 | 0.000006
0.3 1.189276 1.189412 | 0.000136 0.8 1.189404 1.189412 | 0.000008
1.0 1.056728 1.056885 | 0.000158 1.0 [.056876 1.056886 | 0.000010

1.2 0.891911 0.892085 | 0.000175 1.2 0.892076 0.892086 | 0.000010
1.6 0.496989 0.457187 | 0.000198 1.6 0.497175 0.497187 | 0.000012
2.0 0.064728 0.064931 | 0.000203 2.0 0.064919 0.064931 | 0.000012
24| —0350518 | —0.350325 | 0.000193 24} -0.350337 | —0.350325 | 0.000012
2.8, -0.700430 | —0.700262 | 0.000168 || 2.8 { —0.700273 | —0.700262 | 0.000011
3.2 —0.942014 | —0.941888 [ 0.000126 || 3.2 | —0.941805 | —0.941888 0.000007
36| —1.036779 | —1.036708 | 0.000071 36 —1.036713 | —1.036708 | 0.000005
4.0 | —0.950000 | ~0.950000 | 0.000000 || 4.0 | —0.950000 | —0.950000 0.000000

the equations (9) and (10) in the form of the system of equations (11} of Section 9.7.
As an illustration, consider the boundary value problem in Example 9.17. The follow-
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(using i = 0.2),

ing M-file, named F1, will save the LV.P. (9) in the form of a system of differential
equations.

function Z=F1(t,Z)

x=Z(1);y=2(2);

Z=[y,2*t*y/(1+t“2)—2*x/(1+t‘2)+1];

A similar M-file, named F2, will save the LV.P. (10) Gust let r(r) = 0in F1) in the
appropriate form.

A plot of the approximation obtained from Program 9.10 can be constructed by
using the command plot (L(:,1), L(:,2)).

Program 9.9 (Runge-Kutta Method of Grder N = 4 for Systems). To approxq

mate the solution of the system of differential equations
!

XU = filt, x (), ..., Xa 1)) i

-x:.(t) = fu(t, x1(0), ... > xn (1))

with xj(a) = @1, ..., x,(a) = a, over the interval [a, b].

function [T,Z]=rks4(F,a,b,2a,M)

“Input - F is the system input as a string °’F’

% - a and b are the end points of the interval
% - Za=[x(a) y(a)] are the initial conditions
% - M is the number of steps
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ADutput - T is the vector of steps

%4 - Z=[x1(t)...xm(t)]; vhere xk(t) is the approximation
% to the kth dependent variable
h=(b-a) /M;

T=zeros(1,M+1);

Z=zeros (M+1,length(Za));
T=a:h:b;

Z(1,:)=Za;

for j=1:M
ki=h*feval (F,T(j),Z(j,:));
k2=h+feval (F,T(j)}+h/2,Z(j,:)+k1/2);
k3=h*feval(F,T(j)+h/2,Z(j,: )+k2/2);
k4=h*feval (F,T(j)+k,Z(j, :)+k3);
Z(j+1,:2=2(3, : )+ (k1+2+k2+2+k3+k4) /6;

end

Program 9.10 (Linear Shooting Method). To approximate the solution of the
boundary value problem x” = p(f)x'{t) + q(t)x(t) + r(t) with x(a) = & and
x(b) = B over the interval [a, b] by using the Runge-Kutta method of order N = 4.

function L=linsht(F1,F2,a,b,alpha,beta,M)

%Input - F1 and F2 are the systems of first-order equations

% representing the I.V.P.’s (9) and (10), respectively;
% input as strings ‘F1', !F2°’

% - a and b are the end points of the interval

% - alpha = x(a) and beta = x(b); boundary conditions

% - M is the number of steps

Z0utput - L =[T* Xj; where T’ is the (M+1)xl vector of

A abscissas and X is the (M+1)xl vector of ordinates

%Sclve the system F1

Za=[alpha,0];

[T,2]=rks4(F1,a,b,Za,M);

U=Z(:,1);

%“Solve the system F2

Za=[0,1];

(T,Z]l=rks4(F2,a,b,Za,M);

sz( M. 1) H

#Calculate the solution to the boundary value problem

X=U+ (beta-U(M+1) ) *V/V(M+1) ;
L=[T" X1;
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Exercises for Boundary Value Problems

1. Verify that the function x (?) is the solution to the boundary value problem,
(@ x" = (=2/0x" + 2/t1)x + (10cos(In(r))) /12 over [1, 3] with x(1) = 1 and
x(3y=—1.

® 4.335950689 — 0.3359506908:> — 372 cos(ln(r)) + £2 sin(In(?))
Xy =
. 2

(b) x” =~2x"—2x + e~ + sin(2r) over [0, 4] with x (0) = 0.6 and x(4) = —0.1.

2
x{f) = é +e ' — ée"’ cos(t) — 5 ces3(r)

1
+ 3.670227413e " sin{t) — 3 cos(?) sin(?)

() x" = —4x" —4x + 5c0s(4t) + sin(2¢) over [0, 2] with x(0) = 0.75 and x(2) =
(.25.

— 1 —2r __ -2t E 2
x(1) = 0 + 1.025¢ 1.915729975te™ + 70 °% (r)
8 .
- g cos*(r) — gc:os(r) sin{s) + 5 cos® (1) sin(¢)

(d) x"+1/0x" + (1~ 1/(4*)x = 0 over [1, 6] with x(1) = 1 and x(6) = 0.
0.2913843206 cos{t) + 1.001299385 sin(t)
x()y= 7

© x"—(1/0x" + (1/1%)x = 1 over [(1.5, 4.5] with x(0.5) = 1 and x(4.5) = 2.

x(1) =12 — 0.2525826491¢ — 2.5284422971 In(r)

2. Does the boundary value problem in Exercise 1(e) satisfy the hypotheses of Corol-
lary 9.17 Explain.

3. If g fulfills the hypothesis of Corollary 9.1, show that v(¢) = 0 is the unique solution
to the boundary value problem

v = pWw @) +q(Ov(r)  with vi@) =0 and v(b) = 0.

Algorithms and Programs

1. (a) Use Programs 9.9 and 9.10 to solve each of the boundary vaiue problems in
Exercise 1, using the step size A = 0.05.
(b} Graph your solution and the actual solution on the same coordinate systern.

9.9
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2. Construct programs analogous to Program 9.9 based on
(a) Heun’s method,
(b) the Adams-Bashfarth-Moulton method, and
(c) Hamming’s method.
3. (a) Modify Program 9.10 to call each of your programs from Problem 2.
(b) Use your programs to solve each of the five boundary value preblems in Exer-
cise I using the step size & = 0.05,
(¢) Graph your solutions and the actual solution on the same coordinate system.

Finite-difference Method

Methods involving difference quotient approximations for derivatives can be used for
solving certain second-order boundary value problems, Consider the linear equation

(0 x" = p)x'(t) + g()x (1) + r ()

over [a, b] with x(a) = @ and x(b) = B, Form a partition of [a, b] using the points
a=1Ilyg<t < - <ty =h, where h = (b—a)/Nandzj =a+ jhforj =01,
-+ .» N. The central-difference formulas discussed in Chapter 6 are used to approximate
the derivatives

2 x'(t;) = %ﬁﬁ + Oh%)
and
3) ) = x(tia1) = 2x(2;) + x (1) +Oomd.

hz
To start the derivation, we replace each term x(t;} on the right side of (2) and (3)
with x; and the resulting equations are substituted into (1) to obtain the relation

i —2x; . 1] =X
iﬂ& + 0(h2) = P(tj) (fii_u + 0(}12))

(4 h? 2h
+ q(tj)xj + ;).
Next, we drop the two terms O (k%) in (4) and introduce the notation p i = pl)),

g. =q(y), and r; = r(t,); this produces the difference equation
Xj+1 = 2%+ xj-1 Xy = Xj-q
2 - 2k
which is used to compute numerical approximations to the differential equation (1).
This is carried out by multiplying each side of (5) by 42 and then collecting terms
iwvolving xj_1, x;, and x4 and arranging them in a system of linear equations:

(5} +qx;+rj,

N

—h h
(61} (ij — 1) Xj-l+ (2+h2qj)xj + (Epj —1 )xj_H = —h%r;,

/s
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forj=12,..., N—1, where xo = & and x5 = B. The system in (6) has the fam:liar
tridiagonal form, which is more visible when displayed with matrix notation:

(2482 fEp -1 x|
Fpr-1 24k Ep-1 0o X2
2pi~1  2+h%; 5pi—1 xj
o Fpva—1 2+kqy_y bpyoa—1||xnos
SHpv1-1 2+hqn_y xN-1 |
—h%r + e
—h2r
== —hzr_,-
T
—hirn_1 +en
where

h —h
eg = (EPI + l)a and ey = (TPN—I + 1) nB

When computations with step size 4 are used, the numerical approximation to the
solution is a set of discrete points {(¢;, x;}}; if the analytic solution x (¢ ;) is known, we
can compare x; and x(¢;).

Example 9.18. Solve the boundary value problem

2t
142

with x(0) = 1.25 and x (4) = —0.95 over the interval [0, 4].

The functions p, ¢, and r are p(t) = 2¢/(1 + £2), g(r) = —2/(L +2), and r(1) = 1.
tespectively. The finite-difference method is used to construct numerical solutions {x,} us-
ing the system of equations (6}. Sample values of the approximations {x IRI R ETRIRETEIR
and (x; 4} corresponding to the step sizes k) = 0.2, b3 = 0.1, 3 = 0.05, and k4 = 0.025
are given in Table 9.17, Figure 9.26 shows the graph of the polygonal path formed from
{(¢,, x;,1)} for the case k) = 0.2. There are 41 terms in the sequence generated .with
k2 == 0.1, and the sequence {x; 2} only includes every other term from these computations;
they correspond to the 21 values of {r;} given in Table 9.17. Similarly, the sequences {x 53}
and {x; 4} are a portion of the values generated with step sizes k3 = 0.05 and k4 = 0.025.
respectively, and they correspond to the 21 values of {r;} in Table 9.17.

Next we compare numerical solutions in Table 9.17 with the analytic solution: x(f) —
1.25+0.486089652r — 2.25¢% + 2¢ arctan(z) — 3 In(1 +12) + 32 In(1 +2). The numerical

” ’ 2
x'(t) = X(’)"l_,_,zx(‘)*']
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‘Table 9.17  Numerical Approzimations for x” )= 1 i x'(r) - -lz—x(t) +1

+ 12 + 2
Xjl T %3 Xjd ()

g h=02 h=0.1 k= 0.05 h=0.025 exact

00 1.250000 1.250000 1.250000 1.250000 1.250000
0.2 1314503 1316646 1317174 1.317306 1317350
0.4 1.320607 1.325045 1326141 1326414 1326505
0.6 1.272755 1.279533 1281206 1.281623 1.281762
08 1.177399 1.186438 1.188670 1.189227 1.189412
10 1042106 1.053226 1055973 1056658 1056886
1.2 0.874878 0.887823 0.891023 0.891821 0.892086
1.4 0.683712 0.698181 0.701758 0.702650 0.702947
16 0.476372 0.492027 0.495900 0.496865 0.497187
18 0.260264 0.276749 0.280828 6.281846 0.282184
20 0.042399 0.059343 0.063537 0.064583 0.064931
22 | -0.170616 —0.153592 —0.149378 -0.148327 ~0.147977
24 | —0372557 —0.355841 -0.351702 ~0.350669 ~0.350325
26 | -0.557565 ~0.541546 ~0.537580 ~0.536590 ~0.536261
28 | -0.720114 ~0.705188 —0.701492 —0.700570 ~0.700262
30 —0.854938 —0.841551 —0.838223 —0.837393 —0.837116
32 | —0.957250 ~0.945700 ~0.942839 ~0.942125 -0.941888
34 | -lo22221 —1.012958 ~1.010662 ~1.010090 ~1.009899
36 | —1.045457 ~1.038880 ~1.037250 —1.036844 - 1.036709
38 -1.022727 -1.019238 -1.018373 —1.018158 —1.018086
40 | —0.950000 ~0.950000 —0.950000 —0.950000 —0.950000

solutions can be shown to have error of order @ (h2). Hence reducing the step size by a
factor of % results in the error being reduced by about %. A careful scrutiny of Table 9.18
will reveal that this is happening. For instance, at t; = 1.0 the errors incurred with step
sizes k1, hy, h3, and kg are ;) = 0.014780, €2 = 0.003660, ¢; 3 = 0.000913, and ej4=
0.000228, respectively. Their successive ratios ¢ j.2/ej1 = 0.003660/0.014780 = 0.2476,
€;3/e;2 = 0.000913/0.003660 = 0.2495, and ej.4/e; 3 = 0.000228/0.000913 = 0.2497
are approaching ;.

Finally, we show how Richardson’s improvement scheme can be used to extrapolate
the seemingly inaccurate sequences {xj1}, {x;.2}, {x;3}, and {x; 4} and obtain six digits
of precision. Eliminate the error terms O (h2) and O((h /2)%) in the approximations {x; 1}
and {x; 2} by generating the extrapolated sequence {z; 1} = {(4x;2 — x; 1)/3}. Similarly,
the error terms O ((h/2)%) and O((h/4)?) for {x, >} and [x j.3} are eliminated by generat-
ing {z;,2} = ((4x;3 — x;2)/3}. It has been shown that the second level of Richardson’s
improvement scheme applies to the sequences {z; 1} and {z; >}, so the third improvement
is {(162;.2 — z,,1)/15} (see Reference [41]). Let us illustrate the situation by finding the
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y
Lot
y=u(1)
0.5}
. . A
0.0 1 2N 3 4
05}
-10¢} —

Figure 926 The graph of the numerical approximation for
x(¢) = u(t) + w(z) which is the solution to

x(H+1

2t
”  r—— 4 -
X0 = 1+r21(’) 1412

(using h = 0.2).

extrapolated values that correspond to ¢; = 1.0, The first extrapolated value is

4xj2—xj1 4(1.053226) - 1.042106 — 1.056932=2z,,,.

3 - 3

The second extrapolated value is

4xp5—xp2  HLOSOTH 1053226 | (e

3 3
Finally, the third extrapolation involves the terms z; ; and z; 2:

162/0 —2;1 _ 16(1.056889) — 1.056932 _ . oo

15 15

This last computation contains six decimal places of accuracy. The vaiues at the other

points are given in Table 9.19.

Program 9.12 will call Program 9.11 to solve the tridiagonal system (6). Pro-
gram 9.12 requires that the coefficient functions p(r), g(z), and r(r) (boundary value

problem (1)} be saved in M-files p.m, q.m, and r.m, respectively.

where C is a tridiagonal matrix.

Program 9.11 (Tridiagonal Systems). To solve the tridiagonal system CX = B,

function X=trisys(4,D,C,B)
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Table 9.18  Errors in Numerical Approximations Using the Finite-difference Method

x(fv,-)-xj..; x(lj)—Xj_z x(r',-)—x_,-J x(.'i)—xj";
2 =¢jt =€j2 =€j3 =€j4
hy =02 ha =0.1 k3 = 0.05 hq =0.025
0.0 0.000000 0.000000 0.000000 0.000000
02 0.002847 0.0006704 0.000176 0.000044
0.4 0.005898 0.001460 0.000364 0.000091
0.6 0.009007 0.002229 0.000556 0.000139
0.8 0.012013 0.002974 0.006742 0.000185
1.0 0.014780 0.003660 0.000913 0.000228
1.2 0.017208 0.004263 0.001063 0.000265
1.4 0.019235 0.004766 0.001189 0.000297
1.6 0.020815 0.005160 0.001287 0.000322
1.8 0.021920 0.005435 0.001356 0.000338
20 0.022533 0.005588 0.001394 0.000348
2.2 0.022639 0.005615 0.001401 0.000350
24 0.022232 0.005516 0.001377 0.000344
2.6 0.021304 0.005285 0.001319 0.000329
28 0.019852 0.004926 0.001230 0.000308
30 0.017872 0.004435 0.001107 0.000277
32 0.015362 0.003812 0.000951 0.000237
34 0.012322 0.003059 0.000763 0.000191
3.6 0.008749 0.002171 0.000541 0.000135
38 0.004641 0.001152 0.000287 0.000072
40 0.000000 0.000000 0.000000 0.000000
4Input - A is the subdiagonal of the coefficient matrix
% - D is the main diagonal of the coefficient matrix
% -~ C is the superdiagonal of the coefficient matrix
% - B is the constant vector of the linear system
%Cutput - X is the solution vector
N=length(B);
for k=2:N

mult=A(k-1)/D(k-1);
D(k)=D(k)-mult*C(k-1);
B(k)=B(k)-mult*B(k-1):

end
X(N)=B(N)}/D(N);
for k= N-1:-1:1

X(k}=(B(k)-C(k)*X (k+1)}/D(k) ;

end
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Table 9.19  Extrapolation of the Numerical Approximations {x;,1}, {x;2}, {x; 3} Obtained
with the Finite-difference Method

4xi2-x;1 4xj3-X;2 162;2—z;1 x(65)
3 3 3 Exact

1 =z, =2zj2 solution

¢.0 1.250000 1.250000 1.250000 1.250000
.2 1.317360 1.317351 1.317350 1.317350
0.4 1.326524 1.326506 1.326504 1.326505
0.6 1.281792 1.281764 1.281762 1.281762
0.8 1.189451 1.189414 1.189412 1.189412
1.0 1.056932 1.056889 1.056886 1.056880
1.2 0.892138 0.892090 0.892086 0.892086
1.4 (.703003 0.702951 0.702947 3.702648
1.6 0.497246 0.497191 0.497187 0.497187
1.8 0.282244 0.282188 0.282184 0.282184
2.0 0.064991 0.064935 0.064931 0.06493 1
2.2 -0.147918 —0.147973 —0.147977 —0.147977
24 —0.350268 -0.350322 —0.350325 —{).350325
2.6 -0.536207 ~0.536258 —0.536261 —0.536261
2.8 —0.700213 -0.700259 —0.700263 —0.700262
3.0 -0.837072 —0.837113 —0.837116 —0.837116
3.2 —0.941850 ~0.941885 —0.941838 —0.94188%
34 -1.009870 —1.009898 —1.009899 —1.009894
3.6 —1.036688 —1.036707 —1.036708 —1.03670%
3.8 -1.018075 —1.018085 —1.018036 —1.018080
4.0 —0.930000 —0.950000 —0.950000 —{0.950000

Program 9.12 (Finite-difference Method). To approximate the solution of the |
boundary valve problem x” = p(t)x'(t) + g(1)x () + r(t) with x{a) = « and |
x(b) = B over the interval [a, b] by using the finite-difference method of order
Oy,

Remark. The meshisa = # < ---

N+1
{I[ljtxj)}j; .

< tn+1 = b and the solution points .rc |

function F=findiff(p,q,r,a,b,alpha,beta,N)

%Input - p,q,and r are the coefficient functioms of (1)
% input as strings; ’p’,’q’,’r’

% - a and b are the left and right end points

% - alpha=x(a) and beta=x(b)

% - N is the number of steps

%0utput - F=[T’ X’]:where T’ is the 1xN vector of abscissas
% and X' is the 1xN vector of ordinates
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%Initialize vectors and h

T=zeros(1,N+1);

X=zeros(1,N-1);

Va=zeros (1,N-2);

Vb=zerog(1,N-1);

Vc=zeros (1,N-2);

Vd=zeros(1,N-1);

h=(b-a)/N;

%Calculate the constant vector B in AX=B
Vt=a+h:h:a+h*(N-1);

Vb=-h"2*feval (r,Vt);
Vb(1)=Vb(1)+(1+h/2*feval (p,Vt (1)) )*alpha;
Vb(N-1)=Vb(N“1)+(1-h/2*feval(p,Vt(N*l)))*beta;
#Calculate the main diagonmal ef A in AX=B
Vd=2+h"2+feval(q,Vt);

%Calculate the superdiagonal of A in AX=B
Vta=Vt{1,2:N-1);

Va=-1-h/2*feval{p,Vta);

%#Calculate the subdiagonal of A in AX=B
Vic=Ve(1,1:N-2);

Ve=-1+h/2*feval (p,Vtc);

#8olve AX=B using trisys
X=trisys(Va,Vd,Vc,Vb);

T={a,Vt,b];

X=[alpha,X,beta] ;

F=[T’ X’];

Exercises for ]E‘inite-difference Method

1 Exercises 1 through 3, use the finite-difference method to approximate x{a +0.5}.
(a} Let -y = 0.5 and do one step by hand calculation. Then let hy = 0.25 and do two
steps by hand calculation.
(b} Use extrapolation of the values in part (a) to obtain a better approximation (i.c.,
z0=x;2—x;1)/3).
(c) Compare your results from parts (a) and (b) with thie exact value x(a + 0.5).
L x”=2x"~x+1 — 1 over [0, 1} with x(0) = 5 and x(1) = 10
x()=r24+41+5
2. x" +(1/0x" + (3 — 1/(4t2)x = 0 over[1, 6) withx(1) = 1 and x(6)=0
0.2913843206 cos (¢) + 1.001299385 sin(f)
7

x(t) =
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" — (1/0)x + (1/t9x = 1 aver [0.5, 4.5] with x(0.5) = 1 and x(4.5) = 2
(1) = 12 —~ 0.2525826491 — 2.5284422971In(z)

. Assume that p, ¢, and r are continuous over the interval {a, b} and that g(¢) = 0 for

a <t < b. If hsatisfies 0 < h < 2/M, where M = max, < <p{| p(t)|}), prove that
the coefficient matrix of (6) is strictly diagonally dominant and that there is a unique
solution.

. Assume that p(r) = C; > 0and g(z) = C2 > 0. (a) Write out the tridiagonal lincar

system for this situation. (b) Prove that the tridiagonal system is strictly diagonall:
dominant and hence has a unique solution, provided that C,/C2 < k.

Algorithms and Programs

1.

Use Prograins 9.11 and 9.12 to solve the given boundary problem using step sizes
h = 0.1 and & = 0.01. Plot your two approximate solutions and the actual solution
on the same coordinate system.
(@ x" =2x' —x+1>—1over{0, 1] withx(0) = Sand x(1) = 10
x()=1>+4r+5
() 7+ (1/0x" + (1 — 1/(4r?))x = 0 over [1, 6] with x(1) = 1 and x(6) =0
0.2913843206 cos(?) + 1.001299385 sin(r)
x() =
Jt
© x"—(I/0x" +(1/t5)x = 1 over [0.5, 4.5] with x(0.5) = 1 and x(4.5) = 2
x{r) = 12 — 0.2525826491¢ — 2.528442297: In(?)

In Problems 2 through 7, use Programs 9.11 and 9.12 to solve the given boundary problem
using step sizes £ = 0.2, A = 0.1, and & = 0.05. For each problem, graph the thice
solutions on the same coordinate system.

2.

Eol o

.

X = (=2/0x" + (2/1)x + (10cosIn(r))) /¢ over [1, 3] with x(1) = 1 and x(3) =
-1

" = —5x' — 61+ te"2 + 3.9 cos(3t) over [0, 3] with x(0) = 0.95 and x(3) =0.15
x” = —4x’ — 4x + 5cos(4t) + sin(2t) over [0, 2] with x(0) = 0.75 and x(2) = 0.25
= =2x' — 2x +e~" +sin(2t) over [}, 4] with x(0) = 0.6 and x(4) = 0.1

. X"+ (2/0)x' — (2/t2)x = sin(?)/t* over 1, 6] with x(1) = —0.02 and x(5) = 0.02
o x4 (/D% -+ (1 — 1/(d2)x = /T cos(r) over [1, 6] with x(1) = 1.0 and x(6)

—05

. Construct a program that will call Programs 9.11 and 9.12 and carry out the extrapo-

lation process illustrated in Example 9.18 and Table 9.19.

. For each of the given boundary value problems, use your program from Problem B

and the step sizes A = 0.1, o = 0.05, and & = 0.025 to construct a table analogous
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to Table 9.19. Plot your extrapolated solution and the actual solution on the same
coordinate system.
(@) x"=2x"—x+¢>—lover[0, 1] with x(0) = 5 and x(1) = 10
x(N=2+4+5
®) x"+(0/0x" + (1 —1/(4r*))x = Oaver {1, 6] with x(1) = 1 and x(6) =0
0.2913843206 cos(r) + 1.001299385 sin(z)
N
(© x"—(/0x'+ (1/t1x = 1 over [0.5, 4.5] with x(0.5) = 1 and x4.5) =2
x{t) = 1> — 0.2525826491r — 2.528442297¢ In{s)

x(t)y =
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Solution of
Partial Differential Equations

Many problems in applied science, physics, and engineering are modeled mathemat-
ically with partial differential equations. A differential equation involving more than
one independent variable is called a partial differential equation (PDE). It is not nec-
essary to have taken a specialized course in PDEs to understand the rudimentary prin-
ciples involved in obtaining computer solutions. In this chapter we will study finite-
difference methods which are based on formulas for approximating the first and second
derivatives of a function. We start by classifying the three types of equations under
investigation and introduce a physical problem for each case. A partial differential
equation of the form

(1) A¢xx+B¢.xy+C¢yy:f(x~ya D, cb.x»cby)a

where A, B, and C are constants, is called quasilinear. There are three types of quasi-
linear equations:

(2) If B2 — 4AC < 0, the equation is called elliptic.
(3) If B — 4AC = 0, the equation is called parabolic.
(4) If B2 — 4AC > 0, the equation is called hyperbolic.

As an example of a hyperbolic equation, we consider the one-dimensional model
for a vibrating string. The displacement u(x, t) is governed by the wave equation

(5 pup(x,¥) = Tuy,(x,2) forO0<x <L and 0 <1 < 00,
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-~———emeeo 3 “~---+ x Figure 10.I The wave equation
x=L models a vibrating string.

Insulation

———
x
x= L

Figure 10,2 The heat equation
models the temperature in an

u(l,t)y=cy insulated rod.

with the given initial position and velocity functions
u(x, 0= f(x) fort=0and 0<x<1L,

(6)
u(x,0)=g(x) forr=0and O<x<1L,
and the boundary values
0,1) = =
@ u(@0,)=0 for x=0 and 0 < < 00,

u(L.) =0 forx=L and 0 <t < .

The constant o is the mass of the string per unit length and T is the tension in the
string. A diagram of a string with fixed ends at the locations (0, 0) and (L, 0) is shown
in Figure 10.1.

As an example of a parabolic equation, we consider the one-dimensional model for
heat flow in an insulated rod of length L (see Figure 10.2). The heat equation, which
involves the temperature #(x, r) in the rod at the position x and time ¢, is

8) Kixe(x, 8y =opuy(x,t) for 0<x <L and 0 <?¢ < co,
the initial temperature distribution at ¢ = 0 is

1) u(x,0)=f(x) fortr=0and O0<x <L,

and the boundary values at the ends of the rod are

u(0,)=¢; forx=0and 0 <t < o0,

(10}
u(L,f)=¢; forx=1L and 0t < oco.
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¥
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0.0 x Figure 10.3 Solution curves
02 0.4 0.6 08 LO u(x,y) = C to Laplace’s equation.

The constant « is the coefficient of thermal conductivity, o is the specific heat, and p

is the density of the material in the rod.

As an example of an elliptic equation, consider the potential function u(x, y),
which might represent a steady-state electrostatic potential or a steady-state temper-
ature distribution in a rectangular region in the plane. These sithations are modeled

with Laplace’s equation in a rectangle:
(1) UpelX, ¥) +ityy(x,y)=0 for0<x<land O0<y<l
with boundary conditions specified:

u(x, 0 = fi(x) for y=0and 0 <x =<1 (onthe bottom),
u(x, 1) = fo(x) for y=1 and 0 <x <1 (onthe top),
u(0,y)= fa(y) for x=0and 0<y =<1 (onthe left),
u(l, )= fa(y) for x=1and 0 <y <1 (on the right).
A contour plot for u(x, ¥) with boundary functions fi(x) = 0, falx) = sin(mx),
f3(¥) = 0, and f4(y) = O over the square R = (e, ):0<x=<1,0<y=1}is
shown in Figure 10.3.

Hyperbolic Equations

Wave Equation

As an example of a hyperbolic partial differential equation, we consider the wave equa-
tion

(1) uy(x,t)= czu”(x. ) for0<x<aand O0<t <b,
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R
y
51
I Figure 10.4 The grid for solving
*1 *2 *r Xi il Tl Fn g(x, ) = cRuge(x, ) over R.

with the boundary conditions

u(0,nD=0 and wu(@, =0 ford=<t<bh,
(2) ux, 0 = f(x) for 0 <x <a,

u(x,0) = glx) for 0 < x < a.

The wave equation models the displacement u of a vibrating elastic string with fixed
ends at x = 0 and x = a. Although analytic solutions to the wave equation can
be obtained with Fourier series, we use the problem as a prototype of a hyperbolic
equation.

Derivation of the Difference Equation

Partition the rectangle R = {(x,1) : 0 < x < a,0 <r < b} into a grid consisting of
n—1by m—1 rectangles with sides Ax = & and At = k, as shown in Figure 10.4. Start
at the bottom row, where ¢ = f; = ( and the solution is known to be u(x;, 1;) = f(x;).
We shall use a difference-equation method to compute approximations

{wi;:i=1,2,... n}insuccessiverows for j=2,3, ..., m

The true solution value at the grid points is #(x;, ;).
The central-difference formulas for approximating u;, (x, t) and sy, (x, [} are

u(x, t + k) —2uix, D+ ulx,t —k)

® U (x, 1) = = + 0k
and
@ s (o 1) = ulx +h, 1) —2ux, )+ ulx —h,t) 4 O,

h?
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Figure 10.5 The wave equation
“Hij stencil.

The grid spacing is uniform in every row: xi41 = x; + £ (and x;_1 = x; — h); and it is
uniform in every column: tj4) =¢#; + k (and t;_y = t; — k). Next, we drop the terms

0(k?) and O(h?) and use the approximation «; ; for u(x;, t;) in equations (3) and (4),
which in turn are substituted into (1); this produces the difference equation

5) Ui j+l — 2“;.;‘ tUit 2Bl = 2“;]‘ + i ’

k h
which approximates the solution to {1). For convenience, the substitution r = ck/h is
introduced in (5), and we obtain the relation

2
(6) i jt — 20k j g jq o= gy — 2005 i ).

Equation (6) is employed to find row j + 1 across the grid, assuming that approxima-
tions in both rows j and j — 1 are known:

(7) Ui j+1 = (2 — 2r2)uj_j + rz(u;+1,j Uiy, ) — B -1,
o}

fori =2,3, ..., n— 1. The four known values on the right side of equation (7), w hich
are used 10 create the approximation u; ;4, are shown in Figure 10.5.

Caution must be taken when using formula (7). If the error made at one stage of
the calculations is eventrally dampened out, the methed is called stable. To guaraniee
stability in formula (7), it is necessary that r = ck/h < 1. There are other schemes.
called implicit methods, that are more complicated to implement, but do not have sta-
bility restrictions for r (see Reference [90]).

Starting Values

Two starting rows of values corresponding to j = 1 and j = 2 must be supplicd in
order to use formula (7) to compute the third row. Since the second row is not usuully
given, the boundary function g(x) is used to help produce starting approximations in
the second row. Fix x = x; at the boundary and apply Taylor’s formula of order | for
expanding u{x, £) about (x;, §). The value u{x;, k) satisfies

(8 u(xi, k) = u(x;, 0) + (0, 0k + O (K2).
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Then use «(x;,0) = f(x;} = fi and u,(x;, 0) = glx)) = gi in (8) to produce the
formula for computing the numerical approximations in the second row:

) uiz2=fi+kg; for i=2 3, ...,n—1,

Usually, u(x;, t2) # u;3, and such errors introduced by formuia (9) will propagate
throughout the grid and will not be dampened out when the scheme in (7) is imple-
mented. Hence it is prudent to use a very small step size for k so that the values for
u; 2 given in (9) do not contain a large amount of truncation error.

Often, the boundary function f(x) has a second derivative f”(x} over the interval.
In this case we have u,, (x, 0) = f"(x), and it is beneficial to use the Taylor formula
of order n = 2 to help construct the second row. To do this, we go back to the wave
equation and use the relationship between the second-order partial derivatives to obtain

i+1 — 2fi + fi-
(1) ure(x,0) = Pux (47, 0) = 7 f"(x) = c"fi—hg—f—l + 00,
Recall that Taylor’s formula of order 2 is

Uy (xv O)kz

(11) u(x, k) = u(x, 0) + u, (x, 0)k + + O%).

Applying formula (11} at x = x;, together with (9) and (10), we get

c*k?

Uit =26 + fi-1) + 00D 0G) + 06,

(2)  ulx k) = fi + kg +

Using r = ck/ h, formula (12) can be simplified to obtain a difference formula for the
improved numerical approximations in the second row:

2
(13) ui.2=(1—f2)ﬁ+k3i+r§-(ﬁ+l + fion)

fori =2,3,...,n—1.

¥ Alembert’s Solution
I'hie French mathematician Jean Le Rond d’ Alembert (1717-1783) discovered that
(14) u(x,ty=F(x+4ct)+G(x —ct)

i~ a solution to the wave equation (1) over the interval 0 < x < a, provided that
F', F", G', and G" all exist and F and G have period 2a and obey the relationships
F(=2) = —F(2), F(z + 2a) = F{2), G(—2) = —G(z), and G(z + 2a) = G(z) for
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all z. We can check this out by direct substitution. The second-order partial derivatives
of the solution (14) are

(15) up(x, 1) = A F"(x + 1) + 2G"(x — c1),
{(16) Uye(x, ) = F'(x + ct) + G"(x — ct).

Substitution of these quantities into (1) produces the desired relationship:

M (x, 1) = 2 F"(x + 1) + 2G"(x - cF)
=2 (F'(x +et) +G'(x — ct))

= czu_u(x,t).

The particular solution that has the boundary values u(x, 0) = f(x) and u,(x,0) = 0
requires that F(x) = G(x) = f(x)/2 and is left for the reader to verify.

Two Exact Rows Given

The accuracy of the numerical approximations produced by the equations in (7) de-
pends on the trurication errors in the formulas used to convert the partial differential
equation into a difference equation. Although it is unlikely to know values of the exact
solution for the second row of the grid, if such knowledge were available, using the
increment k = ch along the ¢-axis will generate an exact solution at all the other points
throughout the grid.

Theorem 19.1.  Assume that the two rows of values u;; = u(x,,0) and ;7 =
u(x;, k}, fori = 1,2, ..., n, are the exact solutions to the wave equation (1). If the
step size k£ = A /c is chosen along the r-axis, then » = 1 and formula (7) becomes

(17) Wil = Wil j+Uio1,j — W j_1.

Furthermore, the finite-difference solutions produced by {17) throughout the grid are
exact solution values to the differential equation (neglecting computer round-off error).

Progf. Use d’Alembert’s solution and the relation ck = k. The calculation x; —ct; =
(—Dh—c{j—Dk=(—1h~—(j— 1}h = (i — j)h and a similar one prodncing
xi +ctj = (i + j — 2}k are used in equation (14) to produce the following special form
of Ui j-

(18) uij = F(( — ph)+ G({ + [ —2)h),

fori = 1, 2,....,nand j = 1, 2. ..., m. Applying this formula to the terms
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Wiyl js Mi-1,j, and u; ;1 on the right side of (17) yields

Wigl j T Mio1,j — Ui j—)
=F{(i+1- R+ F((i—1- j}h)
—F~ (G~ + Gl +1+j-2)h)
+ G -1+ -2 -G({(i+j—1—2h)
=Fi~(G+)+ GG +j+1~2)h)=u 4,

fori=10,2...,nandj=1,2,...,m. .

Warning. Theorem 10.1 does not guarantee that the numerical solutions are exact
when rumerical calcu}ations based on (9) and (13) are used to construct approxima-
tions u; 7 in the second row. Indeed, truncation error will be introduced if u; 2 #
u(x;, k) for some i, where 1 < i < n. This is why we endeavor to obtain the best
possible values for the second row by using the second-order Taylor approximations in
equation {13). :

Example 10.1. Use the finite-difference method to solve the wave equation for a vibrating
string:

(19) uee(x, 1) = due(x,#) for 0<x<1and 0<1t <05,
with the boundary conditions
(0,0) =0 and u(l,)=0 for0=<r <05,
(20) u(x,0) = f(x) =sin(rx) +sin(2zxx) for0<x <1,
u;(x,0) =g(x)=0 for0<sx <1

For convenience we choose # = 0.1 and ¥ = 0.05. Since ¢ = 2, this yields r =
ck/h =2(0.05}/0.1 = 1. Since g(x) = 0 and r = 1, formula (13) for creating the second
row is
_ fiot + fin

2

Substituting r = 1 into equation (7) gives the simplified difference equation

2D i for =23 ...,09

(22) Ui+l = Uiglj + Mioy j — Wi j—.

Applying formulas (21} and (22) successively to generate rows will produce the approxi-
mations to u(x, t) given in Table 10.1for 0 < x; < land 0 < #; < 0.50.

The numerica] values in Table 10.1 agree t0 more than six decimal places of accuracy
with those obtained with the analytic solution

u(x, ty = sin(rx) cos(@mt) + sin(2m x) cos{dnt).
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Table 10.1  Solution of the Wave Equation (19) with Boundary Conditions (20}

7] x x3 X4 X5 Xg x7 xg Xg Yo
0.00 | 0.8%802 1.538842 1.760074 1.538842 LOOD000 | 0.363271 | —0.142040 | ~0.363271 | =0278T6d
0.05 | 0.769421 1.328433 1.538842 1.380037 | 0.951056 | 0.428980 | 0.000000 | —0.210404 | ~0A316%
0.10 | 0.431636 | 0.76%421 0.948401 (.951056 0.809%017 0.587785 0360616 | 0.181636 | 0.068%64
0.15 | 0.000000| 0051599 | 0.181636 | 0.377381 | 0.587785 | 0.740653 | 0.769421 | 0.639384 | 0.%3L¥
0.20 | —0.380037 | —0.587785 | —0.519421 | —0.181636 | 0.309%017 0.769421 1.019421 0951056 | 0671920
0.25 | —0.587785 | —0.9510565 | —0.951056 | —(.587785 0.000000 | 0.587785 0951056 | 0.951056 | 0.58T78S
0.30 | —0.571020 | —0.951055 | —1.019421 | ~0.769421 | —0.309017 | 0.181636 | 0.519421 | 0.587785 | 0.380037
0.35 | —0.363271 | —0.639384 | —0.769421 | —0.740653 | ~0.587785 | —0.37738} | —0.181636 | —0.051599 | 0.000000
0.40 | —0.068364 | —0.181636 | —0.360616 | ~0.587785 | —0.809017 | —0.951056 | —0.948401 | —0.769421 | ~04B4kD%
045 | 0.181636 [ 0.210404 | 0.000000 | -0.428980 | —0.951056 | —1.380037 | —1.538842 [ —1.328438 | —D.76942%{
050 | 0278768 | 0.363271 | 0.142040 | —0.363271 | —1.000000 | —1.538842 | —1.760074 | —1.538842 | —0. 896H0L

/
Figure 10.6 The vibrating string for equations (19) and (20).
A three-dimensional presentation of the data in Table 10.1 is given in Figure 10.6. ]

Example 10.2. Use the finite-difference method to solve the wave equation for a vibratirg,
string:

(23) ey (x,8) = duyy(x,t) for0<x <1 and 0 <t <0.3,

with the boundary conditions

u@0,)=0 and u(l.t)=0 forO0=<t<l,

24 ux,0 = f(x)= {

sxs
1.5—1.5x for § <x <

ux,W=gx)=0 for0D<x <1
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Table 10.2  Solution of the Wave Equation (23) with Boundary Conditions (24)

t; X2 X3 x4 X5 X6 X7 Xg Xo X10
0.00 0.100 0.200 0300 | 0400 | 0500} 0600 0.450| 0.300 0.150
0.05 0.100 | 0.200 0.300 | 0400 [ 0.500 0.475 0.450 | 0.300 0.150
0.10 0.100 0.200 0.300 0.400 0.375 0.350 0.325 0.300 0.150
0.15 0.100 0.200 | 0300 | 0.275 0.250 | 0.225 0.200 0.175 0.150
0.20 0.100 0.200 0.175 0.150 0.125 0.100 0.075 0.050 0.025
0.25 0.100 0.075 0.050 | 0.025 0.000 | —0.025 | -0.050 | —0.075 | —-0.100
0.30 | —0.025 | -0.050 | —0.075 | —0.100 | —0.125 | —0.150 | —0.175 | —0.200 | —0.100
0.35 | —0.150 | —0.175 | —0.200 | —0.225 | —0.250 | —0.275 | —0.300 | —0.200 | —0.100
0.40 | —0.150 | —0.300 | —0.325 | —0.350 | —0.375 | —0.400 | —0.300 | —0.200 | —0.100
0.45 | —0.150 | —0.300 | —0.450 | —0.475 | —0.500 | —0.400 | —0.300 { —0.200 § —0.100
0.50 [ —0.150 | —0.300 | —0.450 | —0.600 | —0.500 | —0.400 | —0.300 | —0.200 | —0.100

=

Figure 10.7 The vibrating string for equations (23) and (24).

For convenience we choose h = 0.1 and k = 0.05. Since ¢ = 2, this again yields
r = 1. Applying formulas (21) and (22) successively to generate rows will produce the
approximations to u(x, t) given in Table 10.2 for 0 < x; < 1and 0 < ¢; < 0.50. A three-
dimensional presentation of the data in Table 10.2 is given in Figure 10.7. [ ]

Program 10.1 approximates the solution of the wave equation ((1) and (2}}. A three-
dimensional presentation of the output matrix U can be obtained by using the com-
mands mesh (U) or surf (U). Additionally, the command contour (U} will produce a
graph analogous to Figure 10.3, while the command contour3(U) will produce the
three-dimensional analogy of Figure 10.3.
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Program 10.1 (Finite-difference Saluuon for the Wave Equation). To approx-
imate the solution of wu, (x, 1) = c2u,(x, 1) over R = {x,0):0<x <a0x
t = b) with u(0,7) = 0, u(a,t) = 0,for 0 < t < b, and u(x,0) = fx),
u(x,0) =g(x), forQ < x < a.

function U = finedif(f,g,a,b,c,n,m)

%“Input - f=u(x,0) as a étring 6 SO

% - g=ut(x,0) as a string ’g’

% - a and b right end points of ([0, aJ and [0,b]

% - ¢ the constant in the wave equation

A - n and m number of grid points over [0,a] and [0,b]

#Output - U solution matrix; analogous to Table 10.1

%Initialize parameters and U
h=a/(n-1);

k=b/(m-1);

r=c*k/h;

ri=r-2;

r22=r"2/2;

sl=1-r"2;

82=2-24r"2;

U=zeros{n,m);

%ACompute first and second rows
for i=2:n-1
U(i,1)=feval(f,h*(i-1));
U(i,2)=s1*feval (f,h*(i-1))+k*feval (g,h*(i-1))
+r22*x(feval (f ,h+i)+feval (f,h*(i-2)));
end

%Compute remaining rows of U
for j=3:m,
for i=2:{(n-1),
Udi,j) = s2%U(L, J~1+r24 (UG-1, 104U+, j-1))-U, -2 ;
end
end

U=,
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Exercises for Hyperbolic Equations

1. (a) Verify by direct substitution that #{x, t) = sin(nnx) cos(2nmt) is a solution to
the wave equation u,,(x, 1) = 4u,,(x, t) for each positive integern = 1,2, . ...
(b} Verify by direct substitution that u(x, ) = sin{(nmx) cos(cnmt) is a solution
to the wave equation u, (x, ) = ctu xx(x, t) for each positive integer n = 1,
2,....
2. Assume that the initial position and velocity are u(x, () = f(x) and 4, (x,0) =
respectively. Show that the d’ Alembert solution for this case is
Flx+et)+ flx —ct)
5 .
3. Obtain a simplified form of the difference equation (7) in the case A = 2ck.
In Exercises 4 and 5, use the finite-difference method to calculate the first three rows of
the approximate solution for the given wave equation. Carry out your calculations by hand
(calculator).
4wy (x, 1) = duzx(x, £), for 0 < x < 1and 0 < t < 0.5, with the boundary conditions

[
e

ulx, 1y =

u(0,0)=0 and uw(l,5})=0 for0 <t <05,
u(x,0) = f(x) =sin(mx) for0<x <1,
u{x,0)=gx)=0 for0<x<1.
Leth =02, k=0.1,andr = 1.
S, up(x, 1) = 4uy (x, 1), for0 <x < 1and 0 <t < 0.5, with the boundary conditions
#0,0)=0 and u(1,)=0 for0<1r=<0.5,

22-{ for0_<_15%.
'0= =
w0 =fw=1"° ,
_4_ forssxsi

u(x,0)=g(x)=0 for0<x<l.
Leth=02,k=0.l1,andr = 1.
6. Assume that the initial position and velocity are u(x, 0) = f(x) and u,(x, 0) = g(x),
respectively. Show that the d’ Alembert solution for this case is
£ x —ct X+-cr
utr,n = LEFDXTE D %] §(s)ds.

X=ci

7. For the equation iy, (x, t) = Yux:(x, ¢), what relationship between 4 and & must occur
in order to produce the difference equation u;,j 1) = uiy1,j + ui-1,j — i j—1?

8. What difficulty might occur when trying to use the finite-difference method to solve
ur(x, t) = duyy(x, t) with the choice k = 0.02 and & = 0.03?
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Algorithms and Programs

In Problems | to 8, use Program 10.1 to solve the wave equation u, (x, 1) = ¢, (x. 1),
for0 < x < @ and0 =1 < b, with the boundary conditions

for 0<¢<b,

for0<x<a,

for 0<x<a,

u@0,:)=90 and u(a,t)=0
u(x,0) = f(x)
u:(x,0) = g(x)
for the given values. Use the surf and contour commands to plot your approximate
solutions.
L. Usea=1b=1c¢=1, f{x) =sin(zx), and g(x) = 0. For convenience, choose
h=01andk =0.1.
2.Usea=1,b=1,¢c=1, f(x) = x — x2, and g(x) = 0. For convenience, choose
h=0landk =0.1.
2x forO<x < %,
A Usea=Lb=1lc=1,f(x)= Iz—-2x for% <r<l.
gxy=0,h=0.1,andk =0.1.
. Usea=1,b=1,c=2, f(x) =sin(nx), g(x) =0, = 0.1, and £ = 0.05.
. Usea=1,b=1,c=2 f(x)=x—x% gx) =0,k =0.1, and k = 0.05.
. Repeat Problem 3, but with ¢ = 2 and & = (.05.
. Repeat Problem 1, but with f(x) = sin(Zmx) + sin(4xr.x).
. Repeat Problem 1, but with ¢ = 2, f(x) = sin(2zx) 4 sin(4xx), and k = 0.05.

@ - & b

Parabolic Equations

Heat Equation

As an example of parabolic differential equations, we consider the one-dimensionsl
heat equation

(1) u;(x, 1) = czu:,x(x,t) for0<x<aand O<t <b,
with the initial condition

2) u(x, 0= f(x) fort=0and 0<x<a,

and the boundary conditions

w(@,t)=g1(t)=c; forx=0and 0<¢r<h,

3 u(@a, t)=gxt)=c2 forx=a and 0<t <bh.
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I

[Snd

Hl

Figure 10.8 The grid for solving

oo o # Hn Fne1 " u(x,£) = Uz, (x, t) over R.

The heat equation models the temperature in an insulated rod with ends held at cor-
stant temperatures ¢ and ¢ and the initial temperature distribution along the rod be-
ing f(x). Although analytic solutions to the hear equation can be obtained with Fourier
series, we use the problem as a prototype of a parabolic equation for numerical solu-
tion.

Derivation of the Difference Equation

Assume that the rectangle R = {(x,7) : 0 < x < 4,0 < t < b} is subdivided into
n —1bym — | rectangles with sides Ax = & and Ar = £, as shown in Figure 10.8.
Start at the bottom row, where ¥ = #; = 0, and the solution is ulx;, 1) = flx;). A
method for computing the approximations to u(x, ¢) at grid points in successive rows
{u(xs, )1 i=1,2,...,n}, forj=2,3,...,m, will be developed.
The difference formulas used for u,(x, 1) and u,, (x, t) are
u(x,t +k) —u(x,t)

@ u(x,r) = X + 0 %)

and

wlx —h, 1y —2u(x, ) +u(x +h, 1)
PR

(5) luxx(x, I): +0(h2)-

The grid spacing is uniform in every row: x;+; = x; + A (and Xi—1 = Xx;j —h), and
itis uniform in every column: #;11 = t; + k. Next, we drop the terms O (k) and O (h?)
and use the approximation «; ; for u(x;, t7) in equations (4) and (5), which are in turn
substituted into equation (1) to obtain

Mijl =W Wil = 24+ Big,)
k K2 ’

(6)
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4y g1

ru

™i+LJ  Figure 10.9 The forward differ-
ence stencil.

i1, :
(1- 2r}uj_J

which approximates the solution to (1). For convenience, the substitution r = ¢2k/ 4°
is introduced in (6), and the result is the explicit forward-difference equation

N w; jp1 = (1 = 2r)u; j +riui—1; +uigy j)

Equation (7) is employed to create the (f 4 1)th row across the grid, assuming that
approximations in the jth row are known. Notice that this formula explicitly gives the
valueu; j+i intermsofu, ) j, 4; j, and u; 4 ;. The computational stencil representing
the situation in formuia (7) is given in Figure [0.9.

The simplicity of formula (7) makes it appealing to use. However, it is impor-
tant o use numerical techniques that are stable. If any error made at one stage of
the calculations is eventually dampened out, the method is called stable. The explicit
forward-difference equation (7) is stable if and only if r is restricted to the interval
0<r< % This means that the step size & must satisfy & < #2/(2¢?). If this condition
is not fulfilled, errors committed in one line {x; ;} might be magnified in subsequent
lines {u; p} for some p > j. The next example illustrates this point.

Example 10.3. Use the forward-difference method to solve the heat equation
& p(x,t) =uyfx,t) for0<x <1 and 0 <1 < 0.20,

with the initial condition

9 u(x,0)= f(x) =4x —4x?> forr=0and O<x <1,

and the boundary conditions

u@,D=g/(0)=0 forx=0and 0 <t <020,

10
o u(l, ) =g20)=0 forx=1and 0 <r =0.20

For the first illustration, we use the step sizes Ax = 2 = 0.2and Ar =k = 0.02 and
¢ = 1, so the ratio is r = 0.5. The grid will be n = 6 columns wide by m = 11 rows high.
In this case, formula (7) becomes

Wio1j F dig
“an ui,j+]='—!'—l—',—2L”.
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Table 10.3  Using the Forward-difference Method with r = 0.5

=000 | xp=020} x3=040 | x4 =060 x5=080 | xs=100

f =0.00 | 0.0000G0 0.640000 0.960000 0.960000 0.640000 0.000000
1 =0.02 | 0.000000 0.480000 0.800000 0.800000 0.480000 0.000000
t3 =0.04 | 0.000000 0.400000 0.640000 0.640000 0.400000 0.000000
tqg =006 | 0.000000 0.320000 0.520000 0.520000 0.320000 0.000000
15 =0.08 | 0.000000 0.260000 0.420000 0.420000 0.260000 0.000000
15 =0.10 | 0.000000 0.210000 0.340000 0.340000 0.210000 0.000000
7 =0.12 | 0.000000 0.170000 0.275000 0.275000 0.170000 0.000000
g =0.14 | 0.000000 0.137500 0.222500 0.222500 0.137500 0.000000
15 =0.16 | 0.000000 0.111250 0.180000 0.180000 0.111250 0.000000
tio=0.18 j 0.000000 0.080000 0.145625 0.145625 0.050000 0.000000
11 =020 | 0.000000 0.072812 0.117813 0.117813 0.072812 0.000000

Figure 10.10  Using the forward difference method withr = 0.5.

Formula (11) is stable for r = 0.5 and can be used successfully to generate reasonably
accurate approximations to #(x, ). Successive rows in the grid are given in Table 10.3.
A three-dimensional presentation of the data in Table 10.3 is given in Figure 10.10.

For cur secord illustration, we use the step sizes Ax = kA =0.2and At = k = 3'3 A
0.033333, so that the ratio is r = 0.833333. In this case, formula (7) becomes

(12) i j+1 = —0.666665u; ; + 0.833333(u;—1 j + #it1.j)



530 CHaPp. 10 SOLUTION OF PARTIAL DIFFERENTIAL EQUATIONS

Table 0.4  Using the Forward-difference Method with r == 0.833333

X, =000 x,=020 | x3=040 | x4 =060 | x5 =080 | x4 =100

t; = 0.000000 | 0.000000 0.640000 | ©0.960000 | 0.960000 | 0.640000 | 0.000000
1 = 0.033333 | 0.000000 0373333 | 0.693333 | 0.693333 | 0.373333 | 0.000000
t3 = 0.066667 | 0.000000 0.328889 | 0.426667 | 0.426667 | 0.328889 | 0.000000
14 = 0.100000 | 0.000000 0.136296 | 0.345185 | 0345185 | 0.136296 | 0.000000
15 = 0.133333 | 0.000000 0.196790 | ©.171111 { 0.171111 | 0.196790 | 0.000000
tg = 0.166667 | 0.000000 0.011399 | 0.192510 | 0.192510 | 0.011399 | 0.000000
t7 = 0.200000 | 0.000000 0.152826 | 0.041584 | 0.041584 | 0.152826  0.000000
13 =0.233333 | 0.000000 | —0.067230 | 0.134286 | 0.134286 | —0.067230 | 0.000000
tg = 0.266667 | 0.000000 0.156725 | —0.033644 | —0.033644 | 0.156725 | 0.000000
tig = 0.300000 | 0.000000 | —0.132520 ¢ 0.124997 | 0.124997 | —0.132520 | 0.000000
t1; = 0.333333 | 0.000000 0.192511 | —0.089601 | —0.089601 | 0.192511 | 0.000000

§

Figure 10.11 Using the forward difference method with r =
0.833333.

Formula (12) is unstable in this case, because r > %, and errors committed at one row ~anll

be magnified in successive rows. Numerical values that turn out to be imprecise approx
imations to u(x, 1), for 0 < r < 0.33333, are given in Table 10.4. A three-dimensicnal
presentation of the data in Table 10.4 is given in Figure 10.11.

The difference equation (7) has accuracy of the order O (k) + O (h?). Because the
term O (k) decreases linearly as k tends to zero, it is not surprising that it must be made
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small to produce good approximations. However, the stability requirement introduces
further considerations. Suppose that the solutions over the grid are not sufficiently
accurate and that both the increments Ax = Ay and At = kg must be reduced. For
simplicity, suppose that the new x increment is Ax = k| = kg/2. If the same ratio
is used, k1 must satisfy

_r)® _rthe? ko

ky

2 42 T %

This results in a doubling and quadrupling of the number of grid points along the x-axis
and t-axis, respectively. Consequently, there must be an eightfold increase in the total
computational effort when reducing the grid size in this manner. This extra effort is
usually prohibitive and demands that we explore a more efficient method that does not
have stability restrictions. The method proposed will be implicit rather than explicit.
The apparent rise in the level of complexity will have the immediate payoff of being
unconditionally stable.

The Crank-Nicholson Method

An implicit scheme, invented by John Crank and Phyllis Nicholson (see Reference
[29]), is based on numerical approximations for solutions of equation (1) at the point
(r. r+k/2) that lies between the rows in the grid. Specifically, the approximation used
for ue(x, t + k/2) is obtained from the central-difference formula,

( k) u(x, t+ k) ~ulx, t)
U =

(13) X t+= p + 0.

2

The approximation used for w,.{x,7 + k/2)} is the average of the approximations
i, (x, t) and uyc(x, t + k), which has an accuracy of the order 0(#?):

k 1
Hyx (x, 4+ 5) = 5}-1—2(14(1 —ht+k) - 2uxr+ k) +ulx+h,r+k)
+ulx —h, 1) —2u(x,t) +u(x + h, 1) + OH.

i)

In a fashion similar to the previous derivation. we substitute (13) and (14) into (1) and
neglect the error terms O (k%) and O (k). Then employing the notation u;, ; = u(x;, t;)
will produce the difference equation

Mij41 = Wij  gMi—lj+l = 2l F Bisd g1 oL — 205+ Ui
(15) Z =c 2 .

Also, the substitution r = ¢2k/#?2 is used in (15). But this time we must solve for the
three “yet to be computed” values u; _ 11, u; j+1, and #;41, j4.1. This is accomplished
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i)+l U 4l Hivl, jal

- Figure 10,12 The Crank-
Yi-j Ui j ¥i1.j  Nicholson stencil.

by placing them all on the left side of the equation. Then rearrangement of the terms
in equation (15) results in the implicit difference formula

(16)  —rui—1jel + (242000 j1 — Ftig1, j+1
=2 —=2r)ui; +r(ui1j+ tiy1,5)-

fori = 2,3,...,n — 1. The terms on the right-hand side of equation (16) are all
known. Hence the equations in (16) form a tridiagonal linear system AX = B. The
six points used in the Crank-Nicholson formulza (16). together with the intermediate
grid point where the numerical approximations are based, are shown in Figure 10.12.

Implementation of formula (16) is sometimes done by using the ratio r = 1. In
this case the increment along the -axis is Ar =k = h2/c?, and the equations in (16)
simplify and become

(7 —Uiol et F A1 — i)t = M Wi
fori = 2,3,...,n— 1. The boundary conditions are used in the first and last equations

(e, u1; =t j41 = crand up j = Un j41 = €2, respectively). Equations (17} are
especially pleasing to view in their tridiagonal matrix form AX = B.

(4 —i [ wzim | [ 2a+m,
-1 4 -1 0 U3, j+l u,j+ua.j
-1 4 —1 Up, j+l = |Up—1,jtups1,
0 -1 4 -1 Up-2 j+1 Up-3 j + Un-1 j
i -1 4 {un a1} | #n-2j+202

When the Crank-Nicholson method is implemented with a computer, the linear system
AX = B can be solved by either direct means or by iteration.
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Table 10.5 The Values u(x;, £;) Using the Crank-Nicholson Method with f, = (j — 1)/100

x =01 x3=02 x4 =03 x5 =041 x=05 x7 =06 xg =07 xg =0.8 x;0=09

1 | 1.118034 | 1.538842 | 1.118034 ¢ 0.363271 | 0.000000 | 0363271 | 1.118034 | 1.538842 | 1.1 18034

15 | 0.616905 [ 0928773 | 0.862137 | 0.617659 | 0.490465 | 0.617659 | 0.862137 | 0.928778 | 0.616905

13 0.394184 | 0.647957 | 0.718601 { 0.680009 | 0.648834 | 0.680009 | 0.718601 | 0.647957 | 0.394184

4 | 0.288660 | 0.506682 | 0.625285 | 0.666493 | 0.673251 | 0.666493 | 0.625285 | 0.506682 | 0.288660

15 | 0233112 | 0.425766 | 0.556006 | 0.625082 | 0.645788 | 0.625082 | 0.556006 | 0.425766 | 0.233112

15 | 0.199450 [ ©0.372035 [ 0.499571 | 0.575402 | 0.600242 | 0.575402 | 0.499571 | 0.372035 | 0.199450

17 | 0.175881 | 0.331490 | 0.451058 | 0.525306 | 0.550354 | 0.525306 | 0.451058 | 0.331490 | 0.175881

13 | 0.157405 | 0298131 | 0.408178 | 0.477784 | 0.501545 | 0.477784 | 0.408178 | 0.298131 | 0.157405

ig | 0.141858 | 0.269300 | 0.369759 | 0.433821 | 0.455802 | 0.433821 | 0.369759 | 0.269300 | 0.141858

no | 0128262 | 0.243749 | 0.335117 | 0.393597 | 0.413709 | 0.393597 [ 0.335117 ; 0.243749 | 0. 128262
f1 | 0116144 | 0.220827 | 0.303787 | 0.356974 | 0.375286 | 0.356974 [ 0.303787 | 0.220827 | 0.116144

Example 10.4. Use the Crank-Nicholson method to solve the equation

(18) (X, 1) = ey (x, 1)

with the initial condition

(19) u(x, ) = f(x) =sin(rx) + sin(3rx)

and the boundary conditions

u@,t)=g1() =0

u(l,t) =g2() =0

For simplicity, we use the step sizes Ax = & = 0.1 and Ar = k = 0.01 50 that the
ratio is r = 1. The grid will be n = 11 columns wide by m = 11 rows high. Applying the
algorithm generates the values in Table 10.5for0 < x; < land0 < #; < 0.1.
The values obtained with the Crank-Nicholson method compare favorably with the
analytic solution w(x, t) = sin(wx)e™ o + sin(ii:rx)e“9”2’, the true values for the final

row being

for0<x<1and O<t <01,

for x =0 and 0 <t <0Q.1,
for x=1and 0 <1 <0.1.

fort=0and 0<x =<1

g | 0115285 0.219204 | 0301570 | 0.354385 | 0372569 | 0.354385 | 0.301570| 0.219204 | 0.115285

A three-dimensional presentation of the data in Table 10.5 is given in Figure 10.13. m

0<r<bh.

Program 10.2 (Forward-difference Method for the Heat Equation). To approx-
imate the solution of u,(x, 1) = cuy;(x, ) over R ={(x,1) ;0 <x <a,0<¢ <
b} with u(x,0) = f(x), for 0 < x < g, and u(0,1) = c(, u(a,t) = c, for

function U=forwdif(f,cl,c2,a,b,c,n,m)
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Figure 10.13  « = u(x;, t;) from the Crank-Nicholson method.

%Input - f=u(x,0) as & string °f’
" c1=u(0,t) and c2=ula,t)
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end
u=y’;

Program 10.3 (Crank-Nicholson Method for the Heat Equation). To approx-

imate the solution of u;(x, £) = cZu,y(x, 1) over R = {(x,1) : 0 < x < a, 0 <

t < b} with u(x,0) = f(x),for0 < x < g, and u(0,1) = c1, u(a, t) = c3, for
i 0<r<b.

function U=crnich(f,c1,c2,a,b,c,n,m)

%Input - f=u(x,0) as a string ’f’
% - c1=u(0,t) and c2=u(a,t)

% - a and b right end points of [0,a] and [0,b]
% - ¢ the constant in the heat equation
% - 10 and m number of grid points over [0,a) and [0,b]

40utput - U solution matrix; analogous to Table 10.5

%Initialize parameters and U
h=a/(n-1);

k=b/(m-1);

r=c”2xk/h"2;

51=2+2/r;

s52=2/r-2;

U=zeros(n,m);

“ -
% -
% -

%0utput -

a and b right end points of [0,a] and [0,b]

¢ the constant in the heat equation

n and m number of grid points over [0,a] and [0,Db]
U solution matrix; analcgous to Table 10.4

7Boundary conditions
U(l,1:m)=c1;
Uln,1:m)=c2;

%Generate first row

%Initialize parameters and U
h=a/(n-1);
k=b/{(m-1);
r=c”2*k/h"2;
5=1-2%r;
U=zeros(n,m);
%Boundary conditions
U{i,1:m)=cl;
U(n,1:m)=c2;
“Generate first row
U(2:n-1,1)=feval (f,h:h: (n-2)*h)’;
%Generate remaining rows of U
for j=2:m

for i=2:p-1

Ui, jr=s*U(1, -1 +r*(U(i-1,j-1)+U(i+1,j-1));

end

U(2:n-1,1)=feval(f,h:h: (n-2)*h)’;
/Form the diagonal and off-diagonal elements of A and
%the constant vector B and solve tridiagonal system AX=RB
Vd(1l,1:n)=sl*ones(1,n);
va(1)=t;
vd(n)=1;
Va=-ones(1,n-1);
Va(n-1)=0;
Vc=-ones(1,n-1);
Ve (1)=0;
Vb(1)=c1;
Vh(n)=c2;
for j=2:m
for i=2:n-1
Vb(i)=U(i—1,j-1)+U(i+1,j—1)+s2*U(i,j-1);
end
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X=trisys(Va,Vd,Vc,Vb);
U(1i:n,ji=x’;

end

U=’

Exercises for Parabolic Equations

1. (a) Verify by direct substitution that u(x, t) = sin(nzx)e~*""7" is a solution to the
heat equation u,(x, 1) = 4uxx(x, t) for each positive integern = 1,2, .. ..
(b) Verify by direct substitution that u(x, 1} = sin(nmx)e—"* is a solution to
the heat equation u; (x, 1) = c?uyx (x, r) for each positive integern = 1,2,....
2, What difficulty might occur if Az = k = k2/¢? is used with formula (7)?
In Exercises 3 and 4, use the forward-difference method to calculate the first three rows of
the approximate solution for the given heat equation. Carry out your calculations by hand
(calculator).
3ou(x, 1) = ueedx,t), for® < x < land 0 < ¢ < 0.1, with the initial condition
u(x, 0y = f(x) = sin(mx), fort =0and 0 < x < 1, and the boundary conditions

u(0,1)=c1 =0 forx=0and 0<;<0.1,
u(l,)=c,=0 forx=1and 0 < <0.1.

Leth=0.2,k=0.02,andr = 0.5.

p(x,t) = uyz(x,1}, for 0 < x < land 0 < ¢ < 0.1, with the initial condition
u(x,0) = fix) =1—-12x—1,fort = 0and 0 < x < 1, and the boundars
conditions

-
h

w(@,n=c =0 forx=0and 0<t=<0.1,
u{l,t)=c; =0 forx=1and 0<t<0.l.

5. Suppose that At = k = h2/(2c2).
(a) Use this in formula (16) and simplify.
(b) Express the equations in part (a) in the matrix form AX = B.
(c) Is the matrix in part (b) strictly diagonally dominant? Why?

6. Show that u(x,?) = Zf:l aje‘(f’”z‘ sin(jmx) is a solution to u (x, £) = w,,(x, 1)
for0 < x = 1 and 0 < ¢, and has the boundary values (0, ) = 0, u(l,2) =0, and
u(x, 0y = Z?:ﬂ a;sin(jmx).

7. Consider the analytic solution ux, t) = sin(mx)e~"" + sin(3mx)e~37 (hat was
discussed in Example 10.4,

{a) Hold x fixed and determine lim, _, o 1(x, 7).
(b} What does this mean physically?
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8. Suppose that we wish 1o solve the parabolic equation u, (x, 1) — u, {x, 1) = h(x),
(a) Derive the explicit forward-difference equation for this situation.
(b) Derive the implicit difference formula for this situation.
9. Suppose that equation (11) is used and that f(x) > 0, g,(z) = 0, and g2(¢) = 0.
{a) Show that the maximum value of u(x;, tj11) in row j + 1 is less than or equal
to the maximum of u(x;, ;) inrow j.
(b) Make a conjecture concerning the maximum of u(x;, ,,) in row n as n tends to
infinity.

Algorithms and Programs

In Problems 1 and 2, use Program 10.3 to solve the heat equation u,(x,t) = czl/t,(_t (x.,1),
forO < x < 1and 0 < t < 0.1, with the initial condition u(x, 0) = fx), fort = Qand
0 < x = 1, and the boundary conditions
u©,t)=c; =0 forx=0and 0<:7<0.l,
u(l,t)=c=0 forx=1and 0<r<0.l,
for the given values. Use the surf and contour commands to plot your approximate
solutions.
L. Use f(x) = sin(wrx) +sin(2rx), h = 0.1,k =0.01,and r = 1,
2. Use f(x) =3—-13x— 1| - 3x=2],h=0.1,k=00land r = 1.
3. (a) Modify Programs 10.2 and 0.3 to accept the boundary conditions 1(0, 1) =
g1(1) # 0and u(a, 1) = ga(r) # 0.
(b) Use your modified Program 10.3 to solve the heat equations in Problems 1 and
2, but use the boundary conditions
w0, N =gi()=+ forx=0and O<rt<O0],
u(l,t) =ga(t) =€ forx=1and 0<r=<0l,
in place of | = ¢ = 0,
(c) Use the surf and contour commands to plot your approximate solutions.

4. Construct programs to implement your explicit forward-difference equations and im-
plicit difference formula from parts (a) and (b) of Exercise 8, respectively.

5. Use your programs from Problem 4 10 solve the heat equation u,(x, 1) — u, (x, 1} =
sin(x), for0 < x < 1 and 0 < 1 < 0.20, with the initial condition ulx,0) = f(x) =
sin(zrx) + sin(3zx) and the boundary conditions

w0,t)=c¢;=0 for x=0 and 0 < < 0.20,
‘u(t,n=c3=0 forx=1and0<t<0.20.

Leth =02,k =0.02,andr = 0.5.
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Elliptic Equations

As examples of elliptic partial differential equations, we consider the Laplace, Poisson,
and Helmholtz equations. Recall that the Laplacian of the function u{x, y) is

n V2u=uu+uyy.

With this notation, we can write the Laplace, Poisson, and Helmholtz equations in the
following forms:

2) Viu=0 Laplace’s equation,
(3) Viu = g(x, )
(4) Viu+ fix, y)u=gx,y)

Poisson’s equation,

Helmbholtz’s equation.

It is often the case that the boundary values for the functions g and f are known at all
points on the sides of a rectangular region R in the plane. In this case, each of these
equations can be solved by the numerical technique known as the finite-difference
method.

The Laplacian Difference Equation

The Laplacian operator must be expressed in a discrete form suitable for numerical
computations. The formula for approximating f”(x) is obtained from

Sx+h)=2f(x)+ flx —h)
hZ

When this is applied to the function u(x, y) to approximate u,,(x, y) and u,y(x, y)
and the results are added, we obtain
wlx +h, y) 4+ u(x —h, y) +u(x!;2y +h)+ulx,y —h)—4ui(x,y) + 0(}!2)'
Assume that the rectangle R = {(x,y): 0 <x <a,0< y < b, where b/a = m/n}
is subdivided into # — 1 x m — 1 squares with side 4 (i.e., @ = nk and b = mh), as
shown in Figure 10.14.

To solve Laplace’s equation, we impose the approximation

o ulx +h,y)+ulx—h, yY+ulx,y-+h)+ulx,y-—-h)—4u(x,y) -0
h2 ’

+ 0.

(5 )=

(6) Viu=

which has order of accuracy O(hz) at all interior grid points (x, y) = (x;, y;) for
i=2...,n—1land j =2, ..., m— 1. The grid points are uniformly spaced:
Xigl = X +h, Xi—i = Xj — h y;+1 = yi+h, and yi_| = y; ~ k. Using the
approximation u; ; for u(x;, y;), equation (7} can be written in the form

Uitl,j + Uit F i+l F i1 — 4

2 =0

® vy ij =~

)
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gure 10.14 The grid used with
x X, . L ;
v -1 % % -l % Laplace’s difference equation.
F i+l
[’3 + . .
-1, _4“;‘_; — ",+1.)
-1 Figure 10.15 The Laplace stencil.

which is known as the five-point difference formula for Laplace's equation. This
formula relates the function value u; .j to its four nelghbormg values ;4 o i1
#y j+1, and u; ;_|, as shown in Figure 10.15. The term /2 can be eliminated in (8) to
obtain the Laplacian computational formula

9 Wil j+ui—1,;+ 8 g i -1 — 4u,-J =0.

Setting Up the Linear System

Assume that the values #(x, y) are known at the following boundary grid points:
wlxy, yj)=uy; for2<j<m-—1 (ontheleft),

(on the bottom),

w(xn,¥j) =up; for2<j<m-—1 {on the right),

(on the top).

u(xi, yi)=u;; for2<i<n-—1

U(Xi, ¥m) = Uim for 2</<n-1]

Then applying the Laplacian computational formula (9) at each of the interior points
of R will create a linear system of (n — 2} equations in (n — 2) unknowns, which is
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iy s H3 5 M5

¥4 . ‘ * Hs,a

Py Pg Py

#) 3 . ' . sy
Py Ps Pg

)2 . . . b ug o
2 Py Py ’
Figure 10.16 A 5 x 5 grid for
1 M3 a1 boundary values only.

solved to obtain approximations to u(x, y) at the interior points of R. For example,
suppose that the region is a square, that n = m = 5, and that the unknown values of
u(x;, y;) at the nine interior grid points are labeled py, p2, - .., P9 and positioned in
the grid as shown in Figure 10.16.

The Laplacian computational formula (9) is applied at each of the interior grid
points, and the result is the system AP = B of nine linear equations:

—dp 4+ o + pa = —U21 — 412
pn—4p2+ p3 + ps = —u3)
pr—4p3 + Pé = —U4,] — U532
4 —4ps+ ps + p7 =-u3
2 + pa—4ps+ ps + ps =0
p3 + ps—4ps + py=—us3
P4 —4p7+ pg =—lUzs5 —Hu14
ps + pr—4ps+ po=—uys
Pe + ps—dpy = —uss — Usa.

Example 10.5. Find an approximate solution to Laplace’s equation V2y = 0in the
rectangle R = {(x,y) : 0 <x < 4,0 < y < 4}, where u(x, y) denotes the temperature at
the point (x, v) and the boundary values are

u(x,00=20 and u(x,4)=180 for 0<x <4,
and

wi(0,y)=80 and u«(4,y)=0 for O<y<4.

See Figure 10.17 for the grid to be used.
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u2‘5=180 Uy 5= 180 My 5= 180
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P Pg Py
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Figure 10.17 The 5 x 5 grid in

=20 = =
4 4 u3,1=20 uy ;=20 Example 10.5.

Applying formula (9) in this case, the linear system AP = B is

-4p1+ + p4 = —100
pi—4pa+ p3 + ps = —20
p2—4p + ps =-20
P —4pst+ ps + P = —80
» + ps—4ps+ ps + ps =0
Ps + ps—4ps + py=0
P4 —4p7+ ps = —260
Ps + p1—4pg+ ps=—180
P6 + ps~4py=—180

The solution vector P can be obtained by Gaussian elimination (or more efficient
schemes can be devised, such as the extension of the tridiagonal algorithm to pentadiagona!
systems). The temperatures at the interior grid points are expressed in vector form

P=[pr p2 3 P+ ps Po P71 Pz po)
= [55.7143 43.2143 27.1429 79.6429 70.0000
45,3571 112.857 111.786 84.28577, L]

Derivative Boundary Conditions

The Neumann boundary conditions specify the directional derivative of #(x, y) normal
to an edge. For our illustration we will use the zero normal derivative condition,

0
10 — ) =
(10) aNu(x,)) 0.
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Figure 10.18 The Neumann stencils.

For applications in the area of heat flow, this means that the edge is thermally insulated

and the heat flux throughout the edge is zero. o . )
; Suppose that x = x,, is held fixed and that we are considering the right edge x =a

of the rectangle R = {(x, ) : 0 < x < a,0 < y < b}. The normal boundary condition
to be used along this edge is

(11 a_i'u(xn-yj)=“x(-xn»)’j)=0-

Then the Laplace difference equation for the point (x5, y;) is
(12) Hpti,j+tup—tjt Wn j4l + Un j-1 —dup ;=0

The value up4.1_; is unknown, because it lies outside the region R. However, we can
use the numerical differentiation formula

Hnt+),j — Un-1,j

(13) — % Uy (xn, ) = 0

. ‘ L
and obtain the approximation #u.41,j = Un-1.j, wl'nch has order of accuracy O(A")
When this approximation is used in {12), the result is

Qup_ij +Un j+l Flnj—1 — 4y j =0.
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Figure 10.19 The 5 x 5 grid in
4 9 KE Example 10.6,

This formula relates the function value Un,j to its three neighboring values u,_;_ i
Un j+t,and ug ;1.

The computational stencils for the other edges can be derived similarly (see Fig-
ure 10.18). The four cases for the Neumann computational stencils are summarized
next:

14 i+ i) iy — du; =0 (botiom edge),
(15) 2Uim—1 + Wit Uit — 4uim =0 (top edge),
(16) Zuz j+uy o tutjer —4duy ;=0 (left edge),
{17y 2Un_y ;+ by jo) + Hn, j+1 — 4ty ;=0 (right edge).

Suppose that the derivative condition du (x, ¥)/@N = 0 is used along part of the
boundary of R, and that known boundary values of u(x, y) are used on the other por-
tions of the boundary; then we have a mixed problem. The equations for determining
dpproximations for u(x;, y;) at boundary points will involve appropriate Neumann
¢omputational stencils (14) to (17). The Laplacian computational formula (9) is still
used to determine approximations for u(x;, ¥;) at the interiar points of R.

Example 10.6. Find an approximate solution to Laplace’s equation V2y = 0 in the

fectangle R = {(x,y) : 0 <x < 4,0 < ¥ =< 4}, where u(x, y) denotes the temperature at
the point (x, y) and the boundary values are shown in Figure 10.19:

u(x,4) = 180 for 0 <x <4,

uy(x,0) =0 for 0 <x <4,
u(0, y) = 80 for 0<y <4,
u(d,yy =0 for 0 <y <4.
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The Neumann computaticnal formula (14) is applied at the boundary po?nts q1. g2,
and g3, and the Laplace computational stencil (9) is applied at the other points g4, gs,
....q12. The result is a linear system A Q = B involving 12 equations in 12 unknowns:

—dq+ @ +2q4 = ~80
Q=4+ 9 +2g5 =0
72— 443 + 296 =0
@ —dga+ g5+ @ = —80
g2 + ga—4g5+ gs + a8 =0
q3 + g5 —4gs + 99 =0
g4 ~4g7+ g + g0 = —80
gs + g7—4g8+ go + qu =0
g6 + g8 —4q9 + q2=0
g1 —4q10+ 4qu = 260
qs + qio—4qu+ g12=—180
g9 + gqu —4gq12=—180

The solution vector  can be obtained by Gaussian elimination (ot more efﬁc.iem
schemes can be devised, such as the extension of the tridiagonal algorithm to pentadiag-
onal systems). The temperatures at the interior grid points and along the lower edge are
expressed in vector form as

Q=[g1 92 a3 a4 g5 96 97 98 95 Q10 qui qu2]
== [71.8218 56.8543 32.2342 75.2165 61.6806 36.0412

87.3636 78.6103 50.2502 115.628 115.147 86.3492). =

Iterative Methods

The preceding method showed how to solve Laplace’s difference equatiop by con-
structing a certain system of linear equations and solving it. The shortcoming of.thls
method is storage; each interior grid point introduces an equation to be solved. Since
better approximations require a finer mesh grid, many equations might be nce_d'ed. For
example, the solution of Laplace’s equation with the Dirichlet bounfiary F(rﬂdﬁlons re-
guires solving a system of (n — 2)(m — 2) equations. If R is divided into a modest
number of squares, say 10 by 10, there would be 81 equations involving 91 unknowns.
Hence it is sensible to develop techniques that will reduce the amount of storage. An
iterative method would require only the storage of the 100 numerical approximations
{i; ;} throughout the grid. .
Let us start with Laplace’s difference eguation

(1) uiglj iy j i1+ i —duij =0
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and suppose that the boundary values «(x, v) are known at the following grid points:

u(xp, y;}=uwu1; for2<j<m—1 (ontheleft),
u(x;i, y1) = Uy, for 2<i<n-1 (on the bottom),

(19
) uxp, yj)=un; for2<j<m—1 (onthe right),

w(xi, Ym) =iy for2<i<n—1 {on the top).

Equation (18) is rewritten in the following form that is suitable for iteration:

(20) wij =uij +rij,

where

X U; i iU i Uy i — D
I\ZI) rj = i+1,j i—1,f iAJ-Fl ij—1 1,1’

forZsisn——landZSj <m-1.

Starting values for all interior grid points must be supplied. The constant X, which
is the average of the 2n + 2m — 4 boundary values given in (19), can be used for this
purpose. One iteration consists of sweeping formuta (20) throughout all of the interior
points of the grid. Successive iterations sweep the interior of the grid with the Lapiace
iterative operator (20) until the residual term r; j on the right side of equation (20) is
“reduced to zero” (i.e., [¥; ;i < e holds foreach2 < i <n—1land2 < ji<m-—1).
The speed of convergence for reducing all the residuals {r; j1 to zera is increased by
using the method called successive overrelaxation (SOR). The SOR method uses the
iteration formula

i), j 4+ Ui Ui j i j—1 = 4u;
) wij=ui;+ w( il ¥ Bimiy b s ) Ui “r.;)
(22) 4
= Ui+ or,
where the parameter w lies in the range 1 < w < 2. In the SOR method, formula (22)
is swept across the grid until |r; ;| < €. The optimal choice for w is based on the study

of eigenvalues of iteration matrices for linear systems and is given in this case by the
formula

4

23 w=

2o (o ) ()

If the Neumann boundary condition is specified on some portion of the boundary,
we must rewrite equations (14) through (17) in a form that is suitable for iteration. The
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four cases are summarized next and include the relaxation parameter w:

(24) Uiy = Uil +w (Zui'2 +izLL 1_ Uittt = it ) {bottom edge!.
(25)

Uim = Uim + © (Zu,-',,,_l + ui_"m4+ Dbl — 4u,-',,,) (top edge),
(26)

i =i+ (Zuz,j +u ;-1 ::ul,j.,.] - 4u1,j) (left edge),
27

2uUn—1.j+in j—1+ Un j+1 — Mn ; .
un‘j=Hn|j+CU( a1,/ n.J=1 ¥ "'J) (right edge).

4

Example 10.7. Use an iterative method to compute an approximate solution to Laplace's
equation V2=0inR={(x,y):0<x <4,0 =<y <4}, where the boundary values are:

w(x,00=20 and ux,4$=180 for0<x <4,

and
u(©0,y)=80 and u(4,y)=0 for 0 <y <4

For illustration, the square is divided into 64 squares with sides Ax = h = 0.5 and

Ay = h = 05. The initial value at the iaterior grid points was set at u;; = 70 for
eachi = 2,...,8and j = 2, ..., 8. The SOR method was used with the parameter
w = 1.44646 (substitute n = 9 and m == 9 in formula (23}). After 19 iterations, the residual
was uniformly reduced (i.e..|r; ;| < 0.000606 < 0.001). The resulting approximations are
given in Table 10.6. Because of the discontinuity of the boundary function at the corners
the boundary values u; 1 = 50. us,1 = 10,4 o = 130, and #g 9 = 90 have been introduced
in Table 10.6 and Figure 10.20; they were not used in the corputations at the interior grid
points. A three-dimensional presentation of the data in Table 10.6 is given in Figure 10.20
]

Example 10.8. Use an iterative method to compute an approximate solution to Laplace's
equation Vi = 0in R = {(x,y) : 0 < x < 4,0 <y < 4}, where the boundary alue
are
u(x,4)=180 for y=4 and D<x <4,
uy(x,0) =0 for y=0 and O<x <4,
u(0, y) = 80 for x=0 and O<y<4,
u{d, vy =0 for x=4 and 0<y<4.

For illustration, the square is divided into 64 squares with sides Ax = h = 0.5 and
Ay = h = 0.5. Starting values using linear interpolation were used along the edge when
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" Table 10.6  Approximate Solution to Laplace's Equation with Dirichlet Conditions

ol | X2 3 *4 X5 X6 7 ] *g

yg [ 130.000 | 180.000 { 180.000 | 180.00¢ | 1R0.000 | 180.000 | 180.000 | 180.000 | 90.0000
yg | 80.000 | 124,821 | 141172 | 145414 | 144.005 | 137478 | 122.642 B8.6070 | ©.0000
yr| 80.000 | 102.112 | 113,453 | 116479 | 113.126 | 103.266 844844 | 51.7856| 0.0000
s | 80.000 89.1736 ( 94.0499| 939210 B8.7553 | 779737 60.2439| 34.0510( 0.0000
¥s | 80.000 80.5319 | 79.6515| 76.3999 70.0003) 59.6301| 44.4667 | 24.1744| 0.0000
¥4 | 80.000 733023 | 67.6241 | 62.0267| 552159 | 460795, 338184 18.1798| 0.0000
y3| 80.000 65.0528 [ 555159 48.8671| 42.7568| 356543 | 26.5473| 14.7266| 0.0000
y2 | 80.000 51.3931( 40.5195| 35.1691] 31.2899( 27.2335| 21.9900| 14.1791| 0.0000
yri 50.000 20.0000 | 20.0000 | 20.0000| 20.0000( 20.0000{ 20.0000| 20.0000{ 10.0000

% 7
RS ’

Figure 10.20 » = y(x, y) with Dirichlet boundary values.

¥y = y1 = 0. The initial value at the intericr grid points was set at u;,; = 70 for each
i=2,...,8andj=2,...,8 Thenthe SOR method was employed with the parameter
@ = 1.44646 (as in Example 10.7). After 29 iterations, the residual was uniformly reduced;
(ie. |ri ;| < 0.000998 < 0.001). The resulting approximations are given in Table 10.7.
Because of the discontinuity of the boundary functions at the comers, the boundary values
u1,9 = 130 and ug g = 90 have been introduced in Table 10.7 and Figure 10.21; they were
not used in the computations at the interior grid points. A three-dimensional presentation

of the data in Table 10.7 is given in Figure 18.21. -
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Table 10.7  Approximate Solution to Laplace's Equation with Mixed Boundary Conditions

x| %3 X3 x4 15 X6 x7 X8 )

yo | 130.000 | 180.000 | 180.000 | 180.000 | 180.000 | 180.000 180.000 | 180.000 | 90.0000
vg| 80.000 | 126.457 | 142.311 | 146,837 | 145468 138.762 | 123.583 89.1008 | 0.0000
vz 80000 | §C3.51% | 115951 | 119.568 | 116.270 105.999 86.4683 [ 52.8201| 0.0000
ve | 80.000 91.6621 ¢ 98.4053 | 99.2137| 94.0461 | 82.4936| 63.4715( 357113| 0.0000
vs | 80.000 94,7247 1 86.7936 | 84.8347) 782063 | 66.4578( 49.2124| 26.5538; 0.0000
ya | 80.000 80.4424 | 792089 | 75.1245] 67.4860 | 559185( 40.3665| 21.2915} 0.0000
y3 | 80.000 77.8354 | 74.4742 | 68.9677| 60.6944 | 493635| 35.0435( 18.2459| 0.0000
vz | 80.000 7642441 71.8842 | 65.5772| 56.9600| 45.7972( 32.1981| 16.6485) 0.0000
¥ | 80.000 759774 | 71.0605| 64.4964| 55.7707 | 44.6670( 31.3032| 16.1500 0.0000

BN

Figure 10.21 « = u(x, y) for a mixed problem.

Poisson’s and Helmholtz’s Equations

Consider Poisson’s equation
(28) Viu =gx, y).

Using the notation g; ; = g(x:, ¥;), the generalization of formula (20) for solving (28)
over the rectangular grid is

Wigl ;b il Wil + i1 — 4 — hPgi;
29 uj =i+ i+lj - ‘“"4 i iJj g:}_
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Consider Helmholtz's equation
(30) Va4 fx, y)u=g(x, y).

Using the notation f; ; = f(x;, y 1), the generalization of formula (20) for solving (30)
over the rectangular grid is

Uil j F Wizl Uiyl t U~ (4 — B2 f; g — kg

B wj=uy+
£ i, 4—h2fi,j

These formulas are explored in greater detail in the exercises.

Improvements

A modification of (8) that can be employed is the nine-point difference SJormula {or
Laplace’s equation:

2, a
Vu; j =~ 7% ivr ot F oy jot + Ui g1 + Mis) 4

+4u,-+;_j +4u,<_1u| +4u,-'j+|.+4u,-_j_1 — 20!4,;,—) =0.

'_]‘t_xe truncation error for the nine-point difference formuia is of the order O (h*) when
it is used to soive the Poisson or Helmholtz equation; thus there is no improvement if
the nine-point difference formuia is used instead of the five-point difference formula.
However, when the nine-point formula is used to solve Laplace’s equation V2x = 0
the truncation error is of the order O (h%) and there is an advantage to using the nine:
point difference formula.

Program 10.4 (Dirichlet Method for Laplace’s Equation), To approximate the
so}ution of uxx(x, y) +yy(x,y) =Oover R ={(x,y): 0<x <a,0<y<b)
with u(x,0) = fi(x), u(x,5) = fo(x), for 0 < x < @, and u(0, ¥) = f3(y),
u(a, y}y = fa(y),for0 < y < b. Itis assumed that Ax == Ay = & and that integers
n and m exist so that a = nh and b = mh. '

function U=dirich(f1,f2,f3,f4,a,b,h,tol,max1)

‘:/.,Input - £1,£2,£3,f4 are boundary functions input as strings
A - a and b right end points of [0,al and [0,b]

% - h step size

% - tol is the tolerance

hOutput - U solution matrix; analogous to Table 10.6

%Initialize parameters and U
n=fix(a/h)+1;

m=fix(b/h)+1;

ave=(ax{(feval (£f1,0)+feval (£2,0))
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+b* (feval (£3,0)+feval (£4,0)))/(2%a+2¥b) ;
U=ave*ones(n,m) ;
%Boundary conditions
U(1l,1:m)=feval(f3,0:h: (m-1)*h)’;
U(n,1:m)=feval(f4,0:h: (m-1)*h)’;
U(1:n,1)=feval{f1,0:h:(n-1)*h);
U(l:n,m)=feval(f2,0:h: (n-1)xh);
U(1,1)=(U(1,2)+U(2,1))/2;
Ul ,m)=CU(1,n-1}+U(2,m})/2;
Un,1)=(U(n-1,1)+0(n,2)>/2;
U(n,m)=(U(n-1,m)+U(n,n~-1))/2;
%#SOR parameter
w=4/(2+sqrt{4-(cos{pi/(n~-1))+cos(pi/(m-1)))"2});
%Refine approximations and sweep operator throughout
%the grid
err=1;
cnt=0;
while{(err>tol)&(cnt<=max1))}

exrr=0; ‘

for j=2:m-1

for i=2:n-1

relx=w*(U(i, j+1)+U(L, j-1)+U(+1, j)+U{i-1, §)-4+UC1, 390 /4;

U(i,j)=U(1,j)+relx;
if (err<=abs(relx}))
err=abs (relx);
end
end
end

cnt=cnt+1;

end

U=flipud(U’):

Exercises for Elliptic Equations

1. (a) Determine the system of four equations in the four unknowns py, pz. p3, and 2,
for computing approximations for the harmonic function u(x, y) in the rectangie
R={[(x,y):0=x <3,0 <y < 3} (see Figure 10.22). The boundary values

are

u(x,) =10 and w(x,3)=9 for O<x <3,
w(0,y)=70 and u(3,y)=0 for O0<y<3.
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W 4=90 u; 4=90

u1'3=70 4 - L4 4 u4,3=0
P Py
u1.2=70 * - L u4.2=

L 14 Py

Figure 10.22

=1 =1 .
=10 u3 =10 The grid for Exercise 1

uy 4=90 u3'4=90

u1.3=70 . . u4’3=0
qs 96

u|!2=70 ’ . . < u4‘2=0
93 94

=10 +———s——<-—— 4 4y ;=0 Figure 10.23

(b}
2. (a)

(b)
3, (a)

(b)

9 92 The grid for Exercise 2

Solve the equations in part (a) for py, p2, p3, and p4.

Determine the system of six equations in the six unknowns g1, g2, ..., ge for
computing approximations for the harmonic function u(x, y) in the rectangle
R={(x,y):0<x = 3,0 < y < 3} (see Figure 10.23). The boundary values
are

wx,3)=90 and u,(x, =90 for O0<x <3
#(0,y) =70 and u(3,y)=0 for 0<y«<3.

Solve the equations in part (a) for gy, g2, - . . , gs.

Show that u(x, y} = ay sin(x) sinh(y) + by sinh(x) sin(y) is a solution of La
place’s equation.

Show that u(x, y} = a, sin(nx) sinh(ny) + b, sinh(nx) sin(sy) is a solution of
Laplace’s equation for each positive integern = 1,2, . ...

4. Letu(x, y) = x*~y2. Determine the quantities u(x + A, y), (x — &, y), u(x, y+h),
and u(x, y — k), substitute them into equation (7), and simplify.
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Uz 4 Hy 4

“1.4 — —— ¥4,4

up 4 . . ¢ 3
Pa Py

uy 2 Jr . . v Uy
4 )

u —-— %21 Figure 10.24

. u 24
2.1 31 The grid for Exercise 7
5. (a) Suppose that u has the form u(x, y) = ax? + bxy + cy* + dx + ey + f. Find
a relationship among the coefficients which guarantees that v, + u,, = 0.

(b) Suppose that # has the form given in part (a). Find a relationship among the
coefficients which guarantees that w,, + Hyy = —1.

{¢) Find the coefficients of the polynomial u(x, y} given in part (a) that satisfy
the partial differential equation in part (a) and also the boundary conditions
#(x,0) =0and u(x, 8) =0.

(@) Find the coefficients of the polynomial u(x, y) given in part (a) that satisfy

the partial differential equation in part (b) and also the boundary conditions
u(x.0) =0and uix, 8) =0.

6. Solveuyy+uyy = —4uover R = {{x,y): 0 < x 1,0 < y 5 1} with the boundar;
values

u(x, y) =cos{2x) +sin(2y).

7. Determine the system of four equations in four unknowns py, p2, ps, and p4 for
implementing the Laplace nine-point difference equation on the 4 x 4 grid shown in
Figure 10.24.

Algorithms and Programs

1. {(a)

(b)

Use Program 10.4 to compute approximations for the harmonic function u(x, y)
in the rectangle R = {(x,y) : 0 <= x < 1.5,0 < y < 1.5}; use b = 0.5. The
boundary values are

and u(x, 1.5) = x* — 13.5x% + 5.0625 for 0 < x < 1.5,
and u(1.5,y) = y* ~ 13.5y> + 5.0625 for G <y < 1.5.

uix,0) = x*
(0, y) = y*

Use the surf command to plot your approximation from part (2} and compare
it with the exact solution u(x, y) = xt - 6::2)'2 + vyt
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2. Modify Program 9.1] (Tridiagonal Systems) to solve a pentadiagonal system.

3. (a)

(b)
(c)
(d)

L]
(c)
(d)

(b)
(
)

6. {(8)

Use a 5 x 5 grid similar to that in Example 10.5 and determine the system of
nine equations in the nine unknowns py, p2, ps3, ..., pe for computing approx-
imations for the harmonic function u(x, y) in the rectangle R = {(xr, y) : D <
x £4,0 <y = 4}. The boundary values are

u(x,00=10 and w(x,4)=120 for O <x <4,
u@,yv)=90 and u(4,y)=40 for O<y<4.

Use your modification of Program 9.11 to solve for py, p2. ..., pe.

Use Program 10.4 t¢ solve for the approximations.

Use a 9 x 9 grid similar to that in Example 10.7 and Program 10.4 to solve for
the approximations.

Use a 5 x 5 grid similar to that in Example 10.6 and determine the system of
12 equations in the 12 unknowns gy, g2, . . ., q12 for computing approximations
for the harmonic function u(x, y) in the rectangle R = {(x,y) : 0 < x < 4,
0 < y < 4). The boundary values are

w(x,4) =120 and  wuy(x,y)=0 for O<x <4
u(0, y) =90 and u(4,y)=40 for O0=<y <4

Use your modification of Program 9.11 to solve for g1, g2, . .., q12.

Modify Program 10.4 to solve for the approximations.

Use a 9 x 9 grid similar to that in Example 10.8 and a modification of Pro-
gram [0.4 to solve for the approximations.

Using a 5 x 5 grid, derive the nine equations involving the nine unknowns p,.
P2, P, ... po for computing approximations for the solution u(x, y) to Pois-
son’s equation with g(x, y) = 2 inthe rectangle R = {(x,y) : 0 € x = 1.
0 < y < 1}. The boundary values are

a(x,00) =x* and ux.=@x-1*, for O0<x<l,
@y =y ad w(l.y)=@~1? for 0=<ys<lI

Use your modification of Program 9.11 to solve for py, p2, ..., po.

Modify Program 10.4 to solve for the approximations.

Use a 9 x 9 grid and your modification of Program 10.4 to solve for the approx-
imations.

Using a2 5 x 5 grid, derive the nine equations involving the nine unknowns p,
P2, P3s - ... pe for computing approximations for the solution u(x, y) to Pois-
son’s equation with g(x,y) = y in the rectangle R = {(x.¥) : 0 < x < 1.
0 < y < 1}, The boundary valyes are

ux,®) =x> and au(x,H=x> for 0<x<]
u@0,y)=0 and u(l,y)=1 for O0=sy<l
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(b}
(c)
(d)

Use your modification of Program 9.11 to solve for p1, p2, ..., po.

Mocdlify Program 10.4 to solve for the approximations.

Usea 9 x 9 grid and your modification of Program 10.4 to solve for the approx-
imations.

Eigenvalues and Eigenvectors

The design of certain engineering systems involves the maximum stress theory of
Sailure. This theory is based on the assumption that the maximum principal stress
acting on a body determines its failure. The related mathematical result is the principal
axes theorem for a linear transformation ¥ = AX. In two dimensions there exists
busis vectors I/; and U so that the effect of this transformation is to stretch space in
the directions parallel to Uy and U3 by the amount A; and A2, respectively. Consider

the symmetric matrix
38 06|
06 22)°

) | i | | 1 / ] |

T i I 1 1 T
-3 0 3 6 9 12 -3 g 3 6 9 12

Figure 1L.1 " (a) Preimages U = [3 1]'and U =[-1 3]’ for the transformation ¥ = AX. (b) The
image vectors V| = AU = [12 4 and V2 = AU, =[-2 6]’

5558



11.1

556 CHAP. 11 EIGENVALUES AND EIGENVECTORS

the principal directions are U = [3 1] and U = [~1 3], with corresponding
eigenvalues A = 4 and X; = 2, respectively. Images of these vectors are V| =
AU; = [12 4] =43 1] and V3 = AUy = [-2 6] = 2[-1 3]. This
transformation stretches the quarter-circle shown in Figure 11.1(a) into the quarter
ellipse shown in Figure 11.11(b).

Homogeneous Systems: The Eigenvalue Problem

Background

We will now review some ideas from linear algebra. Proofs of the theorems are either

left as exercises or can be found in any standard text on linear algebra (see Refer-
ence [132]).

In Chapter 3 we saw how to solve n linear equations in » unknowns. It was as-
sur.ned that the determinant of the matrix was nonzero and hence that the solution was
umqge. In the case of a homogeneous system AX = 0, if det(4) # 0, the unique
solution is the trivial solution X = 0. If det(4) = 0, there exist nontrivial solutions to

AX = 0. Suppose that det(A) = 0, and consider solutions to the homogeneous linear
system

apixy +apxy+ -+ apx,=0
azix) +anxy + -+ axpx,=0

An X1 + Ap2X2 + -+ - + AupXn= O.

The sy.stem of equations (1) always has the trivial solutionx; = 0,x2=0,...,x, = 0.
Gaussian elimination can be used to obtain a solution by forming a set of relationships
between the variables.

Example 11.1. Find the nontrivial solutions to the homogeneous system

x1+2x-x3=0
21+ x2+x3=0
S5xy+4xy4+x3=0.

Use Gaussian elimination to eliminate x; and the result is

xp+2x7 — X3=0
—3x2+3x3=0
—6x3 +6x3=10,
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Since the third equation is 2 multiple of the second equation, this system reduces to two
equations in three unknowns:

x1+x2 =0
—x3 +x3=0.

We can select one unknown and use it as a parameter. For instance, let x3 = f; then
the second equation implies that x» = ¢ and the first equation is used to compute x; = ~7.
Therefore, the solution can be expressed as the set of relations:

X ==t —t -1
xp = oo X= P =t 11,
x3= t t

where ¢ is any real number. n

Definition 11.] (Linear Independence). The vectors U,, Uy, ..., Uy are said to
be linearly independent if the equation

2) alUi+cUas+---+ecpUy =0

implies that c; = 0, c2 = 0, ..., c, = 0. If the vectors are not linearly independent
they are said to be linearly dependent. In other words, the vectors are linearly depen-
dent if there exists a set of numbers {c1, ¢z, . . ., ¢n} not all zero, such that equation (2)
holds. A

Two vectors in |2 are linearly independent if and only if they are not parallel.
Three vectors in |3 are linearly independent if and only if they do not lie in the same
plane,

Theorem 11.1. The vectors Uy, Uz, ..., Uy are linearly depeadent if and only if at
jeast one of them is a linear combination of the others.

A desirable feature for a vector space is the ability to express each vector as a linear
combination of vectors chosen from a small subset of vectors. This motivates the next
definition.

Definition 11.2 (Basis). Supposethat§ = {U;,Uz,..., Un}isaset of m vectors in
B". The set S is called a basis for R" if for every vector X in R” there exists a unique
set of scalars {¢1, ¢, . . -, Cm} SO that X can be expressed as the linear combination

3) X=cUi+caUsy+ -+ culnm A

Theorem 11.2. In %", any set of n linearly independent vectors forras a basis of R".
Each vector X in %" is uniquely expressed as a linear combination of the basis vectors,

as shown in equation (3).
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Theorem 11.3. Let K1, K3, ..., K be vectors in ",

(4) If m > n, then the vectors are linearly independent.
5) If m = n, the vectors are linearly dependent if and only if det(K) =
where K = [K] Kz e Km].

Eigenvalues

Applications of mathematics sometimes encounter the following equations: What are
the singularities of A ~ AT , where A is a parameter? What is the behavior of the
sequence of vectors { A4 X()%° .7 What are the geometric features of a linear trans-
formation? Solutions for prdi:)lems in many different disciplines, such as economics,
engineering, and physics, can involve ideas related to these equations. The theory
of eigenvalues and eigenvectors is powerful enough to help solve these otherwise in-
tractable problems.

Let A be a square matrix of dimension # x n and let X be a vector of dimension #.
The product ¥ = AX can be viewed as 4 linear transformation {rom »-dimensional
space into itself. We want to find scalars A for which there exists a nonzero vector X

such that
6) AX =1X:

that is, the linear transformation T(X) = AX maps X onto the multiple A X. When

this occurs, we call X an eigenvector that corresponds to the eigenvalue A, and together
they form the eigenpair A, X for A. In general, the scalar A and vector X can involve

complex numbers. For simplicity, most of our illustrations will involve real calcula-
tions. However, the techniques are easily extended to the complex case. The identity
matrix I can be used to express equation (6) as AX = AI X, which is then rewritlen in

the standard form for a linear system as

N (A~iDX =0

The significance of equation (7) is that the product of the matrix (A — AT} and the
nonzero vector X is the zero vector! According to Theorem 3.5, this linear system has
nontrivial solutions if and only if the matrix A — A7 is singular, that is,

(8) det(A — M) =

This determinant can be written in the form

air—A  ap e Qi
az| ap—A - ay
9 . . . =4q.
Qp| an2 e Gun— A
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When the determinant in (9) is expanded, it becomes a polynomial of degree #, which
ts called the characteristic polynomial

0 p(A) = det(A — AT)
= (=" +ad™ ! 4 ed P gk 4 o).

There exist exactly # roots (not necessarily distinct) of a polynomial of degree n.
Each root A can be substituted into equation (7) to obtain an underdetermined system
of equations that has a corresponding nontrivial solution vector X. If A is real, a real
eigenvector X can be constructed. For emphasis, we state the following definitions.

Definition 11.3 (Eigenvalue). If A isann x n real matrix, then its # eigenvalues A,
72, ..., Ay are the real and compiex roots of the characteristic polynomial

(1 p(A) = det{A — AI). A

Definition 11.4 (Eigenvector). 'If 1 is an ecigenvalue of A and the nonzero vector V
has the property that

(12) AV =2V,

then V is called an eigenvector of A corresponding 1o the eigenvalve A. A

The characteristic polynomial (11) can be factored in the form
(13) pPAY= (=" =A™ (A = A2)™2 - (A — M),

where m is called the muitiplicity of the eigenvalue A ;. The sum of the multiplicities
of all eigenvalues is #; that is,

n=my+myt--+mg.
The next three results concern the existence of eigenvectors.

Theorem 11.4. (a} For each distinct eigenvalue X there exists at least one eigenvec-
tor V corresponding to A.
(b) If A has multiplicity r, then there exist at most r linearly independent eigenvec-

tors V1, Va, ..., V, that correspond to A,

Theorem 11.5. Suppose that A is a square matrix and A, A3, ..., Az are distinct
eigenvalues of A, with associated eigenvectors Vi, Va, ..., Vi, respectively; then
{V1, Va, ..., V] is a set of linearly independent vectors.

Theorem 11.6. If the eigenvalues of the n x n matrix A are all distinct, then there
exist nn eigenvectors V;, for j = 1,2,...,n.
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'rheorem 114 is l.lSl.liil[ly applied for hand computations in the following manner.
The eigenvalue A of multiplicity r > 1 is substituted into the equation

(14) (A= ANV =0.
Tl?er[ Gaussian elimination can be performed to obtain the Gauss reduced form, whi h
will involve n — k equations in #» unknowns, where 1| < k& < r. Hence thcr,e are £

free va.nabl‘es to choose. The free variables can be selected in a judicious manner to
produce k linearly independent solution vectors V1, V3, ..., V' that correspond to #

Example 11.2.  Find the eigenpairs A ;, V; for the matrix

3 -1 0
A=]-1 2 -1
0 -1 3

Also, show that the eigenvectors are linearly independent.
The characteristic equation det(A — AJ) =0 is

3—-A -1 0

(15) 1 2=ir —l|=-A34+82-1904+12=0,
¢ -1 3-X

which can be written as ~(A — 1)(A — 3)(A — 4) = 0. Ther )
=0, efore, the thre
AM=12=3andr =4. he three eigenvalues are

Case (i): Substitute A; = 1 into equation (14) and obtain

2x1—x2 =0
X1 4+x2— x3=0
—x2+2x3 =0.

Smc; the sum of the first equation plus two times the second equation plus the third equa-
tion is identically zero, the system czn be reduced to two equations in three unknowns:

2).'] — X2 =0
—x2 + 2x3==0.

Choose x2 = 2a. where a is an arbitrary constant; then the first and second equations arc

used 1o compute x; = g and x3 = g, respectively. Th i ir i
B . Thus the first =
Vo [a o a]’ =a[i A 1]’_ y e eigenpair is A 1

Case (ii): Substitute A7 = 3 into equation (14) and obtain

—x3 =0
—Xj — X2 — X3 =0
—-X3 =0,
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This is equivalent to the system of two equations
x| +x3=0
X2 =0
Choose x; = b, where b is an arbitrary constant, and compute x3 = —b. Hence the second

eigenpairis Az =3, V2 = [0 --b]’ = b[l 0 -l]'.
Case (iii}: Substitute A3 = 4 inta (14); the result is

—x1 — X2 =0
—x]—2x—x3=0
—x; —x3=0.
This is equivalent to the two equations
x|+ x2 =0
x2+x3=0.
Choose x3 = ¢, where ¢ is a constant, then use the second equation to compute x2 = —c.

Then use the first equation to get x; = ¢. Thus the third eigenpair is A3 = 4, V3 =
[c —¢ ] =cft -1 1.

To prove that the vectors are linearly independent, it suffices to apply Theorem 11.5.
However, it is beneficial to review techniques from linear algebra and use Theorem 11.3.
Form the determinant

a b c
det([Vl Va2 V3])= 2a 0 =—c|=—6abc.
a —-b c

Since det([V1 V2 V3]} # 0, Theorem 11.3 implies that the vectors V1, V2, and V'3 are
linearly independent. u

Example 11.2 shows how hand computations are used to find eigenvalues when
the dimension n is small: (1) find the coefficients of the characteristic polynomial;
(2) find its roots; (3) find the nonzero solutions of the homogenecus linear system
(A —xI)V = 0. We will take the prevalent approach of studying the power and Jacobi
methods and the QR algorithm. The QR algorithm and its improvements are used in

professional software packages such as EISPACK and MATLAB ([178]).

Since V in (12) is multiplied on the right side of the mairix 4, it is called a right
eigenvector corresponding to A. There also exists a left eigenvector ¥ such that
(16} YA=)Y".
In general, the left eigenvector ¥ is not equal to the right eigenvector V. However,
if A is real and symmetric (A" = A), then
1 (AVY = VA = VA,
amn VY = AV
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Therefore, the right eigenvector V is a left eigenvector when A is symmetric. In the
remainder of the book we consider only right eigenvectors.

An eigenvector V is unique only up to a constant multiple. Suppose that ¢ is a
scalar; then the following calculation shows that cV is an eigenvector:

(18) A(cV) = c(AV) = c(AV) = A(cV).

To regain some semblance of uniqueness, we normalize the eigenvector in one of
the following ways. Use one of the vector norms

(19) 1Xlloo = lrgfjgn{lxk%}
or -
n 12
(20) X2 = (Zj miz)
k=1

and require that either | X || = lor | X|» = L.

Diagonalizability
The eigenvalue situation is easiest to understand for a diagonal matrix D that has the
form

M 0 - 0
0 » -+ 0
2D D =diag(A1, A2, ..., A = | . . .
0 0 - A

Let E; = |0 0-.-010--. O]’ be the standard base vector, where the jth
component is 1 and all other components are 0. Then

(22) DE;=[00 ... 04; 0--- 0] =#;Ej,

which implies that the eigenpairs of D are A, E; for j = 1,2, ..., n. It is desirable
to invent a simple way of transforming the matrix 4 into diagonal form so that the
eigenvalues are left invariant. This is the motivation for the following definition,

Definition 11.5. Two n x n matrices A and B are said to be similar if there exists 3
nonsingular matrix K so that

23 B =K 'AK. A

Theorem 11.7. Suppose that A and B are similar matrices and that A is an eigen-
value of A with corresponding eigenvector V. Then A is also an eigenvalue of B, 1f
K~'AK = B, then Y = K~!V is an eigenvector of B associated with the eigen-

value A.
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An n x n matrix A is called diagonalizable if it is similar o a diagonal matrix.
The next theorem illuminates the intimate role of eigenvectors in this process.

Theorem_ 1‘1.8 (Diagonalization). The matrix A is similar to a diagonal matrix D if
and only if it has # linearly independent eigenvectors, If A is similar to D, then

~1 .
24) VT AV = D = diag(hy, Az, ..., Ay)
V=[Vi Vs.. V]
where the n eigenpairsare A;, V;, for j = 1,2,..., n,

Theorem 11.8 implies that every matrix A that has # distinct eigenvalues is diago-
ralizable.

Example 11.3.  Show that the following matrix is diagonalizable.

3 -1 0
A=|-— 2 -1].
0 -1 3

In Example 11.2 we found the eigenvalues A; = 1, A5 = 3, and A3 = 4 and the matrix
ol eigenvectors

V=[V: V2 Vi]=

— R
o
|
—

The inverse matrix V= is

.V_l _

W R O
o ui—

1
[
_1
2z
L
3

ol

It is left to the reader to check the details in computing the product in (24);

1
)

! 1

: ([ 3 -1 o 1 1 r 100
3 0 =3ll-1 2 -1{=]2 o -1|=(0 3 of.
P-4 ijLo -1 3 L -1 1] Jo o 4

Hence we have shown that A can be diagonalized; thatis, V™AV = D = diag(1,3,4). =

A more general result relating the structure of a matrix to its eigenvalues is the
following theorem.

Theqrem 11.9 (Schur). Suppose that A is an arbitrary n x n matrix. A nonsingular
matrix P exists with the property that T = P~'AP, where T is an upper-triangular
matrix whose diagonal entries consist of the eigenvalues of A.
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Certain types of structural analysis in engineering require that a basis of " be
selected that consists of the eigenvectors of A. This choice makes it easier to visu-
alize how space is transformed by the mapping ¥ = T(X) = AX. Recall that the
eigenpair A;, V; has the property that T maps V; onto the multiple of A;V;. This
characteristic is exploited in the following theorem.

Theorem 11.10.  Suppose that A is an n X 'n matrix that possesses n linearly inde-
pendent eigenpairs A, V; for, j = 1,2, ..., n; then any vector X in R has a unique
representation as a linear combination of the eipenvectors:

(25} X=cVi+caVa+ - - +cpVa.
The linear transformation 7(X) = AX maps X onto the vector

(26) Y=T&XY=cimVi+cihaVa+ -+ cph, V.

Example 11.4. Suppose that the 3 x 3 matrix A has eigenvalues A; = 2, A; = —1.
and A3 = 4, which correspond to the eigenvectors ¥V, = [1 2 —2]', Vo = [-2 1 i].
and V3 = [I 3 --4]’, respectively. If X = [—1 2 l]’, find the image of X under the
mapping T(X) = AX.

‘We must first express X as a linear combination of the eigenvectors. This is accom-
plished by solving the equation

(12 1) =afl 2 2] +af-2 1 1] +cf1 3 4]

for ¢y, 2, and ¢3. Observe that this is equivalent to solving the linear system

=204 e3=-1
204+ c2+43c3= 2
—2¢c1+ ¢2—4dc3= 1.
The solution is ¢; = 2, ¢ = 1, and ¢c3 = —1. Using Definition 11.4, for eigenvectors,
T(X') is found by the computation
TX)=AQRV+V2-V3)
=2AV1+ AV2—- AV
=2(2V) — V3 —-4V;
=[2 -5 7]. n

Virtues of Symmetry

There is no easy way to determine how many linearly independent eigenvectors a ma-
trix possesses without resorting to using the most effective algorithms in a professional
software package such as EISPACK or MATLAB. However, it is known that a real
symmeiric matrix has n real eigenvectors and that for each eigenvalue of multiplic-
ity m; there comresponds m; linearly independent eigenvectors. Hence every real sym-
metric matrix is diagonalizable.
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Definition 11.6 (Orthogonal). A set of vectors {Vy, V3, ..., V,} is said to be
orthogonal provided that
@n V} Vi =0 whenever j#k&k A

Definition 11.7 {Orthonormal). Suppose that {V, V2, ..., V] is a set of orthog-
onal vectors; then we say that they are orthonormal if they are all of unit norm, that

18.

(28) V} Viy=0 whenever j #k.
Vivi=1 forall j=12 ..., n A

Theorem 11.11. An orthonormal set of vectors is linearly independent.

Remark. The zero vector cannot belong to an orthonormal set of vectors.

Definition 11.8 (Orthogonal Matrix). Ann x » matrix A is said to be orthogonal
provided that A’ is the inverse of A; that is,

(29) A'A=1,
which is equivalent to
(30) ATl =4

Also, A is orthogonal if and only if the columns (and rows) of A form a set of or-
thonormal vectors. A

Theorem 11.12. If A is a real symmetric matrix, there exists an orthogonal matrix X
such that

(31) K'AK =K 'AK =D,
where D is a diagonal matrix consisting of the eigenvalues of A.

Corollary 11.1. If A is an n x n real symmetric matrix, there exist n linearly inde-
pendent eigenvectors for A, and they form an orthogonal set.

Corollary 11.2. The eigenvalues of a real symmetric matrix are all real numbers.

Theorem 11.13. Eigenvectors corresponding to distinct eigenvalues of a symmetric
matrix are orthogonal.

Theorem 11.14. A symmetric matrix A is positive definite if and only if ail the
eigenvalues of A are positive.
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Estimates for the Size of Eigenvalues

It is useful to find a bound for the magnitude of the eigenvalues of 4. The following
results will give some insights.

Definition 11.9 (Matrix Norm). Let | X| be a vector norm. Then a corresponding
natural matrix norm is

1 fAfl = max {M :
(32) iXi=11 11

For the norm || A || the following formula holds:

33 I Alloe = max [_Z Iaij] : A

i=1
Theorem 11.15. If X is any eigenvalue of A, then
(34) (Al < [IA]l,
for any natural matrix norm ||Af.

Theorem 11.16 (Gerschgorin’s Circle Theorem). Assume that A is an # xn matriX
and let C; denote the disk in the complex plane with center aj; and radius

n
(35) rj = Z lajr] for each j=1,2, ..., n;
k=L k#
that is, C; consists of all complex numbers z == x + iy such that

(36) Ci={z:lz—a;| =rj}

If 5 = | %, C;. then all the eigenvalues of A lie in the set . Moreover, the union of
any k of these disks that do not intersect the remaining #» — k must contain precisely K
(counting multiplicities) of the eigenvalues.

Theorem 11.17 (Spectral Radius Theorem). Let A be a symmetnc matrix. The
spectral radius of A is [{A[; and obeys the relationship

(37) lAllz = max{{Ai], [Aal, ..., [Aal}.
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An Overview of Methods

For problems involving moderate-sized symmetric matrices, it is safe to use Jacobi’s
method. For problems involving large symmetric matrices (for n up to several hun-
dred), it is best to use Householder’s method to produce a tridiagonal form, followed
by the QR algorithm. Unlike real symmetric matrices, real unsymmetric matrices can
have complex eigenvalues and eigenvectors.

For matrices that possess a dominant eigenvalue, the power method can be used
to find the dominant eigenvector. Deflation techniques can be used thereafter to find
the first few subdominant eigenvectors. For real unsymmetric matrices, Householder’s
method is used to produce a Hessenberg matrix, followed by the LR or @R algorithm.

Exercises for Homogeneous Systems: The Eigenvalue Problem

1. For each of the following matrices find (i) the characteristic polynomial p(a), (ii) the
eigenvalues, and (iii) an eigenvector for each eigenvalue.

1 2 1 6 -2 3
d A=| 0 1 2 (&) A=

1 3 2 00 3 2

- 00 0 4

2. Determine the spectral radius of each of the matrices in Exercise 1.
3. Determine the ||A|l; and || A}l o, norms of each of the matrices in Exercise 1.

4. Determine which, if any, of the matrices in Exercise 1 are diagonalizable. For each
diagonalizable matrix in Exercise 1, find the matrices V and D from Theorem 11.8
and carry out the matrix product in (24).

5. (a) For any fixed 8, show that

cosd  siné
R= [— sind cos 8]
is an orthogonal matrix.

Remark. The matrix R is called a rotation matrix.
(b} Determine all values of ¢ for which all the eigenvalues of R are real.

6. In Section 3.2 the plane rotations R, («), R,(f), and R,(y) were introduced.
(a) For any fixed o, 8, and y, show that R;(e), R,(8), and R.(y), respectively,
are orthogonal matrices.
(b} Determine all values of &, 8, and y for which all the eigenvalues of Ry {a),
R,(B), and R, (y), respectively, are real.
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~a

B LCtA:[a+3 2]

2 al

(a) Show that the characteristic polynomial is p(A) = A% — (3+2a)A+q% —3aq — 4.
(b) Show that the eigenvaluesof A are Ay =a+4andiy =a — 1.

(¢) Show that the eigenvectors of A are V) =[2 1]’ and Vo = [~1 2]’

8. Assume that A, V form an eigenpair of the matrix A. If £ is a positive integer, prove
that A%, V are an eigenpair of the matrix A*.

9. Suppose that V is an eigenvector of A that corresponds to the eigenvalue A = 3.
Prove that 1. = 9 is an eigenvalue of the matrix 42 corresponding to V.

10. Suppose that V is an eigenvector of A that corresponds to the eigenvalue A = 2.
Prove that A = % is an eigenvalue of the matrix A~! corresponding to V.

11. Suppose that V is an eigenvector of A that corresponds to the eigenvalue A = 5.
Prove that A = 4 is an eigenvalue of the matrix A — I correspondingto V.

12. Let A be ann x n square matrix with characteristic polynomial p(A) given by

p(R) =det(4 — AT)
= DA ar T har g )
(a) Show that the constant term of p(A) is ¢, = (—1)" det(A).
(b) Show that the coefficient of A"~ is ¢y = —(ay] + a2 ++ ++ + @pn).
13. Assume that A is similar to a diagonal matrix; that is

VIAV = D = diag(ry, As, ... , A,).
If k is a positive integer, prove that

Af = vdiagak, A%, bl

Power Method

We now describe the power method for computing the dominant eigenpair. Its exten-
sion to the inverse power method is practical for finding any eigenvalue provided that a
good initial approximation is known. Some schemes for finding eigenvalues use other
methods that converge fast, but have limited precision. The inverse power method is
then invoked to refine the numerical values and gain full precision. To discuss the
situation, we will need the following definitions.

Definition 11.10. If 1 is an eigenvalue of A that is larger in absolute value than any
other eigenvalue. it is called the dominant eigenvalue. An eigenvector V| correspond-
ing to Ay is called a dominant eigenvector. A
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Definition 11.11. An eigenvector V is said to be normalized if the coordinate of

largest magnitude is equal 1o unity (i.e., the largest coordinate in the vector V is the

number 1). A

1 N
It is easy to normalize an eigenvector [v1 v2 ... v,,_] by forming a new vector

V=_Q/c)vr vz ... vn]’,wherec——:vj and jv;| = max < <n{lvsl}. ‘ .

Suppose that the matrix A has a dominant eigenvalue X and that there is a unique
normalized eigenvector V that corresponds to A. This eigenpair 4, V can be found by
the following iterative procedure called the power method. Start with the vector

0 Xo={11...1].
CGenerate the sequence { X} recursively, using
Yi=AXy,

| 1
@ Xi+1 = —Yg,
Chtl

where cx41 is the coordinate of ¥ of largest magnitude (in the_case of a tie, choose
the coordinate that comes first). The sequences {X} and {cx} will converge to V and

X, respectively:
i = d lim ¢z = A.
@ fm Xe=V mdfim o
Remark. i Xy is an eigenvector and X # V, then some other starting vector must be
chosen.

Example 11.5. Use the power method to find the dominant eigenvalue and eigenvector
for the matrix

o 11 =5
A=|-2 17 7
-4 26 -10

Start with Xg = [1 1 1]’ and use the formulas in (2) to generate the sequence of
vectors { X;) and constants {c¢j. The first iteration produces

0 11 -5][1 6 1
—2 17 —7 ] == 8 =]2 % =C1X1.
-4 26 —-10] |1 12 |1
The second iteration produces
o S (3] Ll [%
2 io|_11]5s
-4 26 -10] |1 L L1
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Table 11.1  Power Method Used in Example 11.5 to Find the Normalized Dominant
Eigenvector V =[3 2 1]’ and Corresponding Eigenvalue A = 4

AXy = Yy = k41 Xt

AX( = [6.000000 8.000000 12.00000)" = 12.00000[0.500000 0.666667 i]: = c,il
AX;p = [2.333333 3.333333 5.333333]) = 5.333333[0.437500 0.625?(])(1) 1if : czx_
AXo = [1.875000 2.750000 4.500000) = 4.5(')0000[0.416667 0.611 oy = c;Xg
AX3 = [1.722222 2.555556 4222222 = 4.222222[0.407895 0.60526 1]’ = C4X4
AX4 = [1.657895 2.473684 4.105263) = 4.105263[0.403846 0602;22 1}, = zsxs
AXs = [1.628205 2.435897 4.051282) = 4.051282[0.401899 0.601 = csX¢

/ -
AXg = [1.613924 2417722 4.025316]" = 4.025316(0.400943 06006?? i]l i ?i,
AX7 = [1.606918 2.408BR05 4012579 = 4.012579[0.400470 0.6003 l][ = gxg
AXg = [1.603448 2.404389 4.006270] = 4.006270[0.400235 0.600156 []f = g ;
AXg = [1.601721 2402191 4.003130) = 4.003130[0.400117 0.600078 I’ = cmxm
AX g = [1.600860 2.401005 4.001564] = 4.001564[0.400059 0.600039 1] = cy1X

Jteration generates the sequence { X} (where X is a normalized vector):

| 7 "3 i ! =
: 1 of12| 38|%| 78| | 158 7%s
161 5 1 2 a7 2%
121%], SR R R A R A R
1 t 1 | 1

. / _
The sequence of vectors converges o V. = [i 1] , and the sequence of constantg

3
3 .
converges to A = 4 (see Table 11.1). It can be proved that the rate of convergence 15
B
linzar.

Theorem 11.18 (Power Method). Assume that the n x n rpatrix A 'has n disti;lct
eigenvalues ), A2, ..., A, and that they are ordered in decreasing magnitude; that is,

) [A1] > [A2] = A3l 2 -+ = |Aal.
KCINN (3] )7/
If X is chosen appropriately, then the sequences {Xg = [th x37 ... Xn ] } and
{c+) generated recursively by
(5) Y =AX;
and
X 1—Y

(6) k+1 = Cral k
where

*) ® _ W,
o Chtl =X and x;' = lfgg;{IX, 1}
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will converge to the dominant eigenvector V and eigenvalue A, respectively. That is,
(8} lim X; = Vi and lim c; = Ay.
k—00 k—»00

FProof. Since A has n eigenvalues, there are n corresponding eigenvectors V ;, for
J = 12,..., n, that are linearly independent, normalized, and form a basis for n-

dimensional space. Hence the starting vector X can be expressed as the linear combi-
nation

) Xo=b1Vi+bVo4 - +85,V,.

Assume that Xy = [x1 X2 ... x,,]/ was chosen in such a manner that b, # 0. Also,
assume that the coordinates of X are scaled so that max)<;<x{|x;|} = 1. Because

v j}55= | are eigenvectors of A, the multiplication AX 0, followed by normalization,
produces

Yo=AXo=AB\Vi+b2Va+ -+ b,V,)
=b0IAV | + BaAV o+ - + b AV,
(10} =biA V) toheVa+ -+ bpigVy,

A by
= (blV1+bz (—2) Vadoo b (—) v,,),
Ay A
A A A
X = —l‘(blV1+bz (—%) Vit +b, (q") Vn).
Cl Al Ay

After k iterations we arrive at

and

1D
Yic1 = AXy
Pl 2o\ k1 PR .
=A 1 bV, +b; —-3) V2+~-+b,.(—") V
€1c2- - C—| Al Al
3 k-1 PR PR
= ' bnAV1.+bz(—2) AVy+ -+ b, (—") AV,
C1C2 - Ch—1 At At
lk_l A k-1 N k-1
= l b1A|V|+b2(—5) Vit +b, (—") AV,
€162+~ Ch—] Ay Al
A.k A & A. k
= L — bV, -H?z(—z) Vatooidb, (—5) Va.l,
€162+ Cp—1 Al Ay
and

Ak A k—1 Py k—1
X = L b1V1+bz(—2) Va4-- 4+ b, -—") Val.
C1€a - Ck Al Al
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Since we assurned that |x;|/|A1] < 1 foreach j =2,3,.. ., n, we have

. A\ _
(12) kl-l-rgobj(ﬁ) Vi=0 weach j=2,3, ..., n
Hence it follows that
. . b1A%
{13) im X = lim ————V.
k—00 k—oc C1C2---C

We have required that both X and V| be normalized and their largest componentbe 1.
Hence the limiting vector on the left side of (13) will be normalized, with its largest
component being 1. Consequently, the limit of the scalar multiple of V' on the right
side of (13} exists and its value must be 1; that is,

k
b
k—oo €12+ Ck

=1

(14)
Therefore, the sequence of vectors { X} converges to the dominant eigenvector:
(15) lim X; =V,.

k—ro00
Replacing k with k — 1 in the terms of the sequence in (14) yields

bll’;'_l
i _____
k=00 CpC * - Ch~]

and dividing both sides of this result into (14) yields

biAf/(eiez - cx)
lim — =1 O
k=00 Cf k—o0 bll] /‘.016‘2' e Ck~1)

=1.

| —

Therefore, the sequence of constants {ci } converges to the dominant eigenvalue:

'[ 1 6) lim = )"] 1
k=00
and the proof of the theorem is complete. e

Speed of Convergence

In the light of equation (12) we see that the coefficient of V; in X} goes to zero in
proportion to (&, / L)X and that the speed of convergence of {X;} to V| is governed
by the terms (Az/ Lk, Consequently, the rate of convergence is linear. Similarly, the
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Table 11.2  Comparison of the Rate of Convergence of the Power Method and Acceleration of
the Power Method Using Aitken’s A2 Technique

cx¥y X,

c1X1 = 12.000000{0.5000000 0.6666667 1]; 4.3809524[0.4062500 0.6041667 1} = ax;
c2X; =5.3333333[0.4375000 0.6250000 1J; 4.0833333[0.4015152 0.6010101 1] = ?zé'g

c3X3 =4.5000000{0.4166667 0.6111111 17; 4.0202020[0.4003759 0.6002506 1) = 53X;3
c4X4 ==4.2222222[0.4078947 0.6052632 17 4.0050125[0.4000938 0.6000625 1} = 2"424
esXs =4.1052632[0.4038462 0.6025641 11'; 4.0012508[0 4000234 0.6000156 1]’ = 75X s
cgXe =4.0512821[0.4018987 0.6012658 11 4,0003125[0.4000059 0.6000039 1 = FsXe
¢1X7 =4.0253165[0.4009434 0.6006289 17; 4.0000781[0.4000015 0.6000010 1]'=?727
cgXg =4.0125786[0.4004702 0.6003135 175 4.0000195[0.4000004 0.6000002 1] = ?sfg
coXo =4.0062696[0.4002347 0.6001565 11; 4.0000049[0.4000001 0.6000001 1]’ = GpXg
c10X 0 = 4.0031299[0.4001173 0.6000782 1}'; 4.0000012{0.4000000 0.6000000 1) = &0 10

convergence of the sequence of constants {cx} to A is linear. The Aitken A2 method
can be used for any linearly convergent sequence { p¢} to form a new sequence
~ (Pr+1 — pi)?
Pk = P
P42 ~ 2Pkt + Pk

that converges faster. In Example 11.4 this Aitken A? method can be applied to speed
up convergence of the sequence of constants {c;}, as well as the first two components of
the sequence of vectors {X ;). A comparison of the results obtained with this technique
and the original sequences is shown in Table 11.2.

Shifted-inverse Power Method

We will now discuss the shifted inverse power method. It requires a good starting
approximation for an eigenvalue, and then iteration is used to obtain a precise solution.
Other procedures such as the @M and Given’s method are used first to obtain the
starting approximations. Cases involving complex eigenvalues, multiple eigenvalues,
or the presence of two eigenvalues with the same magnitude or approximately the same
magnitude, will cause computational difficulties and require more advanced methods.
Qur illustrations will focus on the case where the eigenvalues are distinct. The shifted
inverse power method is based on the following three results (the proofs are left as
exercises).

Theorem 11.19 (Shifting Eigenvalues). Suppose that A, V is an eigenpair of A. If
« is any constant, then A — ¢, V is an eigenpair of the matrix A — af.

Theorem 11.20 (Inverse Eigenvalues). Suppose that A, V is an eigenpair of A. If
* # 0, then 1/A, V is an eigenpair of the matrix Al
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! } x

L
I
A, ey @ Mt An

Figure 11.2 The location of « for the shifted-inverse
power method.

Theorem 11.21. Suppose that A, V is an eigenpairof A. If @ # A, then 1/(A —a), ¥
is an eigenpair of the matrix (4 — e)™!.

Theorem 11.22 (Shifted-inverse Power Method). Assume that the n x n matrix
A has distinct eigenvalues A1, A2, ..., A, and consider the eigenvalue A;. Then a
constant ¢ can be chosen so that i) = 1/(A; — @) is the dominant eigenvalue of
(A — D)™, Furthermore, if X is chosen appropriately, then the sequences {X; =

x® 20 x%7'} and {c,} are generated recursively by
an Yi=(A—-al) !X,
and
H X 1 Y
=-—X
(18) k+1 et
where
_ 0 ky _ &)
(19) Chel = X; and  x; —lr;aén{lx,- [}

will converge to the dominant eigenpair &1, V'; of the matrix (A —al)” !, Finally. the
corresponding sigenvalue for the matrix A is given by the calculation

1
Aj=—+a.
20 YT
Remark. For practical implementations of Theorem 11.22, a linear system solver iv
used to compute ¥ in each step by solving the linear system (A — aI)¥; = X;.

Proof. Without loss of generality, we may assume that A| < A2 < s < An. Se-
lect a number o (@ # A;) that is closer to A; than any of the other eigenvalues (see
Figure 11.2), that is,

(21) [A; —al < 1A —of foreach i=1,2, ..., j—1, j+1, ..., n.

According to Theorem 11.21, 1/(A; — @), V is an eigenpair of the matri'x
(A —al)7L. Relation (21) implies that 1/1a; — af < 1/ji; - «| for eachi 4
so that ) = 1/(X; — o) is the dominant eigenvalue of the matrix (A — al)™". '!:hg
shifted-inverse power method uses a modification of the power method to determing
the eigenpair 421, V. Then the calculation A; = 1/u1 + e produces the desired
eigenvalue of the matrix A.
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Table 11.3  Shifted-inverse Power Method for the Matrix (4 — 4.2#)~Lin
Example 11.6: Convergence to the Eigenvector V =[2 2 1] and uy = ~5

(A—an X = Chp1 X pgq

(A—aly"'Xy = -23.18181818 [0.4117647059 0.6078431373 1] = c1X,
(A —el)™' X = —5356506239 [0.4009983361 0.6006655574 1V = X
(A—eD)71 Xy = -5.030252609 [0.4000902120 0.6000601413 1] = c3X;3
(A —al)7IX3 = —5.002733697 [0.4000081966 0.6000054644 11 = caX,
(A —al)~' X, = —5.000248382 [0.4000007451 0.6000004967 1] = csXs
(4 —al)~1Xs =—5.000022579 [0.4000000677 0.6000000452 1] = ceXs
(A—al)71Xg = —5.000002053 [0.4000000062 0.6000000041 1Y = c1X-
(A —el)~1X; = —5.000000187 [0.4000000006 06000000004 1} = c3Xg
(A —aly"1Xg = —5.000000017 [0.4000000001 0.6000000000 1} = ¢Xo

Example 11.6. Employ the shifted-inverse power method 1o find the eigenpairs of the
matrix

0 11 -5
A=|-2 17 -7
-4 26 -10

Use the fact that the eigenvalues of A are A1 = 4, A3 = 2, and A3 = 1, and select an
appropriate o and starting vector for each case.

Case (i): For the eigenvalue A = 4, we select @ = 4.2 and the starting vector
Xp=[11 1]'. First, form the matrix 4 — 4.2, compute the solution to

—42 11 -5 1
-2 12.8 -7 Yo=Xo= |1
—4 26 —14.2 1

and get the vector Yo = [—9.545454545 —14.09090909 —123.1818]818]'. Then com:
pute ¢; = —23.18181818 and X = [0.4117647059 0.6078431373 1] Iteration gener-

ates the values given in Table 11.3. The sequence {cx} converges to &1 = —5, which is the
dominant eigenvalue of (A - 4.21)~', and (X} convergesto V; = [2 2 1]’ The eigen-
value 1| of A is given by the computation 1) = 1/ 4+a = 1/(=5)+4.2 = —0.2+44.2 =
4.

Case (ii): , For the eigenvalue A; = 2, we select @ = 2.1 and the starting vector
Xp= [] 1 1] . Form the matrix A — 2.11, compute the solution to

—-2.1 11 -5 1
-2 149 -7 Yo=Xp=|1],
-4 26 —12.1 1

and obtain the vector ¥p = [11.05263158 21.57894737 42.63157895). Then ¢; =
42.63157895 and vector X1 = [0.2592592593 0.5061728395 l]’. Iteration produces the
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Table 11.4  Shifted-inverse Power Method for the Matrix (A —2.11)~! in
Example 11.6: Convergence to the Dominant Eigenvector V ={} 1 1] and

= ~10

(A-al)7l X, = k1 X el

(A —al)—IXQ = 42.63157895 [0.2592592593 0.5061728395 Y = X,
(A ~af)'X| = —9.350227420 [0.2494788047 0.4996525365 1) = c3Xa
(A —C(IJ-]KQ = —10.03657511 [0.2500273314 0.5000182209 1} = c3X3
(A —al)"'Xy = —9.998082009 [0.2499985612 0.4999990408 11 = c4X4
(A —al)~' X, = —10.00010097 [0.2500000757 0.5000000505 1]’ = cs5Xs
(A —al)~! X5 = —9.099994686 [0.2499999960 04999999973 1]’ = cgXg
(A —UI)_lX(, = —10.00000028 [0.2500000002 0.5000000001 11 = c7X3

Table 11.5  Shifted-inverse Power Method for the Matrix (4 — 0.875N) ! in
Example 11.6: Convergence to the Dominant Eigenvector ¥ = [1 1 1] and

u1 =8

(A-eD71X, = k1 X1

(A —al)" Xy = ~30.40000000 [0.5052631579 0.4947368421 1) = o1 X
(Ad—eD)7'X, = 8404210526 [0.5002004008 0.4997995992 1) = X,
(A—aD™1X, = 8015390782 [0.5000080006 0.4999919994 1} = c3X3
(A—aD)71X3 = 8.000614449 [0.5000003200 0.4999996800 1] = c1X,4
(A—al)"'X, = 8000024576 [0.5000000128 0.4999999872 11 = cs5Xs
(A—aD~lXs = 8.000000983 [0.5000000005 (.4999999995 (]’ = csA’g
(A—al)"TXg = 8000000039 [0.5000000000 0.5000000000 1 = c;X;

values given in Table 11.4. The dominant eigenvalue of (A ~2.15)7Vis uy = —10, and the

eigenpair of the matrix A is A2 = 1/(~10) +21 = -01+2]=2and Vo =[] } 1].

Case (iii}: For the eigenvalue A3 = 1, we select @ = 0.875 and the starting vector
Xp = [0 1 1]'. Iteration produces the values given in Table 11.5. The dominant eigen-
value of (A — 0.8751)~! is u, = 8, and the eigenpair of matrix A is A3 = 1/8 + 0.875 =
012540875 = land V3 = [ } 1]/. The sequence {X ) of vectors with the starting
vector {0 1 1]’ converged in seven iterations. (Computational difficulties were encoun-
tered when Xg = [1 i l]’ was used, and convergence took significantly longer.) [

Program 11.1 (Power Method). To compute the dominant eigenvalue A and its
associated eigenvector V' for the n xn matrix A. It is assumed that the » eigenvalues
have the dominance property |A;} > |Aa) = |1A3| = --- = |A,] > 0.

function [lambda,V]=power1(4,X,epsilon,maxl)

SEC. 11.2 POWER METHOD 577

%Input - A is an nxn matrix
% - X is the nxl starting vector
% - epsilon is the tolerance
% - maxl is the maximum number of iterations
%0utput - lambda is the dominant eigenvalue
A - V is the dominant eigenvector
%Initialize parameters
lambda=0;
cat=0;
err=1;
state=1;
while ((cnt<=max1)&(state==1))
Y=A%X;

YNormalize Y
[m jl=max(abs(¥));
cl=m;
de=abs (lambda-cl);
Y=(1/c1)*Y;
%Update X and lambda and check for convergence
dv=norm(X-Y);
err=max{d¢,dv);
=Y;
lambda=cl;
state=0;
if(err>epsiion)
state=1;
end
cnt=cnt+1;
end
V=X;

Program 11.2 (Shifted-inverse Power Method). To compute the dominant eigen-
value A ; and its associated eigenvector V ; for the n x n matrix A. It is assumed that
the n eigenvalues have the property A| < Az < --- < A, and that « Is a real number
suchthat |A; — | < |A; —¢|, foreachi = 1,2,..., j—1,j + l,...,n

function [lambda,V]=invpow(A,X,alpha,epsilon,max1)

#Input - 4 is an nxn matrix

% - X is the nxl starting vector

% - alpha is the given shift

% - epsilon is the tolerance

% - maxl is the maximum number of iterations

%COutput - lambda is the dominant eigenvalue
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% - V is the dominant eigenvector

%Initialize the matrix A-alphal and parameters
[n nl=size(A);
A=A-alphaxsye(n) ;
lambda=0;
cng=0;
err=1;
state=1;
while ((cnt<=max1)&(state==1))
%Solve system AY=X
Y=A\X;
YNormalize Y
[m jl=max(abs(Y));
cl=m;
dc=abs (lambda-c1) ;
Y=(1/c1)*Y;
“Update X and lambda and check for convergence
dv=norm(X-Y);
err=max(dc,dv) ;
X=Y;
lambda=ci;
state=0;
if (err>epsilon)
state=1;
end
cnt=cnt+1;
end
lambda=alpha+1/c1;
v=X;

Exercises for Power Method

SEC. 11.2 POWER METHOD 579

any vector with the property that X'V = 1, prove that the matrix
B=A-,V X

has eigenvalues 0, A2, A3, . .., A, with associated eigenvectors V|, Wz, Wi, ..., W,,
where V; and W; are related by the equation

Vj =(r —A.l)Wj +)~1(X’Wj)Vl for each ji= 2,3 ..., n.

. Markov processes and eigenvalues. A Markov process can be described by a square

matrix A whose entries are all positive and the column sums all equal 1. For illus-
tration, let Pg = [x©@ y(o)]' record the number of people in a certain city who use
brands X and Y, respectively. Each month people decide to keep using the same brand
or switch brands. The probability that a user of brand X will switch to brand ¥ is 0.3.
The probability that a user of brand ¥ will switch to brand X is 0.2. The transition
matrix for this process is

(k)
Py = 4Py = [gg 33] [;m]'

If AP; = P; for some j, then P; = V is said to be the steady-state distribution
for the Markov process. Thus, if there is a steady-state distribution, then A = 1 must
be an eigenvalue of A. Additionally, the steady-state distribution V is an eigenvector
associated with A = 1 (e, solve (A — YV =0).
(a) For the example given above; verify that A = 1 is an eigenvalue of the transition

matrix A.
(b) Verify that the set of eigenvectors associated with A = 1is {t]3/2 1] : 1 €

R, r # 0}

(c) Assume that the population of the city was 50,000. Use your res!ults from
part (b) to verify that the steady-state distribution is [30,000 20,000]'.

1. Let A, V be an eigenpair of A. If & is any constant, show that A —a, V is an eigenpair

Algorithms and Programs

In Problems 1 through 4 use:

(a) Program 11.1 to find the dominant eigenpair of the given matrices.

(b) Program 11.2 to find the other eigenpairs.

of the matrix 4 — ol

2. Let A, ¥ be an eigenpair of A. If A # 0, show that I/A, V is an eigenpair of the

matrix A~

3. Let 2, V be an eigenpair of A. If o # A, show that 1/(A — a), V is an eigenpair of

the matrix (A — )L

4. Deflation techniques. Suppose that A, A2, A3, ..., A, are the cigenvalues of A with
associated eigenvectors Vi, Va, Vi, ..., V, and that i, has multiplicity 1. If X is

7 6 -3 —14 =30 42
1.A=|-12 -20 24/ 2.A=] 24 49 —66]|.
-6 —12 16 12 24 -32

25 <25 30 05 * 25 —20 25 05

00 50 —2.0 20 0.5 50 -25 —05

3A=1_05 —05 40 25[ 4 A=1_15 10 35 —25]|

-25 =25 50 35 20 30 —-50 3.0
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5. Suppose that the probability that a user of brand X will switch to brand ¥ or Z is 0.4
and 0.2, respectively. The probability that a user of brand ¥ will switch to brand X
or Z is 0.2 and 0.2, respectively. The probability that a user of brand Z will switch to
brand X or ¥ is 0.1 and 0.1, respectively. The transition matrix for this process is

04 02 0.17[x®
Piy = APy =104 06 01(|y¥
02 02 08]|z@®

(a) Verify that A = 1 is an eigenvalue of A,
(b) Determine the steady-state distribution for a population of 80,000.

6. Suppose that the coffee industry consists of five brands B;. Ba, B3, B4, and Bs. As-
sume that each customer purchases a 3-pound can of coffee each month and 60 mai-
lion pounds of coffee is sold each month. Regardless of brand, each pound of coffee
represents a profit of one doliar. The coffee industry has empirically determined the
following transition matrix 4 for monthly coffee sales, where a;; represents the prob-
ability that a customer will purchase brand B; given that their previous purchase was
brand B;.

01 02 02 06 02
01 01 01 01 02
A=|01 03 04 01 02
03 03 0.1 0.1 02
04 0.1 02 01 02

An advertising agency guarantees the manufacturer of brand B, that, for $40 million
a year, they can change the first column of A to [0.3 0.1 0.1 0.2 0.3]'. Should the
manufacturer of brand B hire the advertising agency?

%. Write a program, based on the deflation technique in Exercise 4, to find all the eigen-
values of a given matrix. Your program should call Program 11.1 as a subroutine to
determine the dominant eigenvalue and eigenvector at each iteration.

8. Use your program from Problem 7 to find all the eigenvalues of the following matri-
ces.
1 2 -1
(a A=1{1 0 1
4 -4 5
(®) A= (ay], whereay = ['. AR

. ~andi, j=L2,...,15
ij i#&j

113
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Jacobi’s Method

Jacobi’s method is an easily understood algorithm for finding all eigenpairs for a sym-
metric matrix. It is a reliable method that produces uniformly accurate answers for the
results. For matrices of order up to 10, the algorithim is competitive with more sophis-
ticated ones. If speed is not a major consideration, it is quite acceptable for matrices
up to order 20.

A solution is guaranteed for all real symmetric matrices when Jacobi’s method is
used. This limitation is not severe since many practical problems of applied math-
ematics and engineering involve symmetric matrices, From a theoretical viewpoint,
the method embodies techniques that are found in more sophisticated algorithms. For
instructive purposes, it is worthwhile to investigate the details of Jacobi’s method.

Plane Rotations

We start with some geometrical background about coordinate transformations. Let X
denote a vector in n-dimensional space and consider the linear transformation ¥ =
RX, where R 1s an n x n matrix:

—

1 .- 0 R T 1 N
0o --- cosgp - sing --- Q| <rowp
R=|: ;
0 .- —sing --- cos¢p --- 0| «<rowg
o - 0 0 ]
t 1
col p colg

Here all off-diagenal elements of R are zero except for the values = sin ¢, and all
diagonal elements are 1 except for cos¢. The effect of the transformation ¥ = RX 1«
easy to grasp:

yj =Xy when j # p and j # g,
Yp = XpCOs@ + Xg8in g,

Vg = —Xpsing + xzc05¢.

The transformation is seen to be a rotation of n-dimensional space in the x,x,-plane
through the angle ¢. By selecting an appropriate angle ¢, we could make either y, = 0
or y; = 0in the image. The inverse transformation X = R~1Y rotates space in the
same x,x,-plane through the angle —¢. Observe that R is an orthogonal matrix; that
is,

R'=R o RR=L
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Similarity and Orthogonal Transformations
Consider the eigenproblem

(1) AX =X,
Suppose that K is a nonsingular matrix and that B is defined by
(2) B=K 'AK.

Maultiply both members of (2) on the right side by the quantity K ~1X, This produces
BK'X =K 'AKK™'X = K'AX
=K '"AX =AK"'X.
We define the change of variable
(4) Y=K'X o X=KY.

(3)

When (4) is used in (3), the new eigenproblem is
(5) BY =AY.

Comparing (1) and (5), we see that the similarity transformation (2) preserved the
eigenvalue A and that the eigenvectors are different, but are related by the change of
variable in (4).

Suppose that the matrix R is an orthogonal matrix (i.e., R~! = R") and that D is
defined by
(6) D =R AR.
Multiply both terms in (6) on the right by R’X to obtain
@) DR'X =R ARR'X = RAX =R\X =\R'X.

We define the change of variable

(8) Y=R'X or X=RY.

Now use (8) in (7) to obtain a new eigenproblem,

% DY =Y.

As before, the eigenvalues of (1) and (9) are the same. However, for equation (9) the
ch_allng_e (;(f,variable: {8) makes it easier to convert X to ¥ and ¥ back into X because
® In_ addl:tion. suppose that A is a symmetric matrix (i.e., A == A’). Then we find that
(10 D' =(RARY =R ARY =R AR = D.

Hence D is a symmetric matrix. Therefore, we conclude that if A is a symmetric matrix
and R is an orthogonal matrix the transformation of A to D given by (6) preserves

symmetry as well as eigenvalues. The relationship between their eigenvectors is given
by the change of variable (8).
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Jacobi Series of Transformations

Start- with the real symmetric matrix A. Then construct the sequence of orthogonal
matrices Ry, Ry, ..., R, as follows:

Dyg=A,
(I1) ’ .
Dj:Rij_1Rj for j=1,2,....

We will show how to construct the sequence {R;} so that

(12) lim D; = D =diag(i, A2, ..., A,).

oo

In practice we will stop when the off-diagonal elements are close to zero. Then we will
have

(13) D, = D.

The construction produces

(14) D,=R,R,_,.--R,ARRy-- Ru_1R,.
If we define
(15) R=R\R;---R,_ R,

then R"'AR = D, which implies that
(16) AR = RD = Rdiag(r1, A2, ..., Ay).

Let the columns of R be denoted by the vectors X1, X2,..., X,. Then R can he
expressed as a row vector of column vectors:

(17) R=[X) X2 ... X,].
The columns of the products in (16) now take on the form
(18) [AX) AX; ... AX,]=[0X) A2X2 .. AX,)

From (17) and (18) we see that the vector X ;, which is the jth column of R, is an
eigenvector that corresponds to the eigenvalue A ;.
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General Step

Each step in the Jacobi iteration will accomplish the limited objective of reduction of
the two off-diagonal elements a,, and agp, to zero. Let R} denote the first orthogonal
matrix used. Suppose that

(19) Dy =R"1AR1

reduces the elements a,q and a4 to zero, where R has the form

— - —

1 .+ G -+ 0 .- 0
0 ..- ¢ -« 5 - Oj«rowp
20) R = :
0 .- =5 «o- ¢ - O] <rowg
(0 .- 0 - 0 - 1]
t 1
colp colg

Here all off-diagonal elements of R are zero except for the element s located in
row p, column g and the element —s located in row ¢, column p. Also note that all
diagonal elements are 1 except for the element ¢, which appears at two locations, in
row p column p, and in row ¢, column g. The matrix is a plane rotation where we
have used the notation ¢ = cos ¢ and s = sin ¢.

We must verify that the transformation (19) will produce a change only to rows p
and g and columns p and ¢. Consider postmultiplication of A by R and the product
B = ARq:

2n
ay - dp o Qg - din 1 - 0 0 0
B=|% dpp -+ Gpg '+ apn| |0 - c 5 0
T lag - agp v Ggg - agm | [0 - —5 c 0
An] o Gnp vt Gng co- Gun | |0 - 0 0 1

The row by column rule for muitiplication applies, and we observe that there is no
change to colurns 1 10 p— 1 and p+ 1 to g — 1 and g + 1 to n. Hence only columns p
and g are altered,

by =aj when k # p and k #q,
(22) bjp =cajp —sajq forj=12,....n,
bjq = sajp +cajq forj=1,2,....n
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A similar argument shows that premultiplication of A by R} will only alter rows p
and g. Therefore, the transformation

23 D) = R{AR,

will alter only columns p and ¢ and rows p and g of A. The elements & of D are
computed with the formulas

dip=cajp - saj, when j # p and j # g,

djg = sa;p+cajq when j# p and j # g4,
24) dpp = cPapp + s%agy — 2cspg,

dgg = $2app + clagy + 2csapg,

dpg = (c2 - sz)apq + cslapp — Agq)s

and the other elements of Dy are found by symmetry.

Zeroing out dp, and dgp

The goal for each step of Jacobi’s iteration is to make the two off-diagonal elements
dpg and dgp, zero. The obvious strategy would be to observe the fact that

(25) c=cos¢ and s =sing,

where ¢ is the angle of rotation that produces the desired effect. However, some inge-
nious maneuvers with trigonometric identities are now required. The identity for cot ¢
is used with (25) to define

2 2

-3
2¢s

(26) 6 = cot2¢ = -

Suppose that @y, # 0 and we want to produce dp; = 0. Then using the last
equation in (24), we obtain

@7 0 = (¢ = sDapg + cs(@pp — agq)-

This can be rearranged to yield (c2—57)/(cs) = (agq —app)/@pq, Which is used in (26,
to solve for 6:

9=@7—app'

(28) >
2]
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Although we can use (28) with formulas (25) and (26) to compute ¢ and s, less
round-off error is propagated if we compute tan ¢ and use it in later computations. So
we define

29) {=tang = ;i

Now divide the numerator and denominator in (26) by ¢2 to oktain

B i
2sfe 2t '

which yields the equation
(30) 7 +210 —1=0.

Since t = tan ¢, the smaller root of (30) corresponds to the smaller angle of rotation
with |@¢]| < 7 /4. The special form of the quadratic formula for finding this root is

i90(0)
1 = —0 + (8* 11/2:_ﬂ'(__
@1 ! @+ ) = e T

where sign(¢) = 1 when 6 > 0 and sign(#) = —1 when @ < 0. Then ¢ and s are
computed with the formulas

|
(32) ‘CETne

s =ct.

Summary of the General Step

We can now outline the calculations required to zero out the element d pq- First, select
row p and column g for which ap, # 0. Second, form the preliminary quantities

a —a
T Rl | By / 2
20!"1
_ sign(6)
33) e+ @2+ DY
1
(12 + 1)1/2 *
§=ct.
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Third, to construct D = D, use

dpg =0;

dgp = 0;

dpp = Papp +5%ay4 — 2c5apy4;

2 2 .
daq = 5%app + cagq + 2cs0py;

for j=1:N
(34) if (j~=p) and (j~=gq)
djp = cajp = sajg;
dpj = djp;
djg =cajq +sajp;
dgj =djg;
end

end

Updating the Matrix of Eigenvectors

We need to keep track of the matrix product R R, --- R,. When we stop at the n1h
iteration, we will have computed

(35) Va=RIRy---R,,
where V, is an orthogonal matrix. We need only keep track of the current matrix V',

for j = 1,2,..., n. Start by initializing V = I. Use the vector variables XP and XQ
to store columns p and g of A, respectively. Then for each step perform the calculation

for j=1:N
XPj = vjp;
XQ_,- =Vjq
> end
(36) for j=1:N

vjp = cXP; — sXQ;;
vig = sXP; + cXQy;
end
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Strategy for Eliminating ¢,

The speed of convergence of Jacobi’s method is seen by considering the sum of the
squares of the off-diagonal elements:

n

37 S = Z |a‘,'k[2
Jk=1
k#j
n
(38) S:=Y ldp’, where Di=RAR.
J.k=1
kit

The reader can verify that the equations given in (34) can be used to prove that
(39) 5> = 81 — 2lapy)’.

At each step we let §; denote the sum of the squares of the off-diagonal elements
of D;. Then the sequence {5} decreases monotonically and is bounded below by zerc.
Jacobi’s original algorithm of 1846 selected, at each step, the off-diagonal element a,,
of largest magnitude to zero out and involved a search to compute the value

40 z = .
(40) max{A4} r})l(a;(”apq”

This choice will guarantee that {S;} converges to zero. As a consequence, this proves
that {D} converges to D and {V ;} converges to the matrix V of eigenvectors (see
Reference [68]).

Jacobi’s search can become time consuming since it requires an order of (n% —n)/2
comparisons in a loop. It is prohibitive for larger values of n. A better strategy is the
cyclic Jacobi method, where one annihilates elements in a strict order across the rows.
A tolerance value ¢ is selected; then a sweep is made throughout the matrix and, if an
element apq is found to be larger than ¢, it is zeroed out. For one sweep through the
matrix the elements are checked in row 1, a2, 413, . .., d1a; then Tow 2, @23, a4, . . .
azn: and so on. It has been proved that the convergence rate is quadratic for both the
original and eyclic Jacobi methods. An implementation of the cyclic Jacobi method
starts by observing that the sum of the squares of the diagonal ¢lements increases with
each iteration; that is, if

n
(41) To=) lajl*
j=1

and

n
T = Idjl*

jm
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then

Ty = To + 2lapgl*.
Consequently, the sequence {D ;} converges to the diagonal matrix D. Nolicelntzmt the
average size of a diagonal element can be computed with the formula ( To/n)/%. The

magnitudes of the off-diagonal elements are compared to €(To/ n)}/2, where € is the
preassigned tolerance. Therefore, the element a 4 is zeroed out if

T\ 12
0
42) lapql > € ('ﬂ—) .

Another variation of the method, called the threshold Jacobi method, is left for the
reader to investigate (see Reference [178]).

Example 11.7. Use Jacobi iteration to transform the following symmetric matrix into
diagonal form.

g -1 3 -1
-1 6 2 ©
3 29 1
-1 01 7

The computational details are left for the reader. The first rotation matrix that will zero
outas =3 is

0.763020 0.000000 0.646375 0.000000
0.000000 0.000000 0.000000 0.000000
Ri=| 646375 0.000000 0.763020 0.000000 |-
0.000000 0.000000 0.000000 0.000000

Calculation reveals that Ay = R1A1Ry is

5458619 ~2.055770 0.000000 —1.409395
2055770  6.000000 0.879665  0.000000
Az=1| (000000 0879665 11.541381  0.116645
1409395  0.000000 0.116645  7.000000

Next, the element aj2 = —2.055770 is zeroed out and we get

- 3655795 0.000000 0.579997 -—1.059649
0000000 7.802824 0.661373  0.929268
A3=1 0579997 0.661373 11541381  0.116645
| 1059649 0929268 0.116645  7.000000

After 10 iterations we armrive at

r3.295870 0.002521  0.037859  0.000000
0.002521  8.405210 —0.004957  0.066758
A0 = | 4037859 —0.004957 11704123 —0.001430
| 0.000000  0.066758 —0.001430  6.594797
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It will take six more iterations for the diagonal elements to get ciose to the diagonal matrix
D = diag(3.295699, 8.407662, 11.704301, 6,592338).

However, the off-diagonal elements are not small enough, and it will take three more it-
erations for them to be less than 10~ in magnitude. Then the eigenvectors are the columns
of the matrix V = R R; - - - Rg, which is

0.528779 —0.573042 0.582298  0.230097
0.591967  0.472301 0.175776 —0.628975
—0.536039  0.282050 0.792487 —0.071235
0.287454  0.607455 0.044680  0.739169

V=

Program 11.3 (Jacobi Iteration for Eigenvalues and Eigenvectors). To complte |
the full set of eigenpairs {A;, V;Yi_ of the n x n real symmetric matrix A. Jacobi
iteration is used to find all eigenpairs.

—

function [V,D]l=jacobii(A,epsilon)

%Input - A is an nxn matrix

% - epsilon is the tolerance

%0utput - V is the nxn matrix of eigenvectors

% - D is the diagonal nxn matrix of eigenvalues
%Initialize V,D,and parameters

D=A;

[n,n)=size(A);

V=eye(n);

state=1;

“Calculate row p and column q of the off-diagonal element
%of greatest magnitude in A
[m1 p]=max(abs(D-diag(diag(D))));
[m2 ql=max(mi);
p=pla);
while(state==1)
%Zero out Dpq and Dgp
t=D(p,q}/(D{q,q)-D(p,p)};
c=1/sqrt{t-2+1);
s=ckt;
R=[c s;~s cl:
DCIp q),:)=R>«D([p ql,:);
DC:,[p q1)=D(:, [p ql)#*R;
Vi:,[p q1)=V(:,[p q])*R;
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(21 pl=max(abs(D-diag(diag(D)}));
[m2 ql=max{ml);

=p(q); . N
?.f (abs(D{p,q)) <epsilon*sqrt (sum(diag(P)."2}/n))

state=0;
end

end
D=diag(diag(D));

Exercises for Jacobi’s Method

1. Mass-spring systems. Consider the undamped mass-spring system shoxivn in E@g-
ure 11.3. The mathematical model describing the displacements from static equilib-

rium is
ki + k2 —k2 0 x1() my 0 0 xi:(t) -0
—ky  ka4ks —ka||xm@® |+ 0 m O x%(z‘) =10
0 —~k3 ka x3(2) 0 0 m; X3 [(3] 0

(a) Use the substitutions x;{t) = v, sin{wt + 6) for j = 1,2, 3, where 8 is a con-
stant, and show that the solution to the mathematical model can be reformulated

as follows:
k—l-+—k2 "-_kz 0 vl Vi
mi m
:f_z_ ka+ ks —k3 nl|= w? -
ms my mp
- k
0 —ks R v v
ms m3

(b) Setr = w?: then the three solutions to part (a) are the eigenpairs A;, V; =
[vgj) e vgj)]’, for j = 1,2, 3. Show that they are used to form the three

x,(8) Xt}

x(()
{ m ; "‘2;]—'\/\’(3\/\:—‘2"3 Figure 11.3 An undamped mass-
spring system.
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fundamental solutions: Algorithms and Programs
v sin(wjt +6) e
Xty = | o9 s o g @ 1. Use Program 11.3 to find the eigenpairs of the given matrix with a tolerance of ¢ =
0= vz sin(wjt +6) | = sin(w;? +6) 1y |, 10~7. Compare your results with those obtained from the MATLAB command eig
Ug-’) sin(w;t + 6) vgj ) by entering [eig(A) diag(D)] in the MATEAB command window.
[4 3 2 1
wherewJ=\/A_j,forj=l,2,3. 3 4 3 2
Remark. These three solutions are referred to as the three principal modes of @ A= 2 3 4 3
vibration. 1 2 3 4
2. The homogeneous linear system of differential equations _gg _g§§ _é.zl‘; ?g
A= @+ xW ® A=1_125 275 225 -025
50 = —2x1(6) + 4x200) | 275 125 -025 2.25
can be written in the matrix form: (¢) A =[ay), wherea;; = {l + / 1 : ] andi, j=1,2,...,30.
! Lj 1% ]
X' = [fc;! g;] = [_; l] [ﬁ;ﬁg] = AX(r). o :
2 @ A= oyl whereay = |OSCRUF) T=T s =12, 40,
I+ij+j P £

(a) Verify that 2, [1 l]' and 3, [1 2]' are eigenpairs of the matrix A.

(b) By direct substitution into the matrix form of the system, verify that both X (1) =
e[t 1] and X(r) = €¥[1 2] are solutions of the system of differential equa-
tions.

(¢} By direct substitution into the matrix form of the sysiem, verify thar X (1) =
cre [1 l]’ + e [1 2]’ is the general solution of the system of differential

2. Use the technique cutlined in Exercise 1 and Program 11.3 to find the eigenpairs and
the three principal modes of vibration for the undamped rnass-spring systems with the
following coefficients.

(a) k=3 k=2 ks=1lm=1l,m=1m=1
b) h=thkh=}lk=im=4m=4m=4
(© k1 =02,k=04,k3=03,m =25 m;=25m3=25

equations.
Remark. If the matrix A has » distinct eigenvalues, then it will have n linearly 3. Use the technique outlined in Exercise 2 and Program 11.3 to find the general solution
independent eigenvectors. In this case the general solution of a homogeneous of the given homogeneous system of differential equations.
system of differential equations can be written as a {inzar combination: that is, (@) x, =4x;+3x+2x3+ xs
X)) =c1er'V | 428" Vo + o 4 et V. f
xy =3x1 +4x2 + 3x3 + 2xa

X:’, =2x1 4+ 3x2 + 4x3 + 3x4
Xy = X1 +2x2+3x3+4x4
b)) x]=5x1+4x2+3x3+2xa+ x5

3. Use the technique (by hand) outlined in Exercise 2 to solve each of the following
initial value problems.

x| =4x 4+ 2x; . =1 ’
(a) , with x5 = 4x) + 5xz + 4x3 + 3x4 + 2x5
xp=3x—- x x2(0) =2 ’
X3 = 3x1 + 4xa + 5x3 + 4x4 + 3x5
) x; =2x — 12x ) x;(0) =2 x;=2x1 +3x3 +4x3 + 5x4 +4x5
xp= x1— 5x2 x2(0) =2 x5 = x1+2x2+ 3x3+4x4 + 5xs
x| =x x1(0) = 1 4, Modify Program 11.3 to implement the “cyclic” Jacobi method.
© x=x3 with x2(0) =2 5. Use your program from Problen? 4 on the symeﬁc matrices ix} Problem 1. In par-
ticular, compare the number of iterations required by your cyclic program and Pro-

L — —
xy =80 — Mx2+7x3 x3(0) =3 gram 1.3 (o satisfy the given tolerance.
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Eigenvalues of Symmetric Matrices

Householder’s Method

Each transformation in Jacobi's method produced two zero off-diagonal elements, but
subsequent iterations might make them nonzero. Hence many iterations are required to
make the off-diagonal entries sufficientiy close 10 zero. We now develop a method that
produces several zero off-diagonal elements in each iteration, and they remain zero in
subsequent iterations, We start by developing an important step in the process.

Theorem 11.23 (Householder Reflection). If X and Y are vectors with the same
norm, there exists an orthogonal symmetric matrix P such that

(h Y=PX,
where
{2) P=I-2WW
and

X-Y
3 W=— .
©) X =¥,

Since P is both orthogonal and symmetric, it follows that
(4) Pl=p

Proof. Equation (3) is used and defines W to be the unit vector in the direction X }':
hence

4) WW=1

and

(6) Y=X+cW,

where ¢ = — ||X — ¥;. Since X and ¥ have the same norm, the parailelogram rule

for vector addition can be used 10 see that Z = (X +¥)/2 = X +(c/2) W is orthogonal
to vector W (sec Figure 11.4). This implies that

WX + W) =0,
Now we can use (5) to expand the preceding equation and get

¥ WX+ %w’W=W'X+§=o_
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A
'
z ]
y w Figure 11.4 The vectors W. X ¥,
< and Z involved in the Householder
N reflection.

The crucial step is to use (7) and express ¢ in the form
(8) c=-2WX).
Now (8) can be used in (6) 1o see that
Y=X+cW=X-2WXW
Since the quantity W'X is a scalar, the iast equation can be written as
% Y=X-2WWX = -2WW)X.
Luoking at (9), we sce that P = I — 2WW’. The matrix P is symmetric beciuse
P = -2WW) =I_2WWY
=1-2WW =P
The following calculation shows that P is orthogonal:
PP =(1-2WW)I-2WW)
=] —4AWW +4WWWW
=1 -4WW +4WW =1,
and the proof is complete. .
it should be observed that the effect of the mapping ¥ = PX is to reflect X
through the line whose direction is Z, hence the name Householder reflection.

Corollary 11.3 (kth Householder Matrix). Let A be an n x # matrix, and X any
vector. If & is an integer with 1 <k < r — 2, we can construct a vector Wy and matrix
Py=I- ZHIkW;C so that

" xy ( x
Xk Xk
(10) PX=Pi|xs1 | =5 =Y.
Xk+2 0
(5] Lo
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Proof. The key is to define the value S so that || X |l; = [|Y || and then invoke Theo-
rem 11.23. The proper value for S must satisfy
(iry Sz=x,f+1+xf+2-}—-'-+x5,
which is readily verified by computing the norms of X and Y:

Xla=xf+x7 4 +x;
(12) =xl 423+ 4+ x}+ 52

=Y.

The vector W is found by using equation (3) of Theorem 11.23:;

1
W=—(X -
R(X Y)

1
= E[O ... 0 (Xk+]+s) Xe+2 .- .x,,]l.

Less round-off error is propagated when the sign of § is chosen to be the same as the
sign of x4 : hence we compute

(13

(14) S = sign(xp 1) (o + X + -+ X2
The number R in (13} is chosen so that || W||, == 1 and must satisfy

R = (i1 + 8 4 xfyp + oo+ 57
(15) =215 + 7 i T xR+

= 2xp41§ + 252

Therefore, the matrix Py is given by the formula
(16) P,=1-2WW,
and the proof is complete. t,

Householder Transformation

Suppose that A is a symmetric n x n matrix. Then a sequence of # — 2 transformations
of the form PAP will reduce A to a symmetric tridiagonal rnatrix. Let us visualize
the process when n = 5. The first transformation is defined to be P A P, where P
is constructed by applying Corollary 11.3, with the vector X being the first column of
the matrix A. The general form of Py is

{1 Py =

OO0 O -
WU O
TowT ©
wwWwWT ©
- e~ e~ R )
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where the letter p stands for some element in Py. As a result, the transformation
P AP, does not affect the element aj; of A:

ag v 0 0 O
W owp w owow
(i8) PAP =] 0 w w w w|=A4,.
0 w w w w
0 w w w w

The element denoted u; is changed because of premultiplication by P, and v; is
changed because of postmultiplication by P; since A| is symmetric, we have i = v;.
The changes to the elements denoted w have been affected by both premultiplication
and postmultiplication. Also, since X is the first column of A, equation (10) implies
that u; = —§.

The second Householder transformation is applied to the matrix A defined in (18}
and is denoted P2A Py, where P4 is constructed by applying Corollary 11.3, with the
vector X being the second column of the matrix A). The form of P; is

1000 0
01000
1% P;=|0 0 p p pl,
00 ppop
00 p pop

where p stands for some element in P;. The 2 x 2 identity block in the upper-left
comner ensures that the partial tridiagonalization achieved in the first step will not be
altered by the second transformation P, A P>. The outcome of this transformation is

ap vy 0 0 0O
U1 wi vz g 0
(20) PZA]P = 0 uz wy w o w| = AZ
0 0 w w w
0 0 w w w

The elements uz and vs were affected by premuitiplication and postmultiplication
by P. Additional changes have been introduced to the other elements w by the trans-
formation.

The third Householder transformation, P3A; P3, is applied to the matrix A; de-
fined in (20), where the corollary is used with X being the third column of A;. The
form of Pjis

21 P;

I
DO O O =
OO =0
DO ~=OC
T OO O
T OCc o
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Again, the 3 x 3 identity block ensures that P3A2 P3 does not affect the elements
of A,, which lie in the upper 3 x 3 comer, and we obtain

ann [0 0 0
Hy wy 2 0

st o000
If

(22) P3AP3=| 0 wuz wy v3 As.
0 0 u3 w
0 0 0 w

Thus it has taken three transformations to reduce A to tridiagonal form.
For efficiency, the transformation P A P is not performed in matrix form. The next
result shows that it is more efficiently carried out via some clever vector manipuiations.

Theorem 11.24 (Computation of One Householder Transformation). If Pisa
Householder matrix, the transformation P A P is accomplished as follows. Let

(23) V=AW

and compute

(24) c=WYV

and

(25) Q=V-cW.

Then

(26) PAP=A-2WQ -20W.

Proof.  First, form the product
AP = A —2WW') = A-24WW'.
Using equation (23), this is written as
27) AP =A-2VW.
Now use (27) and write
(28) PAP = (I —2WW')(A-2VW').

When this quantity is expanded, the term 2(2W W'V W) is divided into two portions
and (28) can be rewritten as

(29) PAP =A —2W(WA) +2W(W' VW) = 2VW + 2W (W' V)W’
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Under the assumption that A is symmetric, we can use the identity (W' A) = (W'A") =
V. The tricky part is to observe that (W'V) is a scalar quantity; hence it can commute
freely about in any term. Another scalar identity, W'V = (W'VY’, is used to obtain
the relation W'VW = (WVYW = W/(W'V) = W(WV) = (WWVW) =
(W'VWY. These results are used in the terms of (29) in parentheses to get

G0y PAP =A-2WV 4+ 2W(WVWY —2VW +2WVWW'.
Now the distributive law is used in (30) and we obtain
3D PAP = A -2W(V' - (WVW)Y)~2(V - WVWW'.

Finally, the definition for { given in (25) is used in (31) and the outcome is equa-
tion (26), and the proof is complete. .

Reduction to Tridiagonal Form
Suppose that A is a symmetric # x n matrix. Start with

32) Ag = A

Construct the sequence Py, Pa, ..., P,_) of Householder matrices, so that

33) Ap=PrAr Py fork=12,...,n-2,

where A has zeros below the subdiagonal in columns 1, 2, ..., k. Then A, 7 is a

symmetric tridiagonal matrix that is similar to A. This process is called Householder’s
method.

Example 11.8. Use Householder’s method to reduce the following matrix to symmetric
tridiagonal form:

- N
|
)
— W=

1
1
1
2
The details are left for the reader. The constants § = 3 and R = 30!/2 = 5.477226 are

used to construct the vector

W= J%{O 521]= [0.000000 0.912871 0.365148 0.182574].

Then matrix multiplication V = AW is used to form
1
Vi=——[0-12 12 9
«/ﬁ)[ ]
=[0.000000 -2.190890 2.190890 1.643168).
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The constant ¢ = W'V is then found to be
c=—09.

Thenthe vector @ =V —cW =V + 0.9W is formed:

1
"= —[0.000000 —7.500000 13.800000 9.900000
= [0.000000 —1.369306 2.519524 1.807484].
The computation 41 = 4g — 2W Q' — 2 0W’ produces

40 =30 0.0 0.0
-30 20 -26 -18
00 -26 -0.68 —124
00 -18 -1.24 068

Al =

The final step uses the constants § = —-3.1622777, R = 6.0368737,¢c = —1.2649111 and
the vectors

W’ = [0.000000 0.000000 —0.954514 —0.298168],
V' =[0.00000C 0.000000 1.018797 0.980843],
Q' = [0.000000 ©.000000 —0.188578 0.603687].

The tridiagonal matrix 4y = A, - 2WQ' —2QW'is

4.0 -3.0 00 0.0

Ay = -3.0 20 3162278 0.0 -
0.0 3.162278 -14 02
0.0 0.0 —-0.2 1.4

Program 11.4 (Reduction to Tridiagonal Form). To reduce the # x n symmetric
matrix A to tridiagional form by using n ~ 2 Householder transformations.

function T=house (4)

%Input - A is an nxn symmetric matrix
%0utput - T is a tridiagonal matrix
(n,n)=size(4);
for k=1:n-2

%Construct W

s=norm(A(k+1:n,k});

if (A(k+1,k)<0)

s=-s5;
end
r=sqrt (2¥s* (A(k+1,k)+s));
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W(1:k)=zeros(1,k);
W(k+1)=(A(k+1,k)+s)/1;
W(k+2:n)=A(k+2:n,k) ’/1;
%Construct V
V{1:k)=zeros(1,k);
V(k+1:n)=A(k+1:n,k+1:n)*W(k+i:n)’;
%Construct Q
c=W(k+1:n)*V(k+1:n)’;
Q{1:k)=zeros{1,k);
Q(k+1:n)=V(k+1l:n)-c*W(k+1:n);
Y%Form Ak
A(k+2:n,k)=zeros(n-k-1,1);
A(k,k+2:n)=zeros(1,n-k-1);
A(k+1,k)=-g;
Ak, k+1)=-5;
A(k+1:n,k+1:n)=A(k+1:n,k+1:n) ...
-2xW (k+1:n) **Q(k+1:n)-2*G(k+1:n) **W(k+1:n);
end
T=A;

The QR Method

Suppose that A is a real symmetric matrix. In the preceding section we saw how
Householder’s method is used to construct a similar tridiagonal matrix. The QR
method is used to find all eigenvalues of a tridiagonal matrix. Plane rotations similar
to those that were introduced in Jacobi’s method are used to construct an orthogonal

matrix ¢, = @ and an upper-triangular matrix U; = U so that A; = A has the
factorization

(34) A= QU

Then form the product

(35) Ay =00,

Since @, is orthogonal, we can use (34) to see that

(36) giA =000, =U\.

Therefore, A; can be computed with the formula

37 A= Q1410

Since Q’l = lel, it follows that A is similar to A, and has the same eigenvalues. In
general, construct the orthogonal matrix @, and upper-triangular matrix Uy so that

(38) A= QUs.
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Then define
(39) Ay +1=U, 0 = Q1AL Q.

Again, we have Q) = Q,(_l , which implies that A1 and Ay, are similar. An 1mlpoxtant
co;sequenc«: is that Ay is similar to A and hence has the same structure. Specifically,
we can conclude that if A is tridiagonal then Ay is also tridiagonal for all k. Now

suppose thal A is written as

dy e
g & @
e ds
(40) A= dn2 €n-2
€n-2 dn—1 €n-1
€n—1 dn

We can find a plane rotation P that reduces to zero the element of A in location
{n,n — 1), thatis,

di e
er d ey
e dy

@1 Pra = dn-2 Gn-2 Tn2

en—2 Pn-l Gn-1
0 Pn

Continuing in a similar fashion, we can construct a plane rotation P, that wnlll
reduce to zero the element of P,_1A located in position (n — 1, n — 2). After n —

steps we arrive at

—Pl g1 n T T
0 p2 @
¢ 0 p3 - rna —v
... 1A= . -
(42) P, Pry Gn3 T3
Pn-2 gn-2 7Tn-2
0 Prn-1 Gn—1
0 g Pn i

Since each plane rotation is represented by an orthogonal matrix, equation (42} implies
that

(43) Q="P, P, P
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Direct multiplication of U by @ will produce all zero elements below the lower
second diagonal. The tridiagonal form of A, implies that it also has zeros above the
upper second diagonal. Investigation will reveal that the terms r ; are used only to
compute these zero elements. Consequently, the numbers {r 1 do not need to be stored
or used in the computer.

For each plane rotation P; it is assumed that we store the coefficients ¢ ; and s;
that define it. Then we do not need o compute and store Q explicitly; instead we
can use the sequences {c;} and {s;} together with the correct formulas to unravel the
product

(44) A;=UQ=UP,_P, ,.--P|.

Acceleration Shifts

As outlined above the QR method will work, but convergence is slow even for ma-
trices of small dimension. We can add a shifting technique that speeds up the rate of
convergence. Recall that if A; is an eigenvalue of A then A j — & is an eigenvalue of
the matrix B = A — s; 1. This idea is incorporated in the modified step

(45) A —-s5; I =U;L,;
then form
(46) A;+1=U1Q,~ fori=1,2 ..., kj,

where {s;} is a sequence whose sum is A;; thatis, A; = 5y + 52 +--- + Sk;.

At each stage the correct amount of shift is found by using the four elements in the
lower-right comer of the matrix. Start by finding 41 and compute the eigenvalues of
the 2 x 2 matrix

(47) [dn-—l e‘n—l] .

€n—i dn
They are x; and x and are the roots of the quadratic equation
(48) %2 = (dn-i + du)X + dn—1dy — €p_1en-1 =0.

The value s; in equation (45) is chosen to be the root of (48) that is closest to dn.

Then QR iterating with shifting is repeated until we have e,..; & 0. This will
produce the first eigenvalue A = 5] +52 4 - - + 54, . A similar process is repeated with
the upper n — 1 rows to obtain ¢,_, = 0, and the next eigenvalue is A5, Successive iter-
ation is applied to smaller submatrices until we obtain e; = 0 and the eigenvalue A,_;.
Finally, the quadratic formula is used to find the last two eigenvalues. The details can
be gleaned from the program.
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Example 11.9. Find the eigenvalues of the matrix

4 2 2 1
2 -3 1 1
M=15 1131

1 11 2

In Example 11.8, a tridiagonal matrix A; was constructed that is similar to M. We start
our diagonalization process with this matrix:

4 -3 0 0
A= -3 2 3.16228 @
"T1 0 316228 —14 —0.2
0 0 -0.2 1.4
The four elements in the lower right corner are d3 = —1.4, d; == 1.4, and ¢3 = —0.2 and

are used to form the quadratic equation

22— (=144 1Dx + (~1.49(1.4) — (=0.2(—0.2) = x> —2=0.

Calculation produces the roots x; = —1.41421 and x, = 1.41421. The root closest to d,
is chosen as the first shift s; = 1.41421, and the first shifted matrix is
2.58579 -3 0 0
-3 0.58579 174806 0
Ar—al=1 174806 -2.81421 —1.61421
0 1] —1.61421 -0.01421

Nenxit, the factorization A — 5,1 = @, U, is computed:

—(.65288 -0.38859 -0.55535 0.33814

o, = 0.75746 —0.33494 —0.47867 0.29145
¥1=1 0 0.85838 —0.43818 0.26610
0 0 0.52006 0.85413

—3.96059 240235 239531 @
0 3.68400 —3.47483 —0.17168
0 0 —0.38457  0.08024
o 0 0 —0.06550

Then the matrix product is computed in the reverse order to obtain

440547 279049 0O 0
279049 —4.21663 —0.33011 0
0 —0.33011 0.21024 —0.03406
0 0 —0.03406 -—0.05595

The second shift is 52 = —0.06024, the second shifted matrix is Ay — so0 = Q,U>, and

4.55257 —-2.65725 ¢ 0
-2.65725 —4.26047 0.01911 0

0 0.01911 ©0.29171 0.00003

0 0 0.00003 0.00027

X

Ay=U0,0,=

Ay =U20, =
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The third shift is 53 = 0.00027, the third shifted matrix is A 3 —53F = Q3U3, and

4.62640 253033 0 0
253033 —-4.33489 —0.00111 0
Ae=UsQy = |, —0.00111  0.29150 ©
0 0 0 0

The first eigenvalue, rounded to 5 decimal places is given in the calculation
AL =51 +52+ 53 = 1.41421 — 0.06023 + 0.00027 = 1.35425.

Next A} is placed in the last diagonal position of 44 and the process is repeated, but
changes are made only in the upper 3 x 3 corner of the matrix

4.62640 253033 0 0
Ay = 2.53033 —4.33489 —0.00111 0©
0 —0.00111  0.29150 0
0 0 0 1.35425

In a similar manner, one more shift reduces the entry in the second row and third
column to zero (to ten decimal places):

54 = 0.29150, As — gl = QU4 As =Us0,.
Hence the second eigenvalue is
Az = Ar + 54 = [.35425 + (.29150 = 1.64575.

Finally, A; is placed on the diagonal of As in the third row and colums to obiain

426081 —2.65724 0 0
Ao | —2:65724 —a55232 0 0
ST1 0 0 1.64575 0

0 0 0 1.35425

The final computation requires finding the eigenvalues of the 2 x 2 matrix in the upper-left
corner of As. The characteristic equation is

x2 — (—4.26081 + 4.55232)x + (4.26081)(—4.55232) — (2.65724)(2.65724) = 0,
which reduces to
%2 4 0.29151x — 26.45749 = 0,

The roots are x; = 5.00000 and x> = —5.29150, and the last two eigenvalues are computed
with the calculations

A3 = A2 + a1 = 1.64575 + 5.0000 = 6.64575
and

A = A2 + x3 = 1.64575 — 5.29150 = —3.64575. =
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Program 11.5 can be used to approximate all the eigenvalues of a symeﬁc tl'i(.:li-
agonal matrix. The program follows directly from the previous discussion, but with
two notable exceptions. First, the MATLAB command eig is used to find the roots
of the characteristic equation (48) of each 2 x 2 submatrix (47). Second, the QR
factorization of the matrix A; — s;I (45) is executed using the MATLAB command
[Q,R1=qr (B), which produces an orthogonal matrix Q and an upper—t.riapgular matrix
R, such that B=Q*R (readers will be asked to write their own Q R factorization program).

Program 11.5 (The @ R Method with Shifts). To approximate the eigenvalues of
a symmetric tridiagonal matrix A using the QR method with shifts.

function D=qr2(A,epsilon)

%Input - A is & symmebric tridiagonal nxn matrix
% - epsilon is the tolerance

%Output - D iz the nx! vector of eigenvalues

%Initialize parameters
[n,n)=size(A);
m=n;
D=zeros(n,1);
B=4;
while {(m>1)
while (abs(B(m,m-1))>=epsilon)

YCalculate shift
S=eig(B(m-1:m,m-1:m));
[j,kl=min([abs (B(m,m}*[1 11’-8)1);
%QR factorization of B
[Q,U]l=qr(B-8(k) *eye(m)) ;
YCalculate next B
B=U*Q+5 (k) *eye(m);
end
%Place mth eigenvalue in A(m,m)
A(l:m,1:m)=B;
YRepeat process cn the m-1 X m~1 submatrix of A
m=m-1;
B=A(1:m,1:m);
end
D=diag(A);
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Exercises for Eigenvalues of Symmetric Matrices

1. In the proof of Theorem 11.23, carefully explain why Z is perpendicularto W.
2. If X is any vectorand P = I — 2XX’, show that P is a symmetric matrix.

3. Let X be any vectorand set P = I — 2XX".
(a) Find the quantity P’ P.
(b) What additional condition is necessary in order that P be an orthogonal matrix?

Algorithms and Programs

In Problems 1 through 6 use:
{(a) Program 11.4 to reduce the given matrix to tridiagonal form.
(b) Program 11.5 to find the eigenvalues of the given matrix.

3 2 4 3 21 275 -025 -0.75 1.25
Ll2 32 2. 34 3 2 3. -025 275 1.25 ~0.75
1 2 3 2 3 43 -0.75 125 275 —0.25

: 1 2 3 4 1.25 -075 —-025 275

36 44 08 -16 -28
44 26 12 -04 08
4, 0.8 1.2 08 40 -28
—-1.6 -04 —40 12 20
-28 08 -28 20 1.8
i+j i=j L.
5. A =[aiy). wherea;; =7, . . ° andi, j=1,2,...,30
ij i #j
cos(sin(i + j)) i=j
i+ij+j i#]
7. Write a program to carry out the Q R method on a symmetric matrix.

6. A= [a,-_,-],whereaU = { andi,j = 1,2,, ..,40<

8. Modify Program 11.5 to call your program from Problemn 7 as a subroutine. Use this
modified program to find the eigenvalues of the matrices in Problems 1 through 6.



Appendix:
An Introduction to MATLAB

This appendix introduces the reader to programming with the software package MAT-
LAB. It is assumed that the reader has had previous experience with a high-level pro-
gramming language and is familiar with the techniques of writing loops, branching
using logical relations, calling subroutines, and editing. These techniques are directly
applicable in the windows-type environment of MATLAB.

MATLAB is a mathematical software package based on matrices. The package
consists of an extensive library of numerical routines, easily accessed two- and three-
dimensional graphics, and a high-level programming format. The ability to quickly
implement and modify programs makes MATLAB an appropriate format for exploring
and executing the algorithms in this textbook.

The reader should work through the following tutorial introduction to MATLAB
(MATLAB commands are in typewriter type). The examples illustrate typical inptt
and output from the MATLAB Command Window. To find additional information
about commands, options, and examples, the reader is urged to make use of the on-line
help facility and the Reference and User’s guides that accompany the software.

Arithmetic Operations

+ Addition

- Subtraction

* Multiplication
/ Division

- Power

pi, e, 1 Constants

608
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Ex. >>{(2+3*pi)/2
ans =
5.7124

Built-in Functions

Eelow is a short list of some of the functions available in MATLAB. The following ex-
ample illustrates how functions and arithmetic operations are combined. Descriptions
of other available functions may be found by using the on-line help facility.

abs (#) cos(#) exp (#) log(#) loglQ(#) cosh(#)

sin(#) tan(#) sqrt(#)  floor(#) acos(#) tanh (#)
Ex. >>3%cos(sqrt(4.7))

ans =

-1.6869

The default format shows approximately five significant decimal figures. Entering the
command format long will display approximately 15 significant decimal figures.
Ex. >>format long
3*cos(sqrt(4.7))
ans =
-1.68686892236893

Assignment Statements

Variable names are assigned to expressions by using an equal sign.
Ex. >»>a=3-flcor(exp(2.9))
a=
-15

A semicolon placed at the end of an expression suppresses the computer echo (output).
Ex. >>b=sin(a); '
>>2%b"2

ans=
0.8457

Note: b was not displayed.

Defining Functions

‘In MATLAB the‘ user can define a function by constructing an M-file (a file ending
in .m} in the M-file Editor/Debugger. Once defined, a user-defined function is called
in the same manner as built-in functions.
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Ex. Place the function fun(x) = 1 + x — x2/4 in the M-file fun.m. In the
Editor/Debugger one would enter the following:
function y=fun(x)
y=1+x-x."2/4;
We will explain the use of “. ~” shortly. Different letters conld be used for the variables
and a different name could be used for the function, but the same format would have
10 be followed. Once this function has been saved as an M-file named fun.m, it can be
called in the MATLAB Command Window in the same manner as any function.
>>cos(fun(3))
ans=
-0.1782
A useful and efficient way to evaluate functions is to use the feval command. This
command requires that the function be called as a string.
Ex. >>feval{’fun’,4)
ans=
1

Matrices

All variables in MATLAB are treated as matrices or arrays. Matrices can be entered
directly:

Ex. >>A=[1 2 3;4 5 6;7 8 9]

A=
123
456
7889

Semicolons are used to separate the rows of a matrix. Note that, the entries of the
rnatrix must be separated by a single space. Alternatively, a matrix can be entered
row by row.

Ex. >»A={1 2 3
456
7 8 9]
A=
123
456
789
Matrices can be generated using built-in functions,
Ex. >>Z=zeros(3,5); creates a 3 x 5 matrix of zeros
>>X=ones(3,5); creates a 3 X 5 matrix of ones
>>Y=0:0.5:2 creates the displayed 1 x 5 matrix

Y=
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0 0.5000 1.0000 1.5000 2.0000

>>cos(Y) creates a | x 5 matrix by taking the
cosine of each entry of ¥
ans=
1.0000 0.8776 0.5403 0.0707 -0.4161

‘The components of matrices can be manipulated in several ways.

Ex. >>A(2,3) select a single entry of A
ans=
6
>>A(1:2,2:3) select a submatrix of A
ans=
23
E 6
>>4(f1 31,01 31 another way to select a submatrix of A
ans=
13
79
>>A(2,2)=tan(7.8); assign a new value to an entry of A

Additio_nal commands for matrices can be found by using the on-line help facility or
consulting the documentation accompanying the software.

Matrix Operations

+ Addition

- Subtraction

* Multiplication

- Power

’ Conjugate Transpose

Ex. >B=[1 2;3 4];

;>C=B ' C is the transpose of B
13
24

>>3% (B*C) "3 3(BC)?

ans=

13080 29568
29568 66840
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Array Operations

One of the most useful characteristics of the MATLAB package is the number of func-
tions that can operate on the individual elements of a matrix. This was demonstrated
earlier when the cosine of the entries of a 1 x 5 matrix was taken. The matrix oper-
ations of addition, subtraction, and scalar multiplication alreacdy operate elementwise,
but the matrix operations of multiplication, division, and power do not. These three op-
erations can be made to operate elementwise by preceding thern with a period: . %, ./,
and . ~. It is important to understand how and when to use these operations. Array op-
erations are crucial to the efficient construction and execution of MATLAR programs
and graphics.

Ex. >>»A={1 2;3 4];

>>472 produces the malrix product A4
ang=
7 10
16 22
>>4.,72 squares each entry of A
ans=
14
9 16
>>cos(A./2) divides each entry of 4 by 2, then tahes
the cosine of each entry
ans=
0.8776 0.5403
0.0707 -0.4161
Graphics

MATILAB can produce two- and three-dimensional plots of curves and surfaces. Op-
tions and additional features of graphics in MATLAB can be found in the on-line fa-
cility and the documentation accompanying the software,

The plot command is used to generate graphs of two-dimensional functions. The
following example will create the plot of the graphs of y =cos(x) and y = cos2(x)
over the interval [0, 7).

Ex. »>x=0:0.1:pi;

»>y=cos(x);

»>z=cos(x}."2;

>>plot(x,y,x,z,%0?)
The first line specifies the domain with a step size of 0.1. The next two lines define the
two functions. Note that, the first three lines all end in a semicolon. The semicolon is
necessary to suppress the echoing of the matrices x, y, and z on the command screen.
The feurth line contains the plot command that produces the graph. The first two terms
in the plot command. x and y, plot the function y = cos(x). The third and fourth
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terms, x and z, produce the plot of ¥ = cos*{x). The last term, ’o’, results in 0’s
being plotted at each point (x;, z) where zx = cos?(xk).

In the third line the use of the array operation . *” is critical. First the cosine of
each entry in the matrix x is taken, and then each entry in the matrix cos (x) is squared
using the .~ command.

The graphics command £plot is a useful alternative 10 the plot command. The
form of the command is fplot (*name’, [a,bl,n). This command creates a plot of
the function name .m by sampling » points in the interval [a, b]. The default number
for n is 25.

Ex. >>fplot(’tanh’, [-2,2]) plots y = tanh(x) over [-2, 2]
The plot and plot3 commands are used to graph parametric curves in two- and three-
dimensional space, respectively. These commands are particularly useful in the visu-
alization of the solutions of differential equations in two and three dimensions
Ex. The plotofthe ellipse c{t) = (2cos{t), 3sin(t)), where 0 < ¢t < 2, is produced
with the following commands:
>>t=0:0.2:24pi;
>>plot(2#cos(t),3*sin(t))
Ex. The piot of the curve c(¢) = (2 cos(z}, £2,1/1), where 0.1 < t < 4w, is pro-
duced with the following commands:
>>t=0.1:0.1:4%pi;
>>plot3(Z*cos(t),t.72,1./t)
Three-dimensional surface plots are obtained by specifying a rectangular subset of the
domain of a function with the meshgrid command and then using the mesh or surf
commands to obtain a graph. These graphs are helpful in visualizing the solutions of
partial differential equations.
Ex. »>x=-pi:0.1:pi;
>>y=x;
>>[x,y]=meshgrid(x,y);
>>z=sin(cos (x+y));
>>mesh(z)

Loops and Conditionals

Relational Operators

== Equal to

“= Not equal to

< Less than

> Greater than

<= Less than or equal to
>= Greater than or equal to
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Logical Operators

- Not (Complement)

& And (True if both operands are true)

| Or (True if either or both operands are true)
Boolean Values

1 True

0 False

The for, if, and while statements in MATLAB operate in a manner analogous to their
counterparts in other programming languages. These staiements have the following
basic form:
for (loop-variable = loop-expression)
executable-statements
end

if (logical-expression)
executable-statements
else (logical- expression)
executable-statements
end

while (while-expression}
executable-statements
end
The following example shows how to use nested loops to generate a matrix. The
following file was saved as a M-file named nest.m. Typing nest in the MATLAB
Command Window produces the matrix A. Note, when viewed from the upper-left
comer, that the entries of the matrix A are the entries in Pascal’s triangle.

Ex. for i=1:5
AL, 1)=1;A(1,1)=1;
end
for i=2:5
for j=2:5
A(d,5)=A01,j-1+AG-1,3);
end
end
A
The break command is used to exit from a loop.

Ex. for k=1:100
x=sqrt (k) ;
if ((k>10)&(x-floor (x)==0))
break
end

APPENDIX: AN INTRODUCTION TO MATLAB 615

end
k
The disp command can be used to display text or a matrix.
Ex. n=10;
k=0;
while k<=n
x=k/3;
disp([x x~2 x~3]1)
k=k+1;
end

Programs

An efficient way to construct programs is to use user-defined functions. These func-
tions are saved as M-files. These programs allow the user to specify the input and
output parameters. They are easily called as subroutines in other programs. The fol-
lowing example allows one to visualize the effects of moding out Pascal’s triangle with
a prime number. Type the following function in the MATLAB Editor/Debugger and
then save it as an M-file named pasc.m.

Ex. function P=pasc(n,m)
%Input - n is the number of rows
% - m is the prime number
%0utput — P is Pascal’s triangle

for j=i:n
P{(j,1)=1;P(1,j)=1;
end
for k=2:n
for j=2:n
P(k,j)=rem(P(k,j-1) ,m)+rem(P(k-1,3j),m);
end
end

Now in the MATLAB Command Window enter P=pasc(5,3) to see the first five rows
of Pascal’s triangle mod 3. Or try P=pasc (178, 3) ; (note the semicolon) and then type
spy (P) (generates a sparse matrix for large values of n).

Congclusion

Al this point the reader should be able to create and modify programs based on the
algorithms in this textbook. Additional information on commands and information
regarding the use of MATLAB on your particular platform can be found in the on-line
help facility or in the documentation accompanying the software.
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Secant Method (Convergence) [9, 35, 40, 41, 153, 160]

Software for Numerical Analysis [32, 52, 82, 84, 95, 97, 98, 124, 125, 15
158, 159, 160, 178] , 124, 125, 150, 151, 152,
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Answers to Selected Exercises

Section 1.1 Review of Calculus

1.

3.
4.
5.

6.
7.

9.

10.

11.
15.

16.

@ L =2, (&nl = {557 - imaecc € =0

@c=1-+2

(@ M =-5/4, My =5
(8) c=0

@c=1

c=4/3

(8) x2cos(x}
(@ c=+/13/3

(ay 2 (b 1
13:1/3, apply the Mean Vaiue Theorem for Integrals
Let the n roots of P(x) be xg, x1, ..., xn—1. Yenfy that the hypotheses of the

Generalized Rolle’s Theorem are satisfied. Therefore, there exists ¢ € (a, b)
such that P"~D(r)y = 0.

Section 1.2 Binary Numbers

1.

(a) The computer’s answer is not 0 because 0.1 is not an exact binary fraction.
(b) 0 (exactly)
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C@ 21 (o) 254 6. (a) P(2.72) = (272 = 32722 +3(2.72) - 1 = 20.12 — 22.19 4+ 8.16 — 1

2
3. (a) 0.84375  (c) 0.6640625 =-207-816-1=609 - 1=509

4 () 14140625 0QR.72) = (272- 21243272 -1 = (—028)2.72 + 3)2.72 — |
5

6

3 40625 — 0.000151062 =(-0.76164+3)2.72 — 1 = (2.238)2.72 — 1 = 6.087 — 1
. (a) V2~ 141 = 0.

= 5.087
- (@) 1011Lwo  (€) 101111010 R(2.72) = (272 = 1)® = (1.72)° = 5.088
7. (@) 001 Mo {€) 0.1001111o 7. (a) 0.498  (b) 0.499
—_ B2
8. (a) 0.0001 e (€} 0.00Lwo 9. (@) 1}1 ~costh) =2+ h+ —h’ + O(h*)
9. (a) 0.006250000. .. 2,
3 i b ——costmy =148+ "=+ 4 o
11.Usec:ﬁu|ndr=%t()gn:t5=I_T,E=-5 e = 3 3
13. () 1 = 0.00ilwo x 27" = 0100l x 27 Section 2.1 Iteration for Solving x = g(x)
2
1 2 0110Lwe x 272 = 0.01101ge x 27! L (a) g € C[0. 11, g maps [0, 1] onto [3/4, 1] € [0, 1], and [g'(x) = | — x/2I =
; 70 x/2<1/2 < 1 on|0,1]. Therefore, the hypotheses of Theorem 2.2 are satisfied
S 010001 1ewo x and g has a unique fixed point on [0, 1].
£~ 0100l x 270 = 0.1000we x2° 2. () g = 4+8-2=20) =4 +16-8=4
_ (b} po=19 Eg=0.1 Ry = 0.05
Loa 01011 272 = 0.0010] Iy x 277
L 0-10H o two = _, p1=1795 E{ = 0.205 Ry = 0.1025
™ 01018 o x 277 ]0.1100w0_ p2 = 15689875  F2=04310125  Ra=0.21550625
14. (8) 10 = 101 jppee (¢) 421 = 120121 ppee pi= 104508911  £3 =095491089  R; = 0477455444
15. (@) 3 =Clgree (B) 3 = 0.Tppree (e) The sequence in part (h) does not converge to P = 2. The sequence in part (c)

converges to P = 4,
16. (a} 10 = 20g.. (¢) 721 = 1034145,

i 4. P =2.g'(2) = 5, iteration wiil no: converge to P = 2.
17. (b) § = 0250

. P = 2nm where n is any integer, g'( /) = 1: Theorem 2.3 gives no irformation
regarding convergence.

o

Section 1.3 Error Analysis 9. (@) g(3) = 0.5(3)+ 1.5 =3

1. (a) x = 2.71828182, % = 2.7182, (x — %) = 0.00008182, (¢) Proof by mathematical induction. If n = 1, then |P — pj| = iP — pyi/2".
(x — X)/x = 0.00003010, four significam digits by part (b). Induction hypothesis: Assume that [P — py| = 'P — py;/2¥. Show
| 1 I | 292 807 statement is true forn = & + 1:

I = S = ().2553074428 = §,

2 443 + $52h 7 4773 1,146.880 b [P — pesil = |P ~ pi /2 (by part (b))
P p=000 178.(p = P/ p = 0K % = (P — pgl/2)/2 (induction hypothesis)

3. (a) p— p2 = 1.414 4 0.09125 = 1.505, p; p2 = (1.414)(0.09125) = 0.1290 — 1P — pyis2tH.

4. The error involves loss of significance. o '

0.70711385222 — 0.70710678119 _ 0.00000707103 i L Eom
@) 0.00001 = ~Gaoeoor 0707103 10. (a) 'p‘l;‘ "”" =|2 =1
k41 L]
5. (&) In((x +2)/x) orIn(l + ! /x) (e) cos(2x) + 7
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Section 2.2 Bracketing Methods for Locating a Root

L. Ip=(0.11+0.12)/2=0.115 A(0.115) = 254,403
I =(0.11 +0.115)/2 = 0.1125 A(0.1125) = 246,072
I =(0.1125+ 0.115)/2 = 0.11375 A(0.11375) = 250,198

3. There are many choices for intervals [a, #] on which f (@) and f (b) have opposite
sign. The following answers are one such choice.

(@} f(1) < Oand F(2) > 0, so there is a root in {1, 2]; also f(—1) < O and
F{(=2) > 0, so there is a root in [—2, —1].

(¢} f(3) <0and f(4) > 0, so there is a root in {3, 4].
4. cp = —1.8300782, c; = —1.8409252, c; = —1.8413854, c; = —1.8414048

6. co = 3.6979549, | = 3.6935108, c2 = 3.6934424, c3 = 3.6934414
1. Find N such that Z—2 <5 x 10°°.

14. The bisection method will never converge (asseming that ¢, # 2)tox = 2.

Section 2.3 Initial Approximation and Convergence Criteria

1. There is a root near x = —0.7. The interval [—1, 0] could be used.
3. There is a root near x = 1. The interval [—2, 2] could be used.

5. There is one root near x = 1.4. The interval [1, 2] conld be used. There is a
second root near x = 3. The interval [2, 4] could be used.

Section 2.4 Newton-Raphson and Secant Methods

2
- S ke
L@ pe=glp-1y= 5 ——-
(b) po= —1.5, p1 = 0.125, p = 2.6458, ps = 1.1651
3 @ pr=g(pr-1) = %Pkfl + %
®) po=2.1, p1 = 2.075, p» = 2.0561, p3 = 2.0421, ps = 2.0316
5. (@) pr = g(pr—1) = Px—1 + cos(pr—1)

7. @ g(pi—1) = pi_/(pr-1— 1

®) po= 020 (¢) po=20.0
p1 =—0.05 p1 = 21.05263158
p2 = —0.002380953 p2 = 22.10250034
p3 = —0.000005655 p3 = 23.14988809
p4 = —0.000000000 pq = 24.19503505
Jim, pi =00 i, pe = oc

8. pg = 2.6, p| = 2.5, p; = 2.41935484, p3 = 2.41436464
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14. No, because f’(x) is not continuous at the root p = §. You could also try com-
puting terms with g{px—1) = —2p;— and see that the sequence diverges.

x2—a (l _ (x? —a)Z)_l _ x(x? + 3a)

22. (a) g(x)=x— 7 202x)2 3x2 44

15x +.ﬂ
54 3x2
p1 = 2.2352941176, p; = 2.2360679775, p3 = 2.2360679775

244x +2x2+ 53
b) g(x) = "——
) () 3+ 4x 4+ 2x2

p1 = —2.0130081301, p; = —2.0000007211, p; = —2.0000000000

g(x) =

Section 2.5  Aitken’s, Steffensen’s, and Muller’s Methods

2. (a) A2Pn = A(APr) = A(Pr+1 = P} = (Prt2 = Pntt) — (Prt1 — Pu)
=pnt2 = 2nt1 + o =20+ 22 + 1 - 2Q2m + 1) + 1)
+2nP +1=4

6. pn=1/(4" +477)

n Pn gn Aitken’s
0f 0s —0.26437542
1| 0.23529412 | —0.00158492
2 | €.06225681 | —0.00002390
31 0.01562119 | —0.00000037
4 ( 0.00390619

5 | 0.00097656

7. g(x) = (6+x)!/?

n Pn qn Altken’s

25 3.00024351
2.91547595 | 3.00000667
2.98587943 | 3.00000018
2.99764565 ; 3.00000001
2.99960758
299993460

[T O N =]
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9. Solution of cos(x) — 1 = 0. 6 © ay =1 j=i _ i =i _ .
n | pn Steffensen's Pl i i—ij4j it v
ol 05 Section 3.2 Properties of Vectors and Matrices
1| 0.24465808
2 | 012171517 1. AB = [_'“ _12], BA = [_15 10]
3 | 0.00755300 13 24 —-12 =20
4| 0.00377648 2 _5
5 | 000188824 3. (@) (ABC=ABO) =] a0 s
6 | 0.00000003 !
—_ - 5. {(a) 33 {¢) The determinant does not exist because the matrix is not square.
8. (ABYB'A™1) = ABB HA™! = (ADA™! = AA™! = I. Similarly,
11. The sum of the infinite series is § = 99. (B 'A"1WAB) = I. Therefore, (AB)y ! = B~1AL.
10. {a) MN by M(N—-1)
n Sn Tn - ~
I -1 2
1| 699 98.9999988 4. XX’ =[6], XX=|-1 1 -2
2| 1.9701 99.0000017 § 2 =2 4
3| 2.940399 98.9999988
4 | 3.90099501 | 98.9999992 Section 3.3 Upper-triangular Linear Systems
5| 4.85198506
6| 5.79346521 1. x) =2, x0=-2,x3=1,x4=3,and det A = 120
S5.x1=3,xx=2,x3=1,x4=—1,anddetA = —-24
13. The sum of the infinite series is § = 4. Section 3.4 Gaussian Elimination and Pivoting
15. Mulier’s method for f(x) = x3 —x — 2. Lx=-3x=2x=1
5. y=5—3x+2x?
n Pn fpn) ’ g’
10. X = ],xz = 3,).‘3 = 2,.’(‘4 =-=2
(1) }g _?272 15. (a) Solution for Hilbert matrix A:
5 1:4 ——0:656 X = 25,_‘x'2 = -300,x3 = 105-0, x4 = —1400, x5 = 630
3| 1.52495614 | 0.02131598 (b) Solution for the other matrix A:
4| 1.52135609 | —0.00014040 x1 = 28.02304, x; = —348.5887, x3 = 1239.781
5| 1.52137971 | —0.00000001 x4 = —1666,785, x5 = 753.5564
Section 3.5 Triangular Factorization
Section 3.1 Introduction to Vectors and Matrices L(@Y=[-4123], X=[-321]
! = ! — 3\
L@ (1.4 () G.-12 (© ©.-12) @ 5 (o (26,72 ® Y : [220 391 o x'=[s 07 ]
s - - 1 ¢l[-5 2 —1
) —38 @ 2/1463 3. @ 1 0 3| == | ~02 1 0O 0 04 28
2. 6 = arccos(—16/21) =~ 2.437045 radians 31 6 —06 55 1 0 0 -10
3. (@) Assume that X, ¥ # 0. X - Y = 0iff cos(d) = 0iff 6 = 2n + DF iff X 5Y=[8-6122], X=[3-112]

and ¥ are orthogonal. MY =[286121], X' =[3121]
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6. The triangular factorization A = LU is

10 0 011 1 o 4
2 1 o oflo -3 5 _s
L=t s 1 ollo 0 -4 —10
-3 -1 175 1{lo 0 o0 -75

Bection 3.6 Iterative Methods for Linear Systems

(b) Gauss-Seidel Fteration

1. (a} Jacobi iteration
Py =(3.75,1.8)
P, =(4.2,1.05)
P3 =(4.0125,0.96)
Iteration will converge to (4, 1).

3. (a) Jacobi iteration

Pi=(-1,-1)
Py = (—4,-4)
P =(-13,-13)

The iteration diverges away
from the solution P = (0.5, 0.5).

5. (a) Jacobi iteration
Py =(2,1.375,0.75)
Py = (2.125, 0.96875, 0.90625)
P = (2.0125, 0.95703125, 1.0390625)
{teration will convergeto P = (2, 1, 1).
(b) Gauss-Seidel iteration
P; = (2,0.875, 1.03125)

P = (3.75,1.05)

Py = (4.0125,0.9975)

P53 = (3.999375, 1.000125)
Iteration will converge to (4, 1).

(b) Gauss-Seidel iteration

Py =(~1,—4)

P = (—13, =40)

Py =(-121, -361)

The iteration diverges away

from the solution P = (0.5, 0.5).

Py = (1.96875, 1.01171875, 0.985257813)
Py = (2.00449219, 0.99753418, 1.0017395)

Iteration will convergeto P = (2,1, 1),

9. (15): 1X|l; = 30, 1%l = Oiff [xz| =Ofork =0,1,..., Niff X =0

(16): leX iy = X lexkl = X, [elixk] =

Section 3.7 Iteration for Nonlinear Systems

1-(a)x=0,y=0 (1:)x=0’y=2nn—

lel 300 1%kl = lel 1X 1)

2@ x=4y=-2 © x=0,y=02n+ r/2

ANSWERS TO SELECTED EXERCISES 639
1—x y/4 —-0.1 0.5
5 Jx, )= . I 1,2.0) =
JG.y) [(1 -0 @ y)/,z] J1.1.20 [-0.0;5 o.o]
Fixed-point iteration Seidel iteration
k P qi P 9k
0 1.1 2.0 1.1 2.0
1 1.12 1.9975 112 1.9964
2 1.1165508 1.9963984 1.1160016 1.9966327
5] 1.1155151 1.9966032 1.1165151 1.9966032
7.0=x2—y -02,0=y2-x~-03

Py Solution of the linear system: J(Py)dP = —F(Py) Pr+dP

1.2 24 -1.07[-0.00756307 0.04 1.192437]

1.2 —10  24)| 00218487 | " |-0.06 1,221849 |
1.192437 2.384874 —1.07 [-0.0001278 _ 0.0000572 1.192309
1.221849 —1.0 2.443697 —0.0002476 | — ~ [ 0.0004774 1.221601

(a) Therefore, (p1, q1) = (1.192437, 1.221849) and
(P2, g2) = (1.192309, 1.221601).

Py Solution of the linear system: J(Py) 4P = —F(P) P, +dP
-0.2 —04 ~10][-0.0904762] _ [ 0.04 —0.290476:
—0.2 -1.0 -04 0.0761905 | — —0.06 —0.123809:

—0.2904762 —0.5809524 —1.0]]0.0044128 . 0.0081859 =0.286063:
—0.1238005 ~1.0 -~0.2476190([0.0056223 | ~ |0.0058050 -0.118187.

(b) Therefore, (p1, q1) = (—0.2904762, —0.1238095) and
(p2, g2) = (—0.2860634, —0.1181872).

8. (b) The values of the Jacobian determinant at the solution points are | J (1, 1}| =

0 and [J(~1, -1)[ = 0. Newton's method depends on being able to solve a
linear system where the matrix is J( Pnsqn) and {p,, g,) is near a solution. For
this example, the system equations are ill conditioned and thus hard to solve with
precision. In fact, for some values near a solution we have J Ceo, vo) = 0, for
example, J(1.0001, 1.0001) = 0.

12. (a) Note: As with derivatives, we have %(cf(x, )= cga—f(x, ¥). F(X) was
X

defined as F(X) = [fi(x1...., %) -+~ fm(x1, ..., xa)]'; thus, by scalar multipti-
cation, cF(X) = [cfi(x1, ..., %a) - cfmCtt, ... x)]s JEF X)) = Lk I
where jip = %(cf,- (X1,.-.,x9)) = caﬁ-(xl s+ ., Xp). Therefore, by the def-
inition of scalar multiplication, we have J(cF(X)) = ¢J (F(X)).
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Section 4.1 Taylor Series and Calculation of Functions

1. (a) Ps(x)=x—x>/3'+x%/5!
Pix)y=x — x3/30 4+ X3 /51 —x7T 7
Po(x) = x — x3 /30 + £ /51 — x7 /71 + x° /9!
(b) |Eo(x)}| = | sin(c)x'®/10! < (1)(1)!%/101 = 0.0000002755
(© Ps(x)=2""2(1+ (x —7/4) — (x — 7/4?/2 = (x ~ 2/D)3/6
+ (x — /424 4+ (x — /4y /120)
3. Atxg = 0 the derivatives of f(x) are undefined. But at xo = 1 the derivatives are
defined.
5 P3(0) =140 —x2/2403=1—-x%2
8. (@) fD=2f (=14 "D =—4 O =%
Pi(x) =2+ (x —2)/4 — (x — 2)2/64 + (x — 2)3/512
(b)Y P3(1) = 1.732421875; compare with 3'/2 = 1.732050808

(© fP0x) = =152 + x)"7/2/16; the minimum of | f*(x)| on the interval
1 < x < 3 occurs when x = 1and |F¥(x)| < |F@ ()] < 37772(15/16) =~

3 4
0.020046. Therefore, |E5(x)] = SO0 = 0,00083529

13. (d) P3(0.5) = 0.41666667
Ps(0.5) = 0.40468750
Py(0.5) = 0.40553230
In(1.5) = 0.40546511

14. (d) P>(0.5) = 1.21875000
P4(0.5) = 1.22607422
Ps(0.5) = 1.22660828
(1.5)172 = 122474487

Section 4.2 Introduction to Interpolation

1. (a) Use x =4 and get b3 == —0.02, b» = 0.02, b; = —0.12, by = 1.18. Hence
P4)=1.18.
(b) Use x = 4 and get d» == —0.06, d, = —0.04, dp = —0.36. Hence P'(4) =
—(.36.
(c) Use x = 4 and get iy = —0.005, i3 = 0.01333333, i = —0.04666667,
i1 = 1.47333333, ip = 5.89333333. Hence /{4) = 5.89333333, Similarly, use
x =1 and get /(1) = 1.58833333.
f;‘ P(x)dx = 1(4) — I(1) = 5.89333333 — 1.58833333 = 4.305
(d) Usex = 5.5 and get b3 = —0.02, by = —0.01, by = —0.255, by = 0.2575.
Hence P(5.5) = 0.2575.
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Section 4.3 Lagrange Approximation
1. (@) P(x)= —I(x(—O]w/o()?l —;))) +0 =x(+0 =X
x —0)(x — x+ Dix —0)
= -1 -
®) Fox) Ci-oci-n °ta +1)(1 -0
=-050)x~ D) +05@) x4+ 1) =02 +x+0=1x
(x)(x - Dix —2) {(x+ Dx)(x —2)
= -1 0
© B ~D-2)(-3) @
(x+ D(x)(x— 1) 3 2 3
——————— 0 - =
| B0 x74+0x"4+0x+0=x
@ Pix)=1(x (—)2()/:_12; 2) -E 8(x - 1)/2-1=Tx—6
_ xHx - -1 2_.
() Pr(x) =0+ 0D +8 om = 3x°—2x
5. (¢} f™®(c) = 120(c—1) for all ¢; thus E3(x) = 5(x + D(x)(x —3)ix —4)(c— 1)
10. | f@(c)f < | = sin(1)] = 0.84147098 = M,
(a) h2M>/8 = h?(0.84147098)/8 < 5x10~7

12. (a) z=3—-2x+4y

Section 4.4 Newton Polynomials
. Pix)=4—-(x-1)
Px)=4—x-D+04x - Dx-3)
Py(x) = Po(x) +001(x = )(x = 3)(x — 4)
Pa(x} = P3(x) — 0.002(x — )(x — 3)(x —4)(x — 4.5)
P1(2.5) = 2.5, Py(2.5) = 2.2, P3(2.5) = 2.21125, P4(2.2) = 2.21575
5 fx)y=32)
Pax) = 154+ 15+ 1)+ 075(x + D{x) + 0.25(x + D(x)(x — 1)
+0.0625(x + 1)(x}x — 1}(x — 2)
Pi(1.5) = 5.25, P»(1.5) = 8.0625, P3(1.5) = 8.53125, P4(1.5) = 8.47265625
T JFx)=13.6/x
Pe(x) =36 — 1.8(x — 1)+ 0.6(x — I}(x —2) — 0.15(x — D{(x — 2){x — 3)
4+ 0.03(x — D{(x — 2M{x — 3} x — 4)
P1(2.5) = 0.9, P,(2.5) = 1.35, P3(2.5) = 1.40625, £4(2.5) = 1.423125

Section4.5 Chebyshev Polynomials

9. (a) In(x + 2) ~ 0.69549038 + 0.49905042x — 0.14334605x2 + 0.04909073x3
() | F ¥ )/ (23AN) < | — 6]/(23(41) = 0.03125000
11. (@) cos{x) ~ 1 —0.46952087x2
) |3 00)|/23Y) < 1sin(1/22(3N) = 0.03506129
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13. The error bound for Taylor’s polynomial is 11. (@) y = 1.6866x, Ex(f) ~ 1.3
y = 0.5902x>, £2(f) ~ 0.29.  This is the best fit.

® in(1
7 8,(x) < [s";f N _ 0.00002087.
’ ’ Section 5.2 Curve Fitting

The error bound for the minimax approximation is

® in(1) 1. (a) 1644 +20C = 186
0l ¢ 1sDE_ 6 00000016 208 _
B TE 04  + 4C= 26

y =0.875x2 — 1.70x +2.125 = 7/8x2 — 17/10x + 17/8

3. (@) 15A+5B = —-0.8647
5A+5B= 4.219

Section 4.6 Padé Approximations

1 1 1
1. 1=po, 1 +aq =pu5+aq =0,q =-3pn=3

e =R =2+x)/2—x) o
1 2 2 1 y = 3.8665¢~05984x F,( £y~ 0.10
3.]: - 2 15= Ty T2 ==, = —-, . p—
po. 3 +2q1/ P tn/3=0q 0 s 6.
5.1=po,14+q1 =p1, 3 ;|- a1+ q: = pa. Using Eiri:'manon Mmmuzmlgoi)e;sl squares
LA i} =
. gtz ta=0 @ 2301810807 1 4+ 4.2131—1.0455
First solve the system :
LI LTI 5000 5000
) 124 + 61+ 2 ? ®) 1+ 8.99910.81138¢ 1+ 8.9987. 081157
Therqi=—3 2= A=5n=g 18. (a) 14A + 15B +8C = 82
1 " -
7. (@) 1 = Po, 5 + g1 = pi. % +q1/3+q2 = p2. 15A+ 19B +9C =93
17 2q @ =0 8A+ 9B+ 5C =49
. st T3 = A=24,B=12C =38yieldsz = 2.4x + 1.2y + 3.8.
First solve the system
62 174, 2q 0
4 2835 + 315 + 5 Section 5.3 Interpolation by Spline Functions
1 1 1
T'henql"'—‘g_sqz_és Pi "—_6’ p2 = as. 4. h0= i d0=—2
Section 5.1 Least-squares Line h=3 d=1 up =18
1. (a) 10A+0B= 7 =3 d=-20 “2=—12‘:
0A+5BE=13 Solve the system [;m] +an2 __ 15 togetm) = %IIT‘I‘ and my = —%.
y = 0.70x + 2.60, E2(f) ~ 0.2449 ™ 40 T' N L _Tt bic sline i
2, (a) 404 +0B = 58 en mg = — 151 and m3 = £32. The cubic spline is
0A+5B =312 129, 5 230 ) .
y= 1.45x +6.24, Ez(f) P 0-8958 So(x)z m(x’{'.}) —Ta'i'(x +‘3) ""(.x+3,'+2 "‘3 Sx 5—2
5 5 274 5 157 . 9
3.0 Yomon/ ) xf=869/55=158 Sy =G + 2T+ G +D -+ —2sx 5l
k=1 k=1 779 117 72
) = g -1 - G- D242 -D+3 1<x<4

y = 1.58x, Ex(f) ~ 0.1720 2727 101
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5 ho=1 dyg=-2
hi=3 dy=1 uy =18
ho=3 do=-=2/3 uy=-10
8my +3mx =18 82 134
Solve the syste! togetm) = 55 and m2 = — 5.
e the system 3y + 12my = —10 o getm = 35 and m2 o
Set mg = 0 = m3. The cubic spline is

a1 , 215
So(x)—':B—7(x+3) -'8—7(X+3)+2 -3<x<-2
41

_ 19 3 2 92
$i) =~ 0+ D+ 5+ D - @+ —2sxs]

67 3 67 2, 76
Sz(x)—:T—s-a"(xﬁl) *8—7(4‘5—1) +§7(1—1)+3 1<x=<4
S, ho=1 dp=-2
k=3 d=1 u; =18
hy=3 dy=-2/3 uy=-10
28 Bpy —
Solve the system | 3 m + 3mp =18 to getm; = 22 andmy = —3.

Omy + 18my = —10

Then mgy = '—633—7 and m; = —-%. The cubic spline is
L 5 187 , 841
So(x) = :52(I+3) +%(x+3) — -2-5—5(x+3)+2 —3<x<-2
_x 5 263 . 17
Si(x) = 252(x+2) +252(x+2) 21(J\:+?.') —-2<x=1
37 3 5 » 125 )
Sz(x)——isi(x—l) —-ﬁ(x—l) + 84(x—1)+3 l<x<4

Section 5.4 Fourier Series and Trigonometric Polynomials
L f) = # (sin(x) + S 4 0G0 4 sl 4. )
3 =245, ( =L —'-) cos(jx) — T2, (LJ'L’) sin(jx)
5 fry=2% (sin(x) - J:—Mn;x + —S-rlsmssjr - *s'—":,zi) + - )

K —)it! i x
12. fx)=6+ ;‘:% ol (L—'},i) cos (=L3—)
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Section 6.1 Approximating The Derivative

1. f(x) = sin(x)

Approximate f'(x), Error in the Bound for the
h formula (3) approximation truncation error
0.1 0.695546112 0.001160597 0.001274737
0.01 0.696695100 0.000011609 0.000012747
0.001 0.696706600 0.000000109 0.000000127

3. f(x) =sin(x)

Approximate f’(x}, Ezror in the Bound for the
h formula {10) approximation truncation error
0.1 0.696704390 0.000002320 0.000002322
0.01 0.696706710 =0.000000001 0.000000000

5. f(x)=x(a) f/(2) ~12.0025000 (b) f'(2) ~ 12.0000000
(c) For part (a): O(h?) = —(0.052F%(c)/6 = —0.0025000. For part (b):
0 (1% = —(0.05)* FP(c)/30 = —0.0000000

7. fOx,y)=xy/(x+y)
@) fe(x,y)= (/(x+yN% f:(2,3) =036

Approximation 0 Error in the

h fx(2,3) apprroximation
0.1 0.360144060 =0,000144060
0.01 0.360001400 —0,000001400
0.001 0.360000000 0,000000000

frle, )= G/ +y0% (2,3 =0.16

Approximation to Error in the
h (2, 3) approximation
0.1 0.160064030 —0.000064030
0.01 0.160000600 —0.000000600
0.001 0.160000000 0.000000000

10. (a) Formula (3) gives //(1.2) ~ —13.5840 and E(1.2) = 11.3024. Formula (10)
gives I'(1.2) ~ —13.6824 and E (1.2) = 11.2975.
(b) Using differentiation rules from calculus, we obrain / (1.2) = —13.6793 and
E(1.2) = 11.2976.
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12.
App. f(x), Error in the Equation (19), total error bound
h equation (17) | approximation |round-off} + {trunc.|
0.1 --0.93050 —0.00154 0.00005 + 0.00161 =0.00166
0.0t -0.93200 —0.00004 0.00050 + 0.00002 =0.00052
0.001 | —0.93000 —0.00204 0.0050¢ + 0.00000 = 0.00500

15. f(x) = cos(x),f® (x) = - sin(x)
Use the bound | f©(x)| < sin(1.4) & 0.98545.

App. f'(x), Error in the Equation (24), total error bound

h equation (22) | approximation |round-offi + |trunc.|
0.1 —0.93206 0.00002 0.00008 + 0.00000 = 0.00008
0.01 —0.93208 0.00004 0.00075 + 0.00000 = 0.00075
0.001 | -0.92917 —0.00287 0.00750 + 0.00000 =0.00750

Section 6.2 Numerical Differentiation Formaulas
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Section 7.1 Introduction to Quadrature

1. (a) f(x) =sin(wx) trapezoidal rule 0.0
Simpson’s rule 0.666667
Simpson’s § rule 0.649519
Boole’s rule 0.636165
() f(x) =sin(y/x)  trapezoidal rule 0.420735
Simpson’s rule 0.573336
Simpson’s 3 rule 0.583143
Boole’s rule 0.593376
2. (a) f(x)=sin(mx) Composite trapezoidal rule 0.603553
Composite Simpson rule 0.638071
Boole’s rule 0.636165
(b) f(x) = sin(/x) Composite trapezoidal rule 0.577889
Composite Simpson rule 0.592124
Boole’s rule 0.593376

647

9. (a)

1. f{x)=In(x)

(a) £7(5) =~ —0.040001600  (b) f"(5) =~ —0.0400079500
(c) f"(5) = —0.039999833 @ f(5) = —0.04000000 = —1/52
The answer in part (b) is most accurate.

. fx) =In(x)

(a) f7(5)~0.0000 () f"(5)~ —0.0400

(c) f"(5) ~0.0133 @ f"(5) = —0.0400 = —1/52

The answer in part (b) is most accurate.

(@) fx)=x2, f"(1} =~ 2.0000
M) f(x)=x% (1)~ 12.0002

x )
0.0 0.141345
0.1 0.041515
0.2 | —-0.058275
0.3 | —0.158025

Section 7.2 Composite Trapezoidal and Simpson’s Rule

1.

(a) F(x) = arctan(x), F(1} — F(—1) = m/2 ~ 1.57079632679

(iy: M =10,k = 0.2, T(f, h) = 1.56746305691, E7(f, h) = 0.00333326989
(ii): M =5,k = 0.2, S(f, k) = 1.57079538809, E5(f, k) = 0.00000093870

(©) F(x) =2x, F&) - F(§) =3

(): M =10,k = 0.375, T(f, h) = 3.04191993765,

ET(f, h) = —0.04191993765

(H): M = 5,h = 0.375, S(f. h) = 3.00762208163, £s( f, k) = —0.00762208163

. (@) [l vT+9x%dx = 1.54786565469019

(@): M = 10, T(f, 1/10) = 1.55260945
@) M =5, S(f, 1/10) = 1.54786419

. @) 27 f; X*VT+9x%dx = 3.5631218520124

@: M =10,T(f, 1/10) = 3.64244664
(ii): M =35, S(f, 1/10) = 3.56372816

8. (a) Use the bound | f®(x)| = | — cos(x)! < | cos(0)| = 1, and obtain
(/3 — OhH/12 < 5 x 1072; then substitute b = 7/(3M) and get 7°/162 x
108 < M2, Solve and get 4374.89 < M, since M must be an integer, M = 4375
and h = 0.000239359.

9. (a} Use the bound | £ (x)| = | cos(x)}| < | cos(0)| = 1, and obtain

((r/3—0)h*) /180 < 5x 107, then substitute k = 7/(6M) and get 7> /34,992 x
107 < M*; since M must be an integer, M = 18 and & = 0.029088821.
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10.
M h TR |Er(fh) = O
1102 0.1990008 0.0006660
2 | o1 0.1995004 0.0001664
4 | 005 | 0.1996252 0.0000416
8 ) 0.025 | 0.1996564 £.0000104
16 | 0.0125 | 0.1996642 0.0000026

Section 7.3 Recarsive Rules and Romberg Integration

1. (a) .
/| RLO | RO | kWD)
0 | ~0.00171772 .l
1 0.02377300 | o,ozizzow)i
2 | 060402717 ' 0.79744520 | 0.8484569]
(c) :
J R(J,0) P R(J.D | R(J,2)
0] 288 !
1 2.10564024 | 1.84752031
2 178167637 | 1.67368841 1.66208962

10. (ii) For fol X dx, Romberg integration converges slowly because the higher
derivartives of the integrand f(x) = /X are not bounded near x = 0.
Section 7.5 Gauss-Legendre Integration (Optional)
L [y6:°dr =64 (b} G(/,2) = 58.6666667

3. [ sin(r)/rdr = 0.9460831  {b) G(f,2) = 0.9460411
6. @) N=4 () N=6

Do) _ Fidy
8. If the fourth derivative does not change too much, then |j [ 3(‘:')' | / 90“") !.

The truncation error term for the Gauss-Legendre rule will be less than the trun-

cation error term for Simpson’s rule.

Section 8.1 Minimization of a Function

L fy=40 82— llx+5; fx)=12x2 — 16x — 11;
locat mintma at x = 15-
(d) Fix) =e/2% f/(x) = e (x — 2)/x3; local minima at x = 2
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7.@) flr.y)=x+3y —3x-3y+5
folr, ) =3x2 =3, fulx, ) = 3¥* =3
Critical points: (1, 1), (1, =1, (=1, 1), (=1. =D)
Local minimum at (1, 1)
(© f(x,y)=xy+xy’ —3xy
Felr vy =2xy + ¥ = 3y, fylr. y) = x7 + 2xy — 3x
Critical points: (0, 0}, {0, 3), (3.0},(1, 1)
Local minimum at (I, 1)

11. “Reflecting” the triangie through the side BG implies that the terminal poinis
of of the vectors W. M. and R all lie on the same line segment. Thus, by the
definition of scalar multiplication and vector addition, we have R — W = 2(M —
WyorR=2M - W.

Section 9.1 Intreduction to Differential Equations

by L= 5. (b) L =60

v~ 273 is not continuous when 1 = 0,

1.(b) £.=1 3.

10. (¢) No, because fyi/, y) =
and limy_,q fy(r, y) = o<,

13, y(r) =13 — cos(t) + 3
15. y(t) = f5 e~ ds
17. (0} v(1) = yge~0-000120968 (c) 2808 years  (d) 6.9237 secends

Section 9.2 Euler’s Method

1. (a)
o o h=01)| wh=02)
3.0 1 1
01, 0.50000
22! 081100 0.80000
031 0.7339
041 0.66951 0.64800
3. ()
f ;o wth=00| y =02
0.0 1 | 1
0.1 1.00000 |
0.2 0.99000 - 1.00000
0.3 0.97020
0.4 0.94109 0.96000
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6. Piy1 = Pi+ (0.02P; — 0.00004P)10fork = 1,2,...,8.
k Yk (d4yr ~ yu)/3
Py 1 1.732422
Actual population | Euler rounded at | Euler with more 12 1.682121 1.665354
Year | 1 atg, P() each step digits carried 1/4 1.672269 1.668985
1900 | 00 76.1 76.1 76.1 1/8 1.670076 1.669345
1910 | 10.0 92.4 89.0 89.0035
1.669385
1920 | 200 106.5 103.6 103.6356 1/16 1.669558
1930 | 30.0 123.1 120.0 120.0666 1/32 1.669432 1.669390
1940 | 40.0 1326 138.2 138.3135 1/64 1.669401 1.669391
1950 | 50.0 152.3 158.2 158.3239
1960 | 60.0 180.7 179.8 179.9621 ’ iy .
1970 | 70.0 204.9 202.8 203.0000 8.y = fit,y) = 1.5y, f,(1.1) = 0.5y%3. £, (0, 0) does not exist.
1980 | 80.0 226.5 226.9 227.1164 The LV.P. is not well-posed on any rectangle that contains (0, 0).

9. No. For any M, Euler's method produces 0 < y; < y2 < -+ < yu. The Section 9.4 Taylor Series Method

mathematical solution is y(¢)} = tan(t) and y(3) < Q. 1. (a)
e | (=010 | wh=02)
Section 9.3 Heun’s Method 0 1 1
0.1 0.90516
0.2 0.82127 0.82127
@ 03 0.74918
| =01 | » th=02) 04 0.68968 0.68968
i] 1 1
0.1 0.90550 3. (a)
0.2 0.82193 0.82400 n | w=0n| ne= 0.2)
0.3 0.75014
0.4 0.6%093 0.69488 0 1 1
0.1 0.99501
0.2 (.98020 0.98020
0.3 0.96000
3. (2 04| 092312 0.92313
e { yyth=01) | yp(h=02) -
6. Richardson improvement for the Taylor solution ¥’ = (z — y)/2 over [0, 3] with
o ; : y(0) = 1. The table entries are approximations to y{3).
0.1 0.99500
0.2 098107 0.98000
03| 0955% h Yk (16yy — yap)/13
04 0.92308 0.92277 l | 6701860
1/2 1.6694308 1.6693805
1/4 1.6693928 1.6693903
1/8 1.6693906 1.6693905

7. Richardson improvement for solving y' = (¢t — ¥)/2 over [0, 3] with y(0) = 1.
The table entries are approximations to y(3).
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Section 9.5 Runge-Kutta Methods
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2. (a) h; =0.5,x1 = 0.85414295
hy = 0.25, xy = 0.93524622, x> = 0.83762911

Section 10.1 Hyperbolic Equations

1. (a)

% | yth=01) | yp =(h=02)
0 1 1
0.1 0.90516
02| 082127 0.82127
03| 074918
04 0.68968 0.68969

© 3. (a)
g | =01} | =(h=02)
0 1 1
0.1 0.99501
0.2 0.98020 0.98020
0.3 0.95600
04| 092312 0.92312

Section 9.6 Predictor-Corrector Methods
1. ys = 0.82126825, y5s = 0.78369923
3. yq = 0.74832050, y5 = 0.66139979
4. ys = 0.98247692, y5 = 0.97350099
T. ya = 11542232, ys = 1.2225213

Section 9.7 Systems of Differential Equations
1. @ (x5, y1) = (~2.5500000, 2.6700000)
(x2, y2) = (—2.4040735, 2.5485015)
(B (x1, y1) = (—=2.5521092, 2.6742492)
5 ® =y
¥ = 1.5x + 2.5y + 22.5¢%
() x; =2.03,x; =217
(d) x; = 2.0875384

Section 9.8 Boundary Value Problems
2. No; g(1) = -1/¢2 < O forall ¢ € [0.5, 4.5].

Section 9.9 Finite-difference Method
1. (a) h) =0.5,x; = 7.2857149
hy = 0.25, x; = 6.0771913, x; = 7.2827443

4,
Ij X2 x3 x4 X5
0.0 | 0.587785 | 0.951057 | 0.951057 | 0.587785
0.1 | 0.475528 § 0.769421 | 0.769421 | 0.475528
0.2 | 0.181636 | 0.293893 | 0.293893 | 0.181636
5.
i X2 X3 x4 x5
0.0 | 0.500 | 1.000 | 1.500 | 0.750
0.1 | 0.50¢ | 1.000 | 0.875 ( 0.800
0.2 0.500 | 0.375 | 0.300 | 0.125
Section 10.2 Parabolic Equations
3.
x1=00] x2=02 x3=04| x4=06| x5=08 | xs =10
0.0 0.587785 | 0.951057 | 0.951057 | 0.587785 |} 0.0
0.0 0.475528 | 0.769421 | 0.769421 | 0.475528 { 0.0
0.0 0.384710 | 0.622475 | 0.622475 | 0.384710 | 0.0
Section 10.3  Elliptic Equations
1. (@) ~4p1+ p2+ p3 = —80
p1—4p + pa=-10
4 —4p3+ ps=—160

P2+ p3—4ps=-90
(b) p1 =41.25, py = 23.75, p3 = 61.25, ps = 43.75
5. (@) upy; +uyy=2a+2c=0,ifa=—c

6. Determine if 4 (x, ¥} = cos(2x) + sin(2y) is a solution, since it is also defined on
the interior of R; that is, uxx + uyy = —4cos(2x) — 4sin(2y) = —4(cos(2x) +
sin(2y)) = —4u.

Section 11.1 Homogeneous Systems: The Eigenvalue Problem

1. (a) |[A -] = AM_3r—4= 0 implies that A} = —1 and A2 = 4. Substituting
each eigenvalue into |4 — AI| = 0 and solving gives V| = [—1 1] and V3 =
[2/3 1], respectively.



654 ANSWERS TO SELECTED EXERCISES

10. If » = 2 is an eigenvalue of A corresponding to the vector V, then AV = 2V.
Prerlnultiply both sides by A!: AT'AV = A~'2V) or V = 247V, Thus
ATV = 1KV,

Section 11.2 Power Method

L (A—a)V=AV-alV =AV —aV = AV —-aV = (A —a) V.Thus (A —a),
V is an eigenpairof A —af.

5. @) |A- 11| = {‘3'3 _gg’ -0
~02 03 0 ~02 03 0

(b) 02 —03 0 0 0 O]’ thus —0.2x+0.3y = 0.
Let y = t, then x = 3/2. Thus the eigenvectors associated with . = 1 are
{r[3/2 1] :r e R, 1 £0).

(¢) The eigenvector from part (b) implies that in the long run the 50,000 members

of the population will be divided 3 to 2 in their preference for brands X and ¥,
respectively; that is, [30,000 20,000]'.

is equivalent to

Section 11.3  Jacobi’s Method

3. (a) The eigenpairs of A = l:; f
general solution is X () = c1e™[2 1]' + cze™#[~1/3 1]’. Set t = 0 to solve

for c; and cy; thatis, [1 2]' = ¢;[2 1] +ca[~1/3 1] Thus¢; = 0.7143 and
cy = 1.2857.

]are.s, [2 1], and ~2,[~1/3 1]. Thus the

Section 11.4 Eigenvalues of Symmetric Matrices

X._ .
1. From (3) we have W = W—_{’Hz and, from Figure 114, Z = %(X + ¥,
Taking the dot product,

X-Y 1 (X-Y)-(X+Y)
()X 4+ Y= = "7/
x—vp 2% = T oo,
=JK-X+X~Y—Y~X—Y‘Y__||X||2—||Y||2__0
20X - Y|, ToAx-YN,

since X and ¥ have the same norm.
2, PP=(I-2XX"Y =" =-2XXY=I-2X'YX'=I-2XX'=P

Index

A
Accelerating Convergence
Aitken’s process, 90, 99 (#10-#14)
Newton-Raphson, 71, 82, 88 (#23),
176
Steffensen’s method, 90, 95
Adam-Bashforth-Moulton method, 474,
482
Adaptive Quadrature, 382, 387
Aitken’s process, 90, 99 (#10-#14)
Approximate significant digits, 25
Approximation of data
least-squares curves, 211, 257
least-squares line, 255, 258
least-squares polynomial, 271, 274
Approximation of functions
Chebyshev polynomial, 230, 233,
238, 240
Lagrange polynomial, 207, 211, 213,
217,238
least squares, 255, 257, 271
Newton polynomial, 220, 224, 227
Padé approximation, 243, 246
rational functions, 243
splines, 280, 281, 285, 293
Taylor polymomials, 8, 26, 31, 189

Augmented matrix, 126, 129

B

Back substitution, 121, 123, 136

Backward difference, 334

Basis, 557

Binary numbers, 13, 17, 19

Binomial series, 197 (#14)

Bisection method, 53, 54, 59

Bolzano's method, 53

Boole’s rule, 344, 372, 375, 380 (#3. #4),
389 (#3)

Boundary value problems, 497, 503, 505,
510

Bracketing methods, 51, 33

C
Central difference, 313, 314, 329, 340 (#7,
#8)
Characteristic polynomial, 559
Chebyshev nodes, 232
Chebysha2v polynomial
interpolation, 230, 233, 238, 240
minimization, 233
nodes, 234
Chopped number, 27

Note: Numbers in parentheses refer to problem numbers in exercises.
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Ca, b}, 3
Composite Simpson’s rule, 350, 354, 359,
363
Composite trapezoidal rule, 350, 354, 358,
363
Computer accuracy, 21
Continuous function, 3
Convergence
acceleration, 82, 87 (#21—#23), 90,
92,95
criteria, 62, 66
global (local), 62
linear, 76, 77, 90
Newton-Raphson, 77, 82, 87 (#21,
#23)
order of, 32, 75
quadratic, 76, 77, 82, 87 (#21, #23)
sequence, 3
series, 8, 99 (#10—+#14)
speed, 75
Carrector formula, 475, 477
Crank-Nicholson method, 531, 535
Cube-root algorithm, 86 (#11)
Cubic spline
clamped, 284, 285, 293
natural, 284, 285

D
D’ Alembert’s solution, 519
Deflation of eigenvalues, 578
Derivative
definition, 5, 311
formulas, 204, 313, 322, 329, 333,
505, 517, 527, 538
higher, 329, 333, 505
partial, 325 (#7), 517, 527, 538
polynomials, 204, 334, 336
Determinant, 113, 114, 123, 151
Difference
backward, 334
central, 313, 314, 329, 340 (#7, #8)
divided, 223
finite-difference method, 505, 510,
514,517, 527, 539
forward, 334, 341 (#13)
table, 224
Difierence equation, 505, 517, 527, 531,
539
Differential equation

Adams-Bashforth-Moulton method,
474, 482
boundary value problems, 497, 503,
505, 510
Crank-Nicholson method, 531, 535
Dirichlet method for Laplace’s equa-
tion, 549
Euler’s method, 433, 437, 440
existence-uniqueness, 430
finite-difference method, 505, 510,
514, 517, 527, 539
forward-difference methad, 528, 533
Hamming’s method, 484
Heun’s method, 443, 445, 448, 465
higher-order equations, 490
initial value problem, 428, 430, 487,
498
Milne-Simpson method, 477, 483
medified Euler method, 465
partial differential equations, 514,
516, 526, 538
predictor, 474, 477
Runge-Kutta method, 458, 461, 466,
468, 488, 502
Runge-Kutta-Fehlberg method, 466,
469
shooting method, 498, 503
stability of solutions, 478, 481
Taylor methods, 451, 452, 455
Digit
binary, 14, 17, 19
decimal, 14, 19, 22
Dirichlet method for Laplace’s equation,
549
Distance between points, 103, 162
Divided differences, 223
Division
by zero, 74, 77
synthetic, 10, 200
Dot product, 103
Double precision, 22
Double root, 75, 77, 87 (#21)

E
Eigenvalues
characteristic polynomial, 559
definition, 559
dominant, 568
Householder's method, 594

INDEX

inverse power method, 573, 575, 576
Jacobi's method, 581
power method, 568, 570, 573, 576
QR method, 601, 606
Eigenvectors
definition, 559
dominant, 568
Elementary row operations, 126
Elementary transformations, 125

"Elliptic equations, 538

Endpoint constraints for splines, 284
Epidemic model, 442 (#9)
Equivalent linear systems, 125
Error
absolute, 24
bound, (89, 194, 213
computer, 21, 27, 135
data, 36, 203, 316
differential equations, 437, 445, 452,
462, 475, 477, 519
differentiation, 313, 314, 316, 318
integration, 344, 358, 359, 377
interpolating polynomial, 189, 213,
238
loss of significance, 28
propagation, 32
relative, 24, 66
root mean square, 253
round-off, 27
sequence, 3
stable (unstable), 33
subtractive cancellation, 28
truncation, 26, 313, 314
Euclidean norm, 103, 162, 163
Euler formulas, 299
Euler’s method, 433, 437, 440
global error, 437
meodified, 465
systems, 488
Even functicn, 300
Exponential fit, 263
Extrapolated value, 199
Extrema, 400, 404
Extreme Value Theorem, 4

F
False position methed, 56, 60
Final global error, 437, 445, 452, 462
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Finite difference method, 505, 510, 514,
517, 527,539
Fixed-point iteration, 42, 49, 173
error bound, 46
Floating-point number, 21, 22
accuracy, 21
Forward difference, 334, 341 (#13)
Forward difference method, 527, 528, 533
Forward substitution, 125 (#2)
Fourier series, 299
discrete, 304
Fractions, binary, 17
Fundamental theorem of calculus, 6

G
Gauss-Legendre integration, 389, 392, 394
Gauss-Seidel iteration, 159, 161, 164
Gaussian elimination, 123, 128, 143, 150
back substitution, 121, 123
computational complexity, 147
LU factorization, 141, 143, 150
multipliers, 127, 129
pivoting, 127, 131
tridiagonal systems, 140 (#1), 166
(#3), 284, 506, 599
Generalized Rolle’s theorem, 6, 198 (#20)
Geometric series, 16, 51
Gerschgorin’s circle theorem, 566
Golden ratio search, 401, 412
Gradient, 412, 420
Graphical analysis
fixed-point iteration. 47
Newton’s method, 70, 78, 79
secant method, 80

H
Halley’s method, 87 (#22)
Hamming’s method, 484
Heat equation, 515
Helmholtz’s equation, 538, 548
Heun’s method, 443, 445, 448, 463
Higher derivatives, 329, 333
Hilbert matrix, 139 (#15)
Hooke's law, 262 (#1)
Homer’s method, 10, 200
Householder's method, 594
Hyperbolic equations, 516

I
ll-conditioning
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least-squares data fitting, 134
matrices, 133, 139 (#15)
Initial value problern, 428, 430, 487, 498
Integration
adaptive quadrature, 382, 387
Boole’s rule, 344, 372, 375, 380 (#3,
#4), 389 (#3)
composite rules, 350, 354, 358, 363
cubic splines, 296 (#12)
Gauss-Legendre integration, 389,
392,394
midpoint rule, 366 (#12), 381 (#11}
Newton-Cotes, 344
Romberg integration, 373, 375, 377,
378, 381 (#11)
Simpson’s rule, 344, 353 (#9), 354,
359, 363, 370, 380 (#6), 387
Trapezoidal rule, 344, 354, 358, 363,
368, 377
Intermediate Value Theorem, 3
Interpolation
Chebyshev polynomials, 230, 233,
238, 240
cubic splines, 281, 285-287, 293
error, polynomials, 8, 31, 189, 211,
213, 238
extrapolation, 199
integration, 296 (#12), 344
Lagrange polynomials, 207, 211, 213,
217,238
least squares, 255, 271
linear, 207, 219 (#12), 255, 277 (#17),
280
Newton polynomials, 220, 224, 227
Padé approximations, 243, 246
piecewise linear, 280
pelynomial wiggle, 273
rational functions, 243
Runge phenomenon, 236
Taylor polyncmials, 8, 26, 31, 189,
313,329
trigonometric polynomials, 297, 303,
306
Iteration methods
bisection, 53, 54, 59
fixed point, 42, 49, 173, 544
Gauss-Seidel, 159, 161, 164
Jacobi iteration, 156, 161, 163
Mauller, 92, 97

Newton, 70, 82, 84, 88 (#23), 176,
179

partial differential equations, 546

regula falsi, 56, 60

secant, 80, 34, 87 (#20)

Steffensen, 92, 95

J
Jacobi iteration for linear systems, 156,
161, 163
Jacobi’s method for eigenvalues, 581, 590
Jacobian matrix, 170, 176

L
Lagrange polynomials, 207, 211, 213, 236
Laplace’s equation, 538, 549
Least-squares data fitting
data linearization, 266
linear fit, 255, 258, 260 (#7), 277
(#17)
nonlinear fit, 257, 266, 274
plane, 277 (#17, #18)
polynomial fit, 271, 274
root-mean-square error, 253
trigonometric polyromials, 297, 303,
306
Length of a curve, 364 (#2)
Length of a vector, 103, 162, 163
Limit
function, 2
sequence, 3
series, 8
Linear approxirnation, 219 (#12), 255, 258,
277 (#17), 280
Linear combination, 103, 499
Linear convergence, 76, 77, 90
Linear independence, 557
Linear least-squares fit, 255, 258, 260 (#7),
277 (#17)
Linear system, 114, 121, 128, 143, 152,
156, 163
Linear systems of equations
back substitution, 121, 123, 136
forward substitution, 125 (#2)
Gaussian elimination, 125, 128, 143,
150
LU factorization, 141, 143, 150
tridiagonal systems, 140 (#1), 166
(#3), 284, 506, 599

INDEX

Linear systems, theory
matrix form, 111, 114, 127, 141
nonsingular, 114

Lipschitz condition, 430

Location of roots, 68

Logistic rule of population growth, 276

(#6, #7)

Loss of significance, 28

Lower triangular determinant, 123

LU factorization, 141, 143, 150

M

Machine numtbers, 20

Maclaurin series, 243

Mantissa, 20, 22

Markov process, 579 (#3)

Matrix
addition, 107
augmented, 126, 129
determinant, 113, 114, 123, 151
diagonalization, 563
eigenvalue, 559
eigenvector, 559
equality, 106
Hilbert, 139 (#15)
identity, 112
ill-conditioned, 133, 139 (#15)
inverse, 112, 114
lower triangular, 120, 125 (#2), 143
1.U factorization, 141, 143, 150
multiplication, 110, 112, 143, 150
nonsingular, 112
norm, 566
orthogonal, 565, 594
permutation, 148, 150

singular, 113

strictly diagonalty dominant, 160,
162, i63

symmetric, 109 (#6), 565, 581, 590,
594

transpose, 104, 108 (#5), 270
triangular, 120, 125 (#2)
tridiagonal, 140 (#1), 166 (#3), 284,
506, 599
Mean of data, 260 (#4, #5, #6)
Mean value theorems
derivative, 5, 45
integrals, 6

intermediate, 3
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weighted integral, 7
Midpoint rule, 366 (#12), 381 (#11)
Milne-Simpson method, 477, 483
Minimax approximation, Chebyshev, 231,
233,238
Minimum
golden ratio search, 401, 412
gradient method, 412, 420
Nelder-Mead, 405, 414
Modified Euler method, 465
Muller’s method, 92, 97
Multiple root, 75, 82, 87 (#21, #23)
Muitistep methods
Adams-Bashforth-Moulton method,
474, 482
Hamming’s method, 484
Milne-Simpson method, 477, 483

N
Natural cubic splines, 284, 285
Near-minimax approximation, 231, 233.
238
Nelder-Mead, 4053, 414
Nested Multiplication, 10, 221
Neumann boundary conditions, 541, 545
Newton divided differences, 223
Newton polynomial, 220, 224, 227
Newton systems, 176, 179
Newion’s method
multiple roots, 75, 82, 87 (#21, #23)
order of convergence, 77
Newton-Cotes formulas, 344
Newton-Raphson formula, 82, 84, 88 )
(#23), 176, 179
Nodes, 203, 207, 211, 213, 234, 344, 389
Norm
Euclidean, 103, 162, 163
matrix, 566
Normal equations, 255
Numerica] differentiation, 313, 314, 320,
329,333
backward differences, 334
central differences, 313, 314, 329,
340 (#7, #8)
error formula, 313, 314, 316, 318
forward differences, 334, 341 (#13)
higher derivatives, 329, 333
Richardson extrapolation, 320
Numerical integration
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adaptive quadrature, 382, 387

Boole’s rule, 344, 372, 375, 380 (#3,
#4), 389 (#3)

composite rules, 350, 354, 358, 363

cubic splines, 296 (#12)

Gauss-Legendre  integration, 389,
392, 394

midpoint rule, 366 (#12), 381 (#11)

Newton-Cotes, 344

Romberg integration, 373, 375, 377,
378, 381 (#11)

Simpson’s rule, 344, 353 (#9), 354,
359, 363, 370, 380 (#6), 287

Trapezoidal rule, 344, 354, 358, 363,
368. 377

(0]
o™, 29, 32, 214, 313, 314, 329, 333,
373, 377, 437, 445, 452, 461,
475, 477, 505, 517, 527, 538
Odd function, 301
Optimization
golden ratio search, 401, 412
gradient method. 412, 420
Nelder-Mead. 405. 414
Optimum step size
differential equations, 466, 476, 479
differentiation, 316, 317
integration, 358, 382
interpolation, 213, 234
Order
of approximation, 29, 32, 214, 313,
329, 333, 373, 377
of convergence, 32, 75
Orthogonal polynomials, Chebyshev, 238

P
Padé approximation, 243, 246
Parabolic equation, 526
Partial derivative, 517, 527, 538
Partial differential squations, 514, 516,
526, 538
elliptic equations, 538
hyperbolic equations, 516
parabolic equations, 526
Partial pivoting, 133
Periodic function, 298
Piecewise
continuous, 298

cubic, 281
linear, 280
Pivoting
element, 127
row, 127
strategies, 131, 133
Plane rotations, 115, 581
Poisson’s equation, 538, 548
iPolynomials
calculus, 204
characteristic, 559
Chebyshev, 230, 233, 238, 240
derivative, 204, 334, 336
interpolaticn, 204, 207, 210, 211,
217, 224, 227, 238
Lagrange, 207, 211, 213, 236
Newton, 220, 224, 227
Taylor, 8, 26, 31, 189, 313, 329
trigonometric, 297, 303, 306
wiggle, 273
Power method, 568, 570, 573, 576
Predator-prey model, 495 (#13)
Predictor-corrector method, 474
Projectile motion, 73, 442 (#8), 450 (#6)
Propagation of error, 32

Q
QR method, 606
Quadratic convergence, 76, 77, 82, 87
(#21, #23)
Quadratic formula, 39 (#12)
Quadrature
adaptive quadrature, 382, 337
Boole’s rule, 344, 372, 375, 380 (#3,
#4), 389 (#3)
composite rules, 350, 354, 358, 363
cubic splines, 296 (#12)
Gauss-Legendre  integration, 389,
392,394
midpoint rule, 366 (#12), 381 (#11)
Newton-Coies, 344
Romberg integration, 373, 375, 377,
378, 381 (#11)
Simpson’s rule, 344, 353 (#9), 354,
359, 363, 370, 380 (#6), 387
Trapezoidal rule, 344, 354, 358, 363,
368, 377

INDEX

R
Radioactive decay, 432 (#17)}
Rational function, 243
Regula falsi method, 56, 60
Relative error, 24, 66
Residual, 167 (#5), 253
Richardson
differential equations, 449 (#7), 456
(#6), 471 (#7)
numerical differentiation, 320, 322
nurnerical integration, 375
Rolle’s theorem, 5, 6, 198 (#20), 212, 219
(#13)
Romberg integration, 373, 375, 377, 378,
381 (#11)
Root
location, 68
multiple, 75, 82, 87 (#21, #23)
of equation, 53, 75
simple, 75, 77, 87 (#22)
synthetic division, 10, 200
Root finding
bisection, 53, 54, 59
Muller, 92, 97
multiple roots, 75, 82, 87 (#21, #23)
Newton, 82, 84, 88 (#23), 176, 179
guadratic function, 39 (#12)
regula falsi, 56, 60
secant, 80, 84, 87 (#20)
Steffensen, 92, 95
Root-mean-square error, 253
Rotation, 115, 581
Rounding error. 27
differentiation, 313, 314, 316, 318
floating point number, 21
Row operations, 127
Runge phenomenon, 236
Runge-Kutta methods, 458, 461, 466, 468,
488, 502
Fehlberg method, 466, 469
Richardson extrapolation, 471 (#7)}
systems, 488

S
Scaled partial pivoting, 133
Schur, 563
Scientific notation, 19
Secant method, 80, 84, 87 (#20)
Seidel iteration, 174, 179

661

Sequence, 3, 41
convergent, 3
error, 3
geometric, 16, 51
Sequential integration
Boole, 372, 375
Simpson. 370, 375
trapezoidal, 369, 375, 377
Series
binomial, 196 {#10)
convergence, 8, 99 (#10-#14), 189,
194
geometric, 16, 51
Maclaurin, 243
Taylor, 8, 26, 31, 189, 313, 329
Shooting method, 498, 503
Significant digits, 25
Similarity transformation, 582
Simple root, 75, 77, 87 (#22)
Simpson’s rule, 344, 353 (#9), 354, 359,
363, 370, 387
three-eighths rule, 344, 353 (#9), 380
(#6)
Single precision, 22
Single-step methods, 474
Slope methods, 70, 80, 84
SOR method, 545
Spectral radlius theorem, 566
Splines
clamped, 284, 285, 293
end constraints, 284
integrating, 296 (#12)
linear, 280
natural, 284, 285
Square-root algorithm, 72
Stability of differential equations, 478, 481
Steepest descent, 412, 420
Steffensen’s method, 92, 95
Step size
differential equations, 466, 476, 479
differentiation, 316, 318
integration, 358, 382
interpolation, 213, 234
Stopping criteria, 58, 62 (#13)
Successive over-relaxation, 545
Surface area, 364 (#3)
Synthetic division, 10, 200
Systems
differential, 487
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linear, 114, 121, 123, 128, 136, 143,
150, 156, 163
nonlinear, 167, 174

T
Taylor series, 8, 26, 31, 189, 313, 329
Taylor's method, 451, 452, 455
Termination criterion

bisection method, 58

Newton's method, 84

regula falsi method, 58, 60

Romberg integration, 378

Runge-Kutta method, 469

secant method, 84
Transformation, elementary, 125
Trapezoidal rule, 344, 354, 358, 363, 369,

3

Triangular factorization, 141, 143, 149
Trigonometric polynomials, 297, 303, 306
Truncation error, 26, 313, 314

U
Unimodal function, 402
Unstable error, 33
Upper-triangularization, 136, 150

v
Vectors
dot product, 103
Euclidean norm, 103, 162, 163

w
Wave equation, 516, 519
Weights, for integration rules, 344, 393
Wiggle, 273

Z
Zeros
of Chebyshev polynomials, 232
of functions, 53, 75
root finding, 40, 51, 70, 90, 167, 174
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