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Chapter 1

Introduction (from a signal
processing point of view)

Let f(¢) be a real-valued function defined on the real line R and square integrable:

/O:o fA(t)dt < oo.

Think of f(¢) as the value of a signal at time ¢. We want to analyze this signal in
ways other than the time-value form ¢ — f(t) given to us. In particular we will
analyze the signal in terms of frequency components and various combinations of
time and frequency components. Once we have analyzed the signal we may want
to alter some of the component parts to eliminate some undesirable features or to
compress the signal for more efficient transmission and storage. Finally, we will
reconstitute the signal from its component parts.
The three steps are:

e Analysis. Decompose the signal into basic components. We will think of
the signal space as a vector space and break it up into a sum of subspaces,
each of which captures a special feature of a signal.

e Processing Modify some of the basic components of the signal that were
obtained through the analysis. Examples:
1. audio compression
2. video compression
3. denoising



4. edge detection

e Synthesis Reconstitute the signal from its (altered) component parts. An
important requirement we will make is perfect reconstruction. If we don’t
alter the component parts, we want the synthesized signal to agree exactly
with the original signal. We will also be interested in the convergence prop-
erties of an altered signal with respect to the original signal, e.g., how well a
reconstituted signal, from which some information may have been dropped,
approximates the original signal.

Remarks:

e Some signalsare discrete, e.g., only givenattimest; = 5, j =0,+1,+2,---
We will represent these as step functions.

e Audio signals (telephone conversations) are of arbitrary length but video
signals are of fixed finite length, say 27. Thus a video signal can be repre-
sented by a function f(¢) defined for —7 < ¢ < . Mathematically, we can
extend f to the real line by requiring that it be periodic

f(t) = f(t+2m)
or that it vanish outside the interval —m < ¢ < 7.

We will look at several methods for signal analysis:

e Fourier series

The Fourier integral

Windowed Fourier transforms (briefly)

Continuous wavelet transforms (briefly)
o Filter banks
e Discrete wavelet transforms (Haar and Daubechies wavelets)

Mathematically, all of these methods are based on the decomposition of the
Hilbert space of square integrable functions into orthogonal subspaces. We will
first review a few ideas from the theory of vector spaces.



Chapter 2

Vector Spaceswith Inner Product.

2.1 Definitions

Let F' be either the field of real numbers R or the field of complex number C.

Definition 1 A vector space V over F'is a collection of elements (vectors) with
the following properties:

e For every pair u,v € V there is defined a unique vector w = u+v € V
(the sum of » and v)

e Forevery a € F, u € V there is defined a unique vector z = au € V
(product of « and u)

e Commutative, Associative and Distributive laws

U+v=v+1U

(u+v)+w=u+ (v+w)

There exists a vector © € V suchthatu + © =uforallu € V
For every u € V thereisa —u € V such thatu + (—u) = ©
lu=wuforallu eV

a(fu) = (af)uforalla,f € F

(a+ B)u = au+ Pfu

a(u+v) = au+ av

© N o g bk~ w DD



Definition 2 A non-empty set W in V' is a subspace of V' if au + v € W for all
a,f € Fandu,v e W.

Note that 1/ is itself a vector space over F.

Lemmal Letwuq,us,---,u,, beasetof vectors in the vector space V. Denote by
[u1, us, - - -, U] the set of all vectors of the form auqy + agus + - - - + apuy, for
«; € F. The set [uy, uo, - - -, ] is a subspace of V.

PROOF: Let u,v € [ug, ug, -, Up]. Thus,

m m
U = Zaiuia v = Zﬁz’ui
i=1 i=1

SO

m

ou + ﬂ’U = Z(aal + ﬂ/ﬁl)uz € [ulaUZa oo 'aum]'
=1

QE.D.

Definition 3 The elements u., us, - - -, u, of V" are linearly independent if the re-
lation oy uy + g + - - - + au, = © for o; € F holdsonly fora; =ap =--- =
o, = 0. Otherwise uy, - - -, u, are linearly dependent

Definition 4 V' is n-dimensional if there exist n linearly independent vectors in
V and any n + 1 vector in V" are linearly dependent.

Definition 5 V' is finite-dimensional if V' is n-dimensional for some integer n.
Otherwise V' is infinite dimensional.

Remark: If there exist vectors u., - - -, u,, linearly independent in V" and such
that every vector u € V' can be written in the form

U= QiU + 0Us + + -+ + Qply, a; € F,

({u1, -+, un} spans V), then V is n-dimensional. Such a set {uy,---,u,} is
called a basis for V.

Theorem 1 Let V' be an n-dimensional vector space and u, - - -, u, a linearly
independent set in V. Then u, - - -, u, is a basis for V" and every v € V can be
written uniquely in the form

u :ﬁlul +ﬁ2u2+ +/6nun

10



PROOF: let u € V. then the set uy, - - -, u,, u is linearly dependent. Thus there
exist ay, - - -, a1 € F, notall zero, such that

QU1 + oty + - - + Qplly, + apu = O.

If a1 =0thena; =--- = a,, = 0. Impossible! Therefore a,,,; # 0 and

(7

u = Sug + Bouz + - - - + Bply, Bi = — .
O5n—|—1

Now suppose
u = Brur + Poug + -+ Buin = Y1ur + YUz + - -+ Ynln.

Then
(B1 —y1)ur + -+ (Bn — Yn)Un = O.

But the u; form a linearly independent set, so 81 — v, = 0,---, 8, — v» = O.
Q.ED.

Examples 1 e V), the space of all (real or complex) n-tuples (a1, - -, an),
a; € F. Here, ©® = (0,---,0). A standard basis is:

up = (1,0---,0), wue=1(0,1,0,---,0),--,u, =(0,0,---,1).

PROOF:
(ala"'aan) :a1u1+"'+anuna

so the vectors span. They are linearly independent because
(Bry =+, Bn) = Prus + -+ + Bpun = © = (0,---,0)
ifandonlyif 5, =--- =3, = 0. Q.E.D.
e V., the space of all (real or complex) infinity-tuples
(a1, Qo<+, Oy =+ ).

This is an infinite-dimensional space.

11



e C™[a,b]: Set of all complex-valued functions with continuous derivatives
of orders 0,1, 2, - - -n on the closed interval [a, b] of the real line. Lett €
[a,b], i.e., a <t < bwith a < b. Vector addition and scalar multiplication
of functions u, v € C™]a, b] are defined by

[u+v](t) = u(t) + v(t) [au](t) = au(t).
The zero vector is the function ©(¢) = 0. The space is infinite-dimensional.

e S(J): Space of all complex-valued step functions on the (bounded or un-
bounded) interval J on the real line. s is a step function on J if there are
a finite number of non-intersecting bounded intervals Jy, - - -, J,,, and com-
plex numbers ¢y, - - -, ¢, SUCh that s(¢) = ¢, fort € Ji, k= 1,---,m and
s(t) = 0fort € J— U, Ji. Vector addition and scalar multiplication of
step functions sy, s, € S(J) are defined by

[s1 + s2](t) = s1(t) + s2(t) [as1](t) = asq(t).

(One needs to check that s; 4 so and as; are step functions.) The zero vector
is the function ©(¢) = 0. The space is infinite-dimensional.

2.2 Schwarz inequality

Definition 6 A vector space A over F' is a normed linear space (pre-Banach
space) if to every u, € N there corresponds a real scalar ||u/|| such that

1. ||u|| > 0and ||u|| = 0 if and only if u = 0.
2. ||au|] = |a| ||u|| forall « € F.
3. Triangle inequality. ||u + v|| < [|u]| + ||v]| for all u,v € N.

Examples 2 e C™]a,b]: Setof all complex-valued functions with continuous
derivatives of orders 0, 1, 2, - - - n on the closed interval [a, b] of the real line.
Lett € [a,b], ie., a <t < bwitha < b. Vector addition and scalar
multiplication of functions u, v € C™|a, b] are defined by

[u+v](t) = u(t) + v(t) [au](t) = au(t).

The zero vector is the function ©(¢) = 0. The norm is defined by ||u|| =
Ja lu(t)] dt.

12



S1(J): Set of all complex-valued step functions on the (bounded or un-
bounded) interval .J on the real line. s is a step function on J if there are
a finite number of non-intersecting bounded intervals .Jy, - - -, J,,, and real
numbers ¢i, - -+, ¢, Such that s(t) = ¢, fort € Ji, k = 1,---,m and
s(t) = 0fort € J — U, J,. Vector addition and scalar multiplication of
step functions s, so € S(J) are defined by

[s1 + s2](t) = s1(t) + s2(2) [asi](t) = asi(t).

(One needs to check that s; + s, and as; are step functions.) The zero
vector is the function ©(t) = 0. The space is infinite-dimensional. We
define the integral of a step function as the “area under the curve”,i.e.,
[y s(t)dt = Y it exl(Jx) where £(J;) = length of J, = b — a if J;, = [a, b]
or [a, b), or (a, b] or (a,b). Note that

1. se S(J) = |s| € S(J).
2. [ [y s(t)dt] < [, [s(t)|dt.

3. S1,82 € S(J) = 181 + Q989 € S(J) and fJ(OqSl + 05282)(t)dt =
o [;s1(t)dt + oz [ s2(t)dt.

Now we define the norm by ||s|| = [, |s(¢)|dt. Finally, we adopt the rule
that we identify s;, s, € S(J), s1 ~ s9 if s1(t) = so(t) except at a finite
number of points. (This is needed to satisfy property 1. of the norm.) Now
we let S'(J) be the space of equivalence classes of step functions in S(J).
Then S1(J) is a normed linear space with norm || - ||.

Definition 7 A vector space H over F'is an inner product space (pre-Hilbert
space) if to every ordered pair u,v € H there corresponds a scalar (u,v) € F
such that

Case 1: F' = C, Complex field

(u,v) = (v, u)

(u+v,w) = (u,w) + (v, w)
(ou,v) = a(u,v), forall« € C
(

u,u) > 0,and (u,u) = 0 ifand only if u = 0

13



Note: (u, av) = a(u,v)
Case 2: F' = R, Real field
1. (u,v) = (v,u)
2. (u+v,w) = (u,w) + (v,w)
3. (au,v) = a(u,v), foralla € R
4. (

u,u) > 0,and (u,u) = 0ifandonly if u = 0
Note: (u, av) = a(u,v)

Unless stated otherwise, we will consider complex inner product spaces from now
on. The real case is usually an obvious restriction.

Definition 8 let H be an inner product space with inner product (u, v). The norm
||u|| of u € H is the non-negative number ||u|| = \/(u, u).

Theorem 2 Schwarz inequality. Let A be an inner product space and u,v € H.
Then
| (u, ) < [lul] [[v]].

Equality holds if and only if u, v are linearly dependent.

PROOF: We can suppose u,v # ©. Set w = u + av, fora € C. The (w,w) >0
and = 0 if and only if v + av = 0. hence

(w,w) = (u+ av,u+ av) = ||[u]> + |a? |[v]|* + a(v, u) + a(u,v) >0

Set o = —(u,v)/||v|[%. Then
@oP )P

[Jull* +
o[> 1CiiE

> 0.

Thus |(u, v)[* < [[ul[* ||v][*. Q.E.D.

Theorem 3 Properties of the norm. Let A be an inner product space with inner
product (u, v). Then

e ||u|| > 0and |[u]| = 0if and only if u = 0.

14



o [low]| = |af [u]]
e Triangle inequality. ||u + v|| < [|u|| + ||v||. PROOF:
[lu+ vl = (u+v,u+v) =[[ul]* + (u,0) + (v, ) + ||v]]

< [l + 21l ol + [[o]|* = ([Jul] + []o]])*.

Examples:

e 7, This is the space of complex n-tuples V,, with inner product

for vectors
u:(ala"':an): U:(ﬁla“'aﬁn)a aiaﬁiEC'

R, This is the space of real n-tuples V,, with inner product
(U'a U) = Z aiﬁi
i=1

for vectors

u:(ala"'aan)a U:(ﬁl,"'aﬂn), aiaﬁiER'

Note that (u, v) is just the dot product. In particular for R3 (Euclidean 3-

space) (u,v) = ||ul| ||v]| cosd where ||u|| = \/a? + a3 + a3 (the length
of u), and cos ¢ is the cosine of the angle between vectors » and v. The
triangle inequality ||u + v|| < ||u|| + ||v|| says in this case that the length
of one side of a triangle is less than or equal to the sum of the lengths of the
other two sides.

A

H o, the space of all complex infinity-tuples
U= (alaa%"'aan:"')-

such that only a finite number of the «; are nonzero. (u,v) = 32, ;;.

15



H o, the space of all complex infinity-tuples
U = (alaa%"'aana"')'

such that 33°, |a;]? < oo. Here, (u,v) = ¥, o;8;. (need to verify that
this is a vector space.)

22, the space of all complex infinity-tuples
U= ("'aa—laQOaala'"’ana"')'

such that 3°° _ |ay]? < oo. Here, (u,v) = 22 a;8;. (need to verify

1=—00

that this is a vector space.)

cim [a, b]: Set of all complex-valued functions u(¢) with continuous deriva-
tives of orders 0, 1,2, - - - n on the closed interval [a, b] of the real line. We
define an inner product by

(u,v) = / uud) dt,  uve CPa,b]

i (a, b): Set of all complex-valued functions u(¢) with continuous deriva-
tives of orders 0, 1,2, - - - n on the open interval (a, b) of the real line, such
that [ |u(t)|? dt < oo, (Riemann integral). We define an inner product by

b
(u,v) = / w(®)ot) dt,  uv e C8(a,b).
Note: u(t) = t=1/3 € C{?(0,1), but v(t) = ¢~ doesn’t belong to this
space.

L?[a,b]: Set of all complex-valued functions u(t) on the closed interval
[a, b] Of the real line, such that [ |u(t)|? dt < oo, (Riemann integral). We
define an inner product by

b
(u,v) = / u®)o(t) dt,  u,v € L*a,b].
Note: There are problems here. Strictly speaking, thisisn’t an inner product.
Indeed the nonzero function u(0) = 1,u(t) = 0 for ¢t > 0 belongs to
L2[0,1], but ||u|| = 0. However the other properties of the inner product
hold.

16



e S%(J): Space of all complex-valued step functions on the (bounded or un-
bounded) interval J on the real line. s is a step function on J if there are
a finite number of non-intersecting bounded intervals .Jy, - - -, .J,,, and num-
bers ¢i,- -, ¢ Such that s(t) = ¢ fort € J, k =1,---,mand s(t) = 0
fort € J—UjL,. Vector addition and scalar multiplication of step functions
s1, 89 € S(J) are defined by

[s1 4 s2](t) = s1(t) + s2(t) [as1](t) = asi(t).

(One needs to check that s; + s, and as; are step functions.) The zero
vector is the function ©(¢) = 0. Note also that the product of step functions,
defined by sys2(t) = s1(t)s2(t) is a step function, as are |s;| and s;. We
define the integral of a step function as [; s(t)dt = >7*, cx4(Jx) where
¢(Jy) = length of J, =b — a if J, = [a,b] Or [a,b), or (a,b] of (a,b). Now
we define the inner product by (s1, s2) = [; s1(t)sa(t)dt. Finally, we adopt
the rule that we identify s;,s, € S(J), s1 ~ s9 if s1(t) = so(t) except
at a finite number of points. (This is needed to satisfy property 4. of the
inner product.) Now we let S?(.J) be the space of equivalence classes of
step functions in S(.J). Then S?(J) is an inner product space.

2.3 An aside on completion of inner product spaces

This is supplementary material for the course. For motivation, consider the space
R of the real numbers. You may remember from earlier courses that R can be
constructed from the more basic space R’ of rational numbers. The norm of a
rational number 7 is just the absolute value |r|. Every rational number can be ex-
pressed as a ratio of integers » = n/m. The rationals are closed under addition,
subtraction, multiplication and division by nonzero numbers. Why don’t we stick
with the rationals and not bother with real numbers? The basic problem is that
we can’t do analysis (calculus, etc.) with the rationals because they are not closed
under limiting processes. For example v/2 wouldn’t exist. The Cauchy sequence
1,1.4,1.41,1.414, - - - wouldn’t diverge, but would fail to converge to a rational
number. There is a “hole” in the field of rational numbers and we label this hole
by v/2. We say that the Cauchy sequence above and all other sequences approach-
ing the same hole are converging to /2. Each hole can be identified with the
equivalence class of Cauchy sequences approaching the hole. The reals are just
the space of equivalence classes of these sequences with appropriate definitions
for addition and multiplication. Each rational number 7 corresponds to a constant

17



Cauchy sequence r, r, r, - - - S0 the rational numbers can be embedded as a subset
of the reals. Then one can show that the reals are closed: every Cauchy sequence
of real numbers converges to a real number. We have filled in all of the holes
between the rationals. The reals are the closure of the rationals.

The same idea works for inner product spaces and it also underlies the relation
between the Riemann integral of your calculus classes and the Lebesgue integral.
To see how this goes, it is convenient to introduce the simple but general concept
of a metric space. We will carry out the basic closure construction for metric
spaces and then specialize to inner product and normed spaces.

Definition 9 A set M is called a metric space if for each u,v € M there is a real
number p(u, v) (the metric) such that

1. p(u,v) >0, p(u,v) =0ifandonly ifu = v
2. plu,) = plo,u)
3. p(u,w) < p(u,v) + p(v, w) (triangle inequality).

REMARK: Normed spaces are metric spaces: p(u,v) = ||u — v|]|.

Definition 10 A sequence uq, us, - -- in M is called a Cauchy sequence if for
every e > 0 there exists an integer N (e) such that p(u,,, u,) < € whenever n, m >
N{e).

Definition 11 A sequence uy, us, - - - IN M is convergent if for every € > 0 there
exists an integer M (e) such that p(u,,u) < e whenever n,m > M (e). here u is
the limit of the sequence, and we write v = lim,,_,, u,.

Lemma 2 1) The limit of a convergent sequence is unique.
2) Every convergent sequence is Cauchy.

PROOF: 1) Suppose u = limy, o0 U, v = limy, o0 Up. Then p(u, v) < p(u, u,) +
p(tn,v) — 0asn — oc. Therefore p(u,v) = 0,0 u = v. 2) {u,} converges to
w implies p(uy, Um) < p(tn, u) + p(ty, w) = 0a8Sn, m — co. Q.E.D

Definition 12 A metric space M is complete if every Cauchy sequence in M
converges.
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Examples 3 Some examples of Metric spaces:

e Any normed space. p(u,v) = |lu — v||. Finite-dimensional inner product
spaces are complete.

e M as the set of all rationals on the real line. p(u, v) = |u — v| for rational
numbers u, v. (absolute value) Here M is not complete.

Definition 13 A subset M’ of the metric space M is dense in M if for every
u € M there exists a sequence {u,} C M such that u = lim,,_, o Uy,

Definition 14 Two metric spaces M., M are isometric if there is a 1-1 onto
map f : My — M such that po(f(u), f(v)) = p1(u,v) forall u,v € M,

Remark: We identify isometric spaces.

Theorem 4 Given an incomplete metric space M we can extend it to a complete
metric space M (the completion of M) such that 1) M is dense in M. 2) Any
two such completions M, M’ are isometric.

PROOF: (divided into parts)

1. Definition 15 Two Cauchy sequences {u,, }, {4, } in M are equivalent ({u,, } ~
{@,}) if p(up, @,) — 0asn — oo.

Clearly ~ is an equivalence relation, i.e.,

(@) {un} ~ {uy}, reflexive
(b) If{u,} ~ {v,} then {v,} ~ {u,}, symmetric
() If {un} ~ {v,} and {v,} ~ {w,} then {u,} ~ {v,}. transitive

Let M be the set of all equivalence classes of Cauchy sequences. An equiv-
alence class @ consists of all Cauchy sequences equivalent to a given {u,}.

2. M is a metric space. Define p(%,v) = lim,_,q0 p(Un, vs), Where {u,} €

u, {v,} €.
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@)

(b)

(©)

(d)

p(u, D) exists.
PROOF:

P(Uny Vn) < p(tn, Un) + (U Vi) + P(Vm, Vn),
SO

p(un, vn) - p(uma Um) S p(un: um) + p(vm: Un)a
and

|p(tn, vn) = p(Um, Vm)| < p(tn, Um) + P(Vm, V) = 0
asmn, m — oo.
p(@, o) is well defined.

PROOF: Let {u,}, {u,} € @, {v,},{v),} € v. Doeslim,,_, p(tpn, vy) =
lim,,_, o p(ul, v!)? Yes, because

n’-n
P(tn, vn) < p(tn, uy) + p(tn, vn) + p(vr,, Un),

SO
|p(tny v) = Pt 7)) | < p(tns up,) + PV, v0) — 0
as n — oo.
p is ametricon M, i.e.
i. p(u,v) > 0,and=0ifandonly ifu =v
PROOF: 5(@,7) = lim, 0 p(Un, v,) > 0 and = 0 if and only if
{tun} ~{v,},i.e.,ifand only if 7 = 7.
ii. p(u,v) = p(v,u) obvious
iii. p(u,v) < p(u,w) + p(w,v) easy
M is isometric to a metric subset S of M.

PROOF: Consider the set S of equivalence classes = all of whose
Cauchy sequences converge to elements of M. If @ is such a class
then there exists u € M such that lim,, , u, = v if {u,} € u. Note
that u,u,---,u,--- € w (stationary sequence). The map u <+ wisa
1-1 map of M onto S. It is an isometry since

p(7,v) = lim p(un,vn) = p(u,v)

foru,v € S, with {u,} = {u} € u, {v,} = {v} € V.
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(e) M isdense in M.

PROOF: Letw € M, {u,} € u. Considers;, = {ug, ug, -+, U, -} €
S=M,k=1,2---. Then p(u,3;) = lim,_00 p(tn, ux). But {u,}
is Cauchy in M. Therefore, given e > 0, if we choose k£ > N(e) we
have p(@,5x) < €. Q.E.D.

(f) M is complete.

PROOF: Let {v)} be a Cauchy sequence in M. For each k choose
S = {uk,uk, e, Uk, t } €S = M, such that ﬁ(ﬁkygk) < 1/]€,
k=1,2,---. Then

p(uj, ue) = p(5;,5k) < PS5, ;) + PV, V) + P(Vk, Sk) — 0
as j, k — oo. Therefore @ = {uy} is Cauchy in M. Now
(1, vx) < p(u,3k) + (3K, V) = 0

as k — oo. Therefore limy,_, ., 7, = u. Q.E.D.

2.3.1 Completion of a normed linear space

Here B is a normed linear space with norm p(u, v) = ||u —v||. We will show how
to extend it to a complete normed linear space, called a Banach Space.

Definition 16 Let S be a subspace of the normed linear space B. S is a dense
subspace of B if it is a dense subset of B. S is a closed subspace of B if every
Cauchy sequence {u, } in S converges to an element of S. (Note: If B is a Banach
space thenso is S.)

Theorem 5 An incomplete normed linear space B can be extended to a Banach
space B such that B is a dense subspace of B.

PROOF: By the previous theorem we can extend the metric space B to a complete
metric space B such that B is dense in B.

1. Bis a vector space.
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(@ u,7€e B—u+7v€B.
If {u,} € w, {v,} € v, define w + v = u+ v as the equivalence
class containing {u,, + v, }. Now {u, + v, } is Cauchy because ||(u,, +
Un) — (Um — V) || < ||t — | + ||vn — V|| — 088 n,m — 0.
Easy to check that addition is well defined.

(b)) acC,ue B— au € B.
If {u,} € u, define cu € B as the equivalence class containing {cu,, },
Cauchy because ||au, — || < |af|[tn — tml|.

2. B is a Banach space.
Define the norm |[u||" on B by ||u||" = p(u, ©) = lim,,_,c | |u,|| Where © is
the equivalence class containing {©, ©, - - -}. positivity is easy. Let « € C,
{u,} € @w. Then ||aa@||' = (@, ©) = lim, o ||u,|| = || limy, o0 ||us|| =
|alp(@, ©) = |o|[a]]"
l|[u+ 73| =p(m+7,0) < p(E+7v,v) +p(©,0) = |[ul|'+ ||v]|, because

p(T+7,7) = limy o0 | (Un + vn) — va|| = limy 00 [|un|| = |[7]|". Q.E.D.

2.3.2 Completion of an inner product space

Here 7 is an inner product space with inner product (u,v) and norm p(u,v) =
||u — vl||. We will show how to extend it to a complete inner product space, called
a Hilbert Space.

Theorem 6 Let # be an inner product space and {u., }, {v, } convergent sequences
in H with limy, o0 4y, = u, limy, o0 v, = v. Then limy, o (U, v5) = (u, v).

PROOF: Must first show that ||u,|| is bounded for all n. {u,} converges —
g < [lun—ul|+||ul| < e+||u|| forn > N(e). Set K = max{||ui]], - -, ||un(e), e+
[lul[}. Then ||u,|| < K forall n. Then |(u, v) — (tn, v,)| = [(u—ty, V) + (Un, v—

)| < |Ju— unl| - ||v]| + [|tnl]] - ||v — va|| = 0SS — co. Q.E.D.

Theorem 7 Let 4 be an incomplete inner product space. We can extend # to a
Hilbert space # such that # is a dense subspace of .

PROOF: A is a normed linear space with norm ||u|| = /(u,u). Therefore we
can extend A to a Banach space A such that # is dense in . Claim that %
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is a Hilbert space. Letu,v € H and let {u,},{i,} € @, {vn}, {0n} € 7. We
define an inner product on H by (@, 7)" = limy, o0 (un, v,). The limit exists since

|(unavn) - (umavm)| = |(umavn_vm) +(un_umavm)+ (un_umavn _vm)l S
||um||||Un_vm||+||un_um||||vm||+||un_um||||Un_vm|| — 0asn, m — oo.
The limit is unique because |(un, vn) — (Gn, ¥n)| — 0 as n,m — oco. can easily

verify that (-, )" is an inner producton H and || - || = 4/(-,-)". Q.E.D.

2.4 Hilbert spaces, L? and ¢2

A Hilbert space is an inner product space for which every Cauchy sequence in the
norm converges to an element of the space.

EXAMPLE: ¢2
The elements take the form

u:(“'aaflaa()aal:'”)a C%EC
such that ° __ |a;|? < oo. For

1=—00
v="_(-,B-1,B0,P1, ") € e,
we define vector addition and scalar multiplication by
u+v=_(--,a_1+ B 1,00+ o, 01+ P, )
and
au = (-, aa_1, g, oy, - ).

The zero vector is © = (---,0,0,0,---) and the inner product is defined by
(uw) = 2 a;f;. We have to verify that these definitions make sense. Note
that 2|ab| < |a|> + |b|? for any a,b € C. The inner product is well defined be-
cause |(u,v)| < T2 |aifi| < (22 oo lasl* + X2 |Bif*) < oo. Note that
|Oti -+ ,6,|2 < |Oéi|2 -+ 2|OJZ| . |ﬂz| -+ |/Bz|2 < 2(|Oéz|2 + |/Bz|2) Thus if u,v € 72 we
have ||u + v||? < 2|Ju|]* + 2||v]|* < 0o, S0 u + v € £2,

Theorem 8 ¢ is a Hilbert space.
PROOF: We have to show that % is complete. Let {u,} be Cauchy in ¢2,
™ o) o ...

u”:("'va—b&O y Q1 7,
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Thus, given any e > 0 there exists an integer N(e) such that ||u, — uy,|| < €
whenever n, m > N (e). Thus

Z |a§n) — agm)|2 < €. (2.1)

1=—00

Hence, for fixed i we have |o™ — o{™| < €. This means that for each i, {a{™}
is a Cauchy sequence in C. Since C is complete, there exists a; € C such
that lim,,_, o aE”) = o, for all integers . Now set u = (---, 1, ap, g, - -).
Claim that v € £ and lim,,_,o u, = u. It follows from (2.1) that for any fixed
E,YF o™ —al™2 < € for n,m > N(e). Now let m — oo and get
vk Jai™ — ]2 < €2 forall k and for n > N(e). Next let k& — oo and get
T o™ — a2 < € forn > N(e). This implies

|lup — ul| <€ (2.2)

forn > N(¢). Thus, u, —u € £2 forn > N(e),s0u = (u — u,) + u, € %
Finally, (2.2) implies that lim,, ,, u, = u. Q.E.D.

EXAMPLE: L?[a, b]

Recall that Cy(a, b) is the set of all complex-valued functions w(¢) continuous
on the open interval (a, b) of the real line, such that [° |u(t)|? dt < oo, (Riemann
integral). We define an inner product by

(u,v) = / uo) dt,  uv e C(a,b).

We verify that this is an inner product space. First, from the inequality |u(z) +
v(z)]? < 2|u(z)|? + 2|v(x)|* we have ||u + v||* < 2||u||? + 2||v||?, so if u,v €
Cs(a, b) then u + v € Cy(a,b). Second, |u(z)v(z)| < 3(lu(z)]* + |v(z)?), so
(u, )| < [ Ju(t)o(t)] dt < L(|Jul|? + |[v||?) < oo and the inner product is well
defined.

Now Cy(a, b) is not complete, but it is dense in a Hilbert space Cs(a,b) =
fg[a, b] = L?[a, b] In most of this course we will normalize to the case a = 0,b =
2. We will show that the functions e, (t) = e™/v/2m, n = 0,41,42,-- - form
a basis for L?[0, 2x]. This is a countable (rather than a continuum) basis. Hilbert
spaces with countable bases are called separable, and we will be concerned only
with separable Hilbert spaces in this course.
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2.4.1 The Riemann integral and the Lebesgue integral

Recall that S*(.7) is the normed linear space space of all real or complex-valued
step functions on the (bounded or unbounded) interval .J on the real line. s is a step
function on .J if there are a finite number of non-intersecting bounded intervals
Ji,- -+, JJm and numbers ¢q, - - -, ¢y SUCh that s(t) = ¢ fort € Jp, k=1,---,m
and s(t) = 0fort € J—U, Ji. The integral of a step function is the [, s(t)dt =
Sty cgl(Jx) where £(Jg) = length of J, = b — a if J;, = [a, b] or [a,b), or (a, b]
or (a,b). The norm is defined by ||s|| = [, |s(¢)|dt. We identify s, s, € S(J),
81 ~ 89 if 51(t) = so(t) except at a finite number of points. (This is needed to
satisfy property 1. of the norm.) We let S*(J) be the space of equivalence classes
of step functions in S(J). Then S*(J) is a normed linear space with norm || - ||.

The space of Lebesgue integrable functions on .J, ( L!(.J)) is the completion
of S*(J) in this norm. L'(J) is a Banach space. Every element » of L'(J) is an
equivalence class of Cauchy sequences of step functions {s,}, [; [s; — sk|dt — 0
as j, k — oo. (Recall {s],} ~ {s,}if [, |s}, — sn|dt = 0asn — oc.

It is beyond the scope of this course to prove it, but, in fact, we can associate
equivalence classes of functions f(¢) on J with each equivalence class of step
functions {s, }. The Lebesgue integral of f is defined by

Hdt = i o (t)dt,
/JLebesgue 1®) nhoo JS (*)
and its norm by
= =l n .
1=/, apesgue /01 = Jim, [ Isn(t)ldt

How does this definition relate to Riemann integrable functions? To see this
we take J = [a, b], a closed bounded interval, and let f(¢) be a real bounded func-
tion on [a, b]. Recall that we have already defined the integral of a step function.

Definition 17 f is Riemann integrable on [a, b] if for every ¢ > 0 there exist
step functions r, s € Sla, b] such that r(¢t) < f(t) < s(t) for all ¢t € [a,b], and
0< fP(s—r)dt <e.

EXAMPLE. Divide [a,b] by a grid of n pointsa = tg < t; < -+ < t, = b
such that ¢; — t;_1 = (b—a)/n, j = 1,---,n. Let My = supyp, .1 (%),
mj = infycy, | 4 f(¢) and set

1€ [t]‘_l, tj)
t & [a,b)
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te [ty 1atj)
ra(t) = { tg[ab)

I%s,(t)dt is an upper Darboux sum. [’ r,(t)dt is a lower Darboux sum. If f is
Riemann integrable then the sequences of step functions {r,}, {s,} satisfy r,, <
f<sp,onja,b],forn=1,2,---and ff(sn—rn)dt — 0asn — oo. The Riemann
integral is defined by

J iemann = 1 | n de = Jig fro =

inf / sdt = sup / t dt.
upper Darboux sums lower Darboux sums
Note that

M / Fdt>S Mt —t;
Z tj-1) Rlemann _j; it =t

Note also that
T — Tk < Sk — Tk, Tk —T; < 85— 75

because every “upper” function is > every “lower” function. Thus
/|rj — reldt < /(s;c — rp)dt + /(Sj —rj)dt -0

as j,k — oo. Thus {r,} and similarly {s,} are Cauchy sequences in the norm,
equivalent because lim,, ,, [ (s, — r)dt = 0.

Theorem 9 If f is Riemann integrable on J = [a, ] then it is also Lebesgue
integrable and

e = [ tydt = lim [ s, (t)dt
/]Riemann f( ) J Lebesgue f( ) "ggo J N ( )

The following is a simple example to show that the space of Riemann inte-
grable functions isn’t complete. Consider the closed interval J = [0, 1] and let
1,79, - - be an enumeration of the rational numbers in [0, 1]. Define the sequence
of step functions {s,} by

=T1,T2," 3T
su(t) = { 0 0therw1se.

Note that
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o 51(t) < so(t) <---forallt €[0,1].
e s, isastep function.

e The pointwise limit

) 1 if ¢tisrational
F(t) = lim sn(t) = { 0 otherwise.

e {s,} is Cauchy in the norm. Indeed [, |s;—s|dt = Oforall j, k = 1,2, - - -.

e [ is Lebesgue integrable with f01 Lebesgue f@)dt = lim, o0 fy sn(t)dt =
0.

e f is not Riemann integrable because every upper Darboux sum for f is 1
and every lower Darboux sumis 0. Can’t make 1 — 0 < e for e < 1.

Recall that S%(J) is the space of all real or complex-valued step functions on
the (bounded or unbounded) interval J on the real line with real inner product b
(s1,82) = [;s1(t)52(t)dt. We identify s1,s0 € S(J), 51 ~ s if 51(t) = s2(2)
except at a finite number of points. (This is needed to satisfy property 4. of the
inner product.) Now we let S?(.J) be the space of equivalence classes of step
functions in S(J). Then S%(J) is an inner product space with norm ||s||> =
Iy Is(t)[dt.

The space of Lebesgue square-integrable functions on .J, ( L?(.7)) is the com-
pletion of S?(.J) in this norm. L?(J) is a Hilbert space. Every element u of
L?*(J) is an equivalence class of Cauchy sequences of step functions {s,, }, [; [s;—
sp[2dt — 0as j, k — oco. (Recall {s,} ~ {sn} if [;|s} — sp|?dt = 0asn — oc.

It is beyond the scope of this course to prove it, but, in fact, we can associate
equivalence classes of functions f(¢) on J with each equivalence class of step
functions {s, }. The Lebesgue integral of f, fo € L?(J) is defined by (f1, f2) =
J5Lebesque f1(t) f2 dt = Timy o0 [ 550 (8)s$) (t)dt.

How does this definition relate to Riemann square integrable functions? In
a manner similar to our treatment of L'(J) one can show that if the function
f 1s Riemann square integrable on J, then it is Cauchy square integrable and

JrLebesgue |/ (D*dt = [;Riemann | (£)[*dt.
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2.5 Orthogonal projections, Gram-Schmidt orthog-
onalization

2.5.1 Orthogonality, Orthonormal bases

Definition 18 Two vectors u, v in an inner product space ‘H are called orthogo-
nal,u L v,if (u,v) = 0. Similarly, two sets M, N C H are orthogonal, M | N/,
if (u,v) =0forallu e M,v € N.

Definition 19 Let S be a nonempty subset of the inner product space #. We
define St by St ={ueH:u L S}

Lemma 3 S+ is closed subspace of 7 in the sense that if {u,} is a Cauchy se-
quence in St and u, — u € H asn — oo thenu € S*.

PROOF:

1. Stisasubspace. Letu,v € S, o, 8 € C, Then (au+ Bv, w) = a(u, w)+
B(v,w) =0forallw € S, s0 au + fv € S*.

2. Stisclosed. Suppose {u,} C 8+, lim, ,ou, = u € H. Then (u,v) =
(imy, o0 Up, v) = limy, o0 (uy,v) =0 forallv € S = u € S*. Q.E.D.

2.5.2 Orthonormal bases for finite-dimensional inner product
spaces

Let ‘H be an n-dimensional inner product space, (say H,). A vector u € H Is
a unit vector if ||u|| = 1. The elements of a finite subset {uy,---,ux} C H are
mutually orthogonal if u; L u; for ¢ # j. The finite subset {u;,---,ux} C H is
orthonormal (ON) if u; L w; for i # j, and ||u;|| = 1. Orthonormal bases for
‘H are especially convenient because the expansion coefficients of any vector in
terms of the basis can be calculated easily from the inner product.

Theorem 10 Let {u4,-- -, u,} be an ON basis for H. If u € H then
U = QU1 + QoUg + « - + apUy,

where o; = (u,u;),i=1,---,n.
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PROOF: (u, u;) = (oquy + agus + - - - + iy, u;) = a;. Q.E.D.

Example 1 Consider Hs. The sete; = (1,0,0),eo = (0,1,0),e3 = (0,0,1) is
an ON basis. The set u; = (1,0,0),us = (1,1,0),us = (1,1,1) is a basis, but
not ON. The setv; = (1,0,0), v, = (0,2,0),v3 = (0,0, 3) is an orthogonal basis,
but not ON.

The following are very familiar results from geometry, where the inner product
is the dot product, but apply generally and are easy to prove:

Corollary 1 Foru,v € H:
o (u,v) = (aqur+aouaot- - -+aplp, Bru+DBatio+- - -+ Bptly) = Yo (u, u;)(ug, v)
o ||ul|>=3", (u,u;)|* Parseval’s equality.

Lemma4 If u L vthen ||u+ v|[* = |Ju||* + ||v||* Pythagorean Theorem

Lemma5 Forany u,v € H we have [|u + v||? + ||u — v||* = 2||ul|> + 2]||v||*

Lemma 6 If u,v belong to the real inner product space A then |ju + v||> =
l|u|2+ ||v]|? + 2(u, v). Law of Cosines.

Note: The preceding lemmas are obviously true for any inner product space, finite-
dimensional or not.
Does every n-dimensional inner product space have an ON basis? Yes!
Recall that [uy, ug, - - -, u,,] is the subspace of H spanned by all linear combi-
nations of the vectors u,, us, - « -, Up,.

Theorem 11 (Gram-Schmidt) let {wuy, uo, - - -, u,} be an (ordered) basis for the
inner product space . There exists an ON basis {es, es, - - -, €, } for # such that

[U,l,UQ,' : 'aum] - [61,62," ',6m]
foreachm =1,2,---,n.
PROOF: Define e; by e; = u1/||u1|| This implies ||e;|| = 1 and [u1] = [e1]. Now
set fo = us—ae; # O. We determine the constant « by requiring that (f2,e;) = 0

But (f2,€1) = (uz,el) — oS0 = (Ug,el). Now define €9 by €y = f2/||f2H At
this point we have (e;, e;) = 6;; for 1 <4,j < 2and [uy, ug] = [e1, 2]
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We proceed by induction. Assume we have constructed an ON set {e;, - - -, €, }
such that [eq,- -, ex] = [u1,---,ug] for k = 1,2,--- m. Set fi1 = Upms1 —
o161 — ey — -+ - — apme, 7 0. Determine the constants «; by the requirement
(fmi1,€) =0 = (umy1,€) — i, 1 < i <m. Setepyr = fmi1 /|| fmial]- Then
{e1, -, emsr1} 1ISON. Q.E.D.

Let W be a subspace of H and let {ey, ey, - - -, e, } be an ON basis for W. let
u € ‘H. We say that the vector v’ = Y-, (u, e;)e; € W is the projection of u on
W.

Theorem 12 If v € H there exist unique vectors ' € W, u" € W+ such that
u=1u+u".

PROOF:

1. Existence: Let {eq, eq, - -, e, } be an ON basis for W, setu’ = Y1 (u, €;)e; €
Wand u” = u —u'. Now (u”,e;) = (u,e;) — (u,e;) = 0,1 <3 < m,so
(u",v) =0forallv € W. Thusu” € W.

2. Uniqueness: Suppose v = u' + u” = v” + v" where v/, v" € W, u" 0" €
WL Thenv' —v' =v" —v" e WNWt = (v — v,/ =) =0 =
|[u' — |2 = u' =", u" =2". Q.E.D.

Corollary 2 Bessel’s Inequality. Let {e;,---,e,,} bean ON setin H. ifu € H
then [[u[* = 32, |(u, €:)|*.

PROOF: Set W = [ey, - - -, e,]. Then u = ' + u” where v’ € W, u” € W+, and
u' = 3" (u,e;)e;. Therefore ||u][? = (u' + u”,u' + u") = |[/||* + |[u"||* >
[|u'[]* = (u', u') + 32, |(u, €5)[*. Q.E.D.

Note that this inequality holds even if m is infinite.

The projection of v € H onto the subspace W has invariant meaning, i.e., it
is basis independent. Also, it solves an important minimization problem: u’ is the
vector in W that is closest to u.

Theorem 13 mingew ||u — v|| = ||u — || and the minimum is achieved if and
only if v = v’

PROOF: let v € W and let {e1,es,- -, ey} be an ON basis for W. Then v =

S age; fora; = (v, e) and [jlu—vl| = [[u =37, ael? = (u—X7 aies, u—

Yt ases) = ||ulP=0% ai(u, €)= auleq, u)+300 lail® = [lu—30 (u, ei)e:| [+
™ (uye;) — ;| > ||u — /||%. Equality is obtained if and only if a; = (u, e;),

for1 <i<m.Q.ED.
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2.5.3 Orthonormal systems in an infinite-dimensional separa-
ble Hilbert space

Let # be a separable Hilbert space. (We have in mind spaces such as ¢2 and
L?0,27].)

The idea of an orthogonal projection extends to infinite-dimensional inner
product spaces, but here there is a problem. If the infinite-dimensional subspace
W of ‘H isn’t closed, the concept may not make sense.

For example, let # = /2 and let W be the subspace elements of the form
(+++,a_1,00,01,---) such that o; = 0 fori = 1,0, —1, —2, - - - and there are a fi-
nite number of nonzero components «; for ¢ > 2. Choose u = (- -+, 81, Bo, 1, - )
such that 3; = 0 fori = 0,—1,—2,---and 3, = 1/nforn = 1,2,---. Then
u € £2 but the projection of w on W is undefined. If W is closed, however, i.e.,
if every Cauchy sequence {u,} in W converges to an element of W, the problem
disappears.

Theorem 14 Let W be a closed subspace of the inner product space H and let
u € H. Setd = inf ey ||u — v||. Then there exists a unique @ € W such that
llu — u|| = d, (u is called the projection of v on W.) Furthermore v — u 1 W
and this characterizes u.

PROOF: Clearly there exists a sequence {v,} € W such that ||u — v,|| = d,
with lim,,_,, d, = d. We will show that {v,,} is Cauchy. Using Lemma 5 (which
obviously holds for infinite dimensional spaces), we have the equality

10 = vn) + (= va) [ + [ (w = vn) = (= vm) |[* = 2[ [ = v [* + 2{ 10 — 0|
or
1
4w = 5 Wn + vm)[[* + [[vm = val[* = 2||u = va* + 2/[u = v [
Since £ (v, + v;n) € W we have the inequality
1
Ad*+{[vm—vn|[* < 4|u—Z (Vo) [P+ [vm—vn|[* = 2||u—va| P+2[Ju—vn|[* = 2(d;+d7,),

SO
| — va|[? < 2(d2 — d?) + 2(d?, — d*) — 0,

asn, m — oo. Thus {v,} is Cauchy in W.
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Since W is closed, there exists € W such that lim,,_,, v, = @. Also, ||u —
al| = ||u — limy oo vy || = limy oo [|u — vy,|| = lim, o d,, = d. Furthermore,
foranyv e W, (u — @,v) = lim, o0 (t — vy, v) =0 = u—1u L W.

Conversely, ifu—u L Wandv € Wthen |[lu—v||? = ||(u—u)+ (u—0v)||* =
llu —ul]? + ||u —v||* = d® + ||u — v||*>. Therefore ||ju — v[|? > d? and = @2 if
and only if z = v. Thus @ is unique. Q.E.D.

Corollary 3 Let W be a closed subspace of the Hilbert space H and let u € H.
Then there exist unique vectors & € W, v € W+, such that u = u + v. We write
H=WaoW.

Corollary 4 A subspace M C H isdense in H ifand only if u 1. M foru € H
implies u = ©.

PROOF: M dense in H = M = H. Suppose u L M. Then there exists a
sequence {u,} in M such that lim,,_, u, = v and (u, u,) = 0 for all n. Thus
(u,u) = limy, o0 (U, up) =0 = u =0,

Conversely, suppose v 1. M = u = O. If M isn’t dense in H then M #
H = there is a u € H such that u # M. Therefore there exists a i € M such
that v = u — 4 # © belongs to M+ = v L M. Impossible! Q.E.D.

Now we are ready to study ON systems on an infinite-dimensional (but sepa-
rable) Hilbert space # If {v, } isasequence in #, we say that >>° , v,, = v € H if
the partial sums Eﬁzl v, = uy form a Cauchy sequence and limy_, o ux, = v. This
is called convergence in the mean or convergence in the norm, as distinguished
from pointwise convergence of functions. (For Hilbert spaces of functions, such
as L]0, 2rr] we need to distinguish this mean convergence from pointwise or uni-
form convergence.

The following results are just slight extensions of results that we have proved
for ON sets in finite-dimensional inner-product spaces. The sequence w1, us, - - - €
H is orthonormal (ON) if (u;, u;) = é;;. (Note that an ON sequence need not be a
basis for H.) Given u € #, the numbers «; = (u, u;) are the Fourier coefficients
of u with respect to this sequence.

Lemma7 u= Y72, apty, = oy = (U, uy).

Given a fixed ON system {u,,}, a positive integer N and v € H the projection
theorem tells us that we can minimize the “error” |ju — S a,u,|| of approxi-
mating « by choosing «,, = (u, uy,), i.e., as the Fourier coefficients. Moreover,

32



Corollary 5 S |(u, u,)|? < ||ul|? for any N.
Corollary 6 2, |(u,u,)|* < ||ul|?, Bessel’s inequality.

Theorem 15 Given the ON system {u,} € H, then >, 3,u, converges in the
norm if and only if °°, |3,]* < co.

PROOF: Let v, = Efpl Brtin. >ooo 1 Brun, converges if and only if {vy } is Cauchy
inH. Fork >/,

k k
e —vel P =11 D° Baunll?>= D 6al” (2.3)
n=~(+1 n=~(+1

Sett, = >F_ |B84]?. Then (2.3)= {v;} is Cauchy in # if and only if {¢,} is
Cauchy, if and only if 2° , |3,|? < c. Q.E.D.

Definition 20 A subset I of H is complete if for every u € H and € > 0 there are
elements uy, uy, - -, uy € Kand oy, -« -, ay € C such that ||u — SN au,|| <
¢, i.e., if the subspace K formed by taking all finite linear combinations of elements
of IC is dense in .

Theorem 16 The following are equivalent for any ON sequence {u,,} in .
1. {u,} is complete ({u,} is an ON basis for H.)

2. Every u € H can be written uniquely in the form v = >°°, aup, @, =
(u, Un).

3. Foreveryu € H, |ul]* = 2, |(u, u,)[>. Parseval’s equality

4. Ifu L {u,}thenu = 0©.

PROOF:

1. 1= 2. {u,} complete = given u € H and ¢ > 0 there is an inte-

ger N and constants {a,} such that [[u — =N apua|| < € = |ju —
S anuy|| < eforall k > N. Clearly ¥°°,(u, u,)u, € H since

Ny un)? < ||lul> < co. Therefore u = 322, (u, u,)u,. Unique-
ness obvious.
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2. 2= 3. Suppose u = Yo%, aply,, o, = (u,u,). Therefore, ||ju —

S anunl|? = |ul)? = ZF_ [(u,u,) 2 — 0as k — oco. Hence ||ul|? =
o [ (us ug)|?
3. 3.= 4. Suppose v L {u,}. Then |ju|]?> = £, [(u,u,)[>* =0s0u = ©.

4. 4= 1. Let M be the dense subspace of # formed from all finite linear

combinations o[ Uy, U, - -+ Then given v € H and ¢ > 0 there exists a
YN apu, € Msuchthat [[v — N a,u,|| < e Q.E.D.

2.6 Linear operators and matrices, Least squares
approximations

Let V, W be vector spaces over F' (either the real or the complex field).

Definition 21 A linear transformation (or linear operator) from V' to W' is a func-
tion T : V — W, defined for all v € V that satisfies T (au + fv) = aTu + fTv
forall u,v € V, o, € F. Here, the set R(T) = {Tu : v € V} is called the
range of T.

Lemma8 R(T) is a subspace of 1.

PROOF: Let w = Tu,z = Tv € R(T) and let o, 3 € F. Then aw + fz =
T(au + fv) € R(T). Q.E.D.

If V' is m-dimensional with basis vy, ---, v, and W is n-dimensional with
basis wy, - - -, w, then T is completely determined by its matrix representation
T = (T;;) with respect to these two bases:

TU/CIZTjkwj, ,k=1,2,---,m.
7j=1

IfveVandv =3}, apvg then the action Tv = w is given by

Tov = T(Z V) Z o T, = Z Z kO )W Zﬁjwj =w
k=1

j=1k=1
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Thus the coefficients 8; of w are given by 3; = >0° Tikag, j = 1,---,n. In
matrix notation, one writes this as

Ty - T (o%} B
Tnl e Tnm (6779} Bn
or
Ta=b.

The matrix 7' = (7)) has n rows and m columns, i.e., it is n x m, whereas the
vector a = (o) ism x 1 and the vector b = (§;) isn x 1. If V and W are Hilbert
spaces with ON bases, we shall sometimes represent operators T by matrices with
an infinite number of rows and columns.

Let V, W, X be vector spaces over F', and T, U be linear operators T : V' —
W, U : W — X. The product UT of these two operators is the composition
U:V — X defined by UTv = U(Tw) forallv € V.

Suppose V' is m-dimensional with basis vy, - - -, v,,, W is n-dimensional with
basis wy, - - -, w, and X is p-dimensional with basis 1, - - -, z,. Then T has ma-
trix representation 7" = (77;), U has matrix representation U = (Uy;),

p
ij:ZUﬁjmfa aj:]-a?a"'ana
=1
and Y = UT has matrix representation Y = (Yy) given by
p
Y,Uk:UTvk:ZY'@kmfa k:152a"'ama

=1

A straightforward computation gives Yy, = 37, UpiTj, £ = 1,---,p, k =

1,- -+, m. In matrix notation, one writes this as
Ull Uln Tll Tlm Yll Ylm
Upn - Up T - Tom Voo o Yom
or
UT =Y.

Here, Uispxn,Tisn x mand Y isp x m.
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Now let us return to our operator T : V' — W and suppose that both V and W
are complex inner product spaces, with inner products (-, )y, (-, -)w, respectively.
Then T induces a linear operator T* : W — V and defined by

(Tv, w)w = (v, T*w)y, veV,weW.

To show that T* exists, we will compute its matrix 7*. Suppose that vy, - - -, v, iS
an ON basis for V and wy, - - -, w,, is an ON basis for W¥. Then we have have

Tjx = (Tve, wj)w = (v, T*wj)y =T*%;, k=1,---,m, j=1,---,n.

Thus the operator T*, (the adjoint operator to T) has the adjoint matrix to 7'
Ty; = Tjk. In matrix notation this is written 7* = T' where the ** stands for
the matrix transpose (interchange of rows and columns). For a real inner product
space the complex conjugate is dropped and the adjoint matrix is just the trans-
pose.

There are some special operators and matrices that we will meet often in this
course. Suppose that vy, ---,v,, is an ON basis for V. The identity operator
I:V — Visdefined by Iv = v forall v € V. The matrix of I is I = (§,5,) where
d;jj =1land d;, =0ifj # h, 1 < j,h < m. The zerooperator Z : V — V' is
defined by Zv = © forall v € V.. The n x n matrix of Z has all matrix elements 0.
An operator U : V' — V that preserves the inner product, (Uv, Uu) = (v, u) for
all u,v € V is called unitary. The matrix U of a unitary operator is characterized
by the matrix equation UU* = I. If V' is a real inner product space, the operators
O : V — V that preserve the inner product, (Ov,Ou) = (v, u) forall u,v € V
are called orthogonal. The matrix O of an orthogonal operator is characterized by
the matrix equation QO = I.

2.6.1 Bounded operators on Hilbert spaces

In this section we present a few concepts and results from functional analysis that
are needed for the study of wavelets.

An operator T : ‘H — K of the Hilbert space A to the Hilbert Space K is
said to be bounded if it maps the unit ball ||u|| < 1 to a bounded set in K. This
means that there is a finite positive number N such that

||Tullx < N whenever ||u||y < 1.
The norm ||T|| of a bounded operator is its least bound:
IT|[ = sup [|Tullx= sup |[[Tullx. (2.4)

[[ull#<1 [Juf[#=1
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Lemma9 Let T : H — K be a bounded operator.
1 ||Tullx < ||T|| - ||u||y forall u € H.

2. If S : £L — H is a bounded operator from the Hilbert space £ to #, then
TS : L — K is a bounded operator with || TS|| < ||T|| - ||S||.

PROOF:

1. The result is obvious for u = 6. If u is nonzero, then v = |[|u/|;,u has norm
1. Thus ||Tv||x < ||T||. The result follows from multiplying both sides of
the inequality by ||u/||%.

2. ¢Frompart 1, [[TSw||x = ||T(Sw)|[x < ||T||-[[Sw||s < [[T|[-[[S]|-[[w]]c.
Hence ||TS|| < ||T]| - [|S]].

Q.ED.
A special bounded operator is the bounded linear functional f : H — C,

where C'is the one-dimensional vector space of complex numbers (with the abso-

lute value

cdot| as the norm). Thus f(u) is a complex number for each v € # and f(au +

Bv) = af(u) + pf(v) for all scalars «, 5 and u, v € H The norm of a bounded

linear functional is defined in the usual way:

£/ = sup [£(u). (25)

[[uf|l7=1

For fixed v € # the inner product f(u) = (u,v), where (-, -) is an import example
of a bounded linear functional. The linearity is obvious and the functional is
bounded since |f(u)| = [(u,v)| < ||u|| - ||v||. Indeed it is easy to show that
l|f]| = ||v||. A very useful fact is that all bounded linear functionals on Hilbert
spaces can be represented as inner products. This important result, the Riesz
representation theorem, relies on the fact that a Hilbert space is complete. It is an
elegant application of the projection theorem.

Theorem 17 (Riesz representation theorem) Let f be a bounded linear functional
on the Hilbert space . Then there is a vector v € # such that f(u) = (u,v) for
all u € H.

PROOF:
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o Let NV = {w € H : f(w) = 0} be the null space of f. Then N is a
closed linear subspace of . Indeed if w,w, € N and a, 3 € C we have
f(aw; + Bws) = af (wy) + Bf(wy) = 6, 50 awy + fwy € N. If {w,} is
a Cauchy sequence of vectors in NV, i.e., f(w,) = 0, with w, — w € H as
n — oo then

[f(w)| = [f(w) — f(wn)| = [f(w — wn)| < [[f[| - [ — wa|[ =0
asn — oo. Thus f(w) = # and w € N/, so N is closed.

e If f is the zero functional, then the theorem holds with v = 6, the zero
vector. If F is not zero, then there is a vector uy € H such that f(uy) = 1.
By the projection theorem we can decompose uq uniquely in the form uy, =
vy + wo Where wy € N and vy L N. Then 1 = f(up) = f(vy) + f(wo) =
f(’l}o).

e Every u € # can be expressed uniquely in the form v = f(u)vy + w for
w € N. Indeed f(u — f(u)vy) = f(u) — f(u)f(vg) =050 u — f(u)vy € N.

o Letv = ||vg|| vp. Thenv L N and
(u,v) = (f(u)vy +w,v) = f(u)(vo,v) = £(u)||ve||*(vo, vo) = f(u).

Q.E.D.

We can define adjoints of bounded operators on general Hilbert spaces, in
analogy with our construction of adjoints of operators on finite-dimensional inner
product spaces. We return to our bounded operator T : H — K. Foranyv € K
we define the linear functional f,(u) = (Tu, v)x on H. The functional is bounded
because for [[ul|» = 1 we have

£ (u)| = |(Tu, v)c| < |[Tullx - [[ollc < [T - [[v]]x-
By theorem 17 there is a unique vector v* € #H such that
fv(u) = (TU,, U)/C = (U'a U*)’Ha

for all u € H. We write this element as »* = T*v. Thus T induces an operator
T* : I — H and defined uniquely by

(Tu,v) = (u, T*v)4, veH we k.
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Lemmal0 1. T*isa linear operator from /C to H.
2. T* is a bounded operator.
3. ||T*||* = [|T|]* = ||TT*|| = || T*T|.
PROOF:
1. Letve Kand a € C. Then
(u, T*aw)y = (Tu, aw)x = a@(Tu,v)x = @(u, T v)y
50 T*(av) = aT*v. Now let vy, v, € K. Then
(u, T*[v14ve))y = (Tu, [v1+v—2])x = (Tu, v1)c+(Tu, vo)x = (v, TV T vq)y
S0 T*(v1 + ve) = T*v; + T*vs,.
2. Set u = T*v in the defining equation (Tu,v)x = (u, T*v)%. Then
IT*0[[3;, = (T*v, T*0)% = (TT*v,v)x < |[[TT|[||v|lc < [[T][-||T*||]lv]]x.

Canceling the common factor ||T*v||+ from the far left and far right-hand
sides of these inequalities, we obtain

| T*v]|3 < [|T|| - [Jv]|x,
so T* is bounded.

3. From the last inequality of the proof of 2 we have || T*|| < ||T'||. However,
if we set v = Tw in the defining equation (Tu,v)x = (u, T*v)s, then we
obtain an analogous inequality

[ Tulle < [[T]] - [[ulfa

This implies ||T|| < [|bfT*||. Thus ||T|| = ||bfT*||. From the proof of
part 2 we have
T[4 = (TT*v, v)x. (2.6)
Applying the Schwarz inequalty to the right-hand side of this identity we
have
T, < [ITT][xllv][x < [ITT|] [Jv]lk,
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so |[|T*||* < ||TT*||. But from lemma 9 we have ||TT*|| < ||T|| - ||T*||,
so
[1T*][* < ||TT*|] < [|T|] - [|T*]]] = [|T*]*.

An analogous proof, switching the roles of u and v, yields

IT|* < [|T*T|| < [|T]| - || T[] = [|T| |
Q.E.D.

2.6.2 Least squares approximations

Many applications of mathematics to statistics, image processing, numerical anal-
ysis, global positioning systems, etc., reduce ultimately to solving a system of
equations of the form T'a = b or

Ty - Ty &5 B
Lo : =1 : | (2.7)

Tnl e Tnm Qm 5n
Here b = {1, - -, B} are n measured quantities, the n x m matrix ' = (T}y) is
known, and we have to compute the m quantities a = {ay, -+, ., }. Since b is

measured experimentally, there may be errors in these quantities. This will induce
errors in the calculated vector a. Indeed for some measured values of b there may
be no solution a.

EXAMPLE: Consider the 3 x 2 system

31 0
11 ( o ) = 2
1 2)\*® Bs
If 53 = 5 then this system has the unique solution a; = —1, ap, = 3. However, if
B3 = 5+ € for e small but nonzero, then there is no solution!
We want to guarantee an (approximate) solution of (2.7) for all vectors b and
matrices 7. We adopt a least squares approach. Let’s embed our problem into
the inner product spaces V' and W above. That is 7" is the matrix of the operator

T : V — W, bis the component vector of a given w € W (with respect to the
{w,;} basis), and a is the component vector of v € V' (with respect to the {v;}
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basis), which is to be computed. Now the original equation Ta = b becomes
Tv = w.

Let us try to find an approximate solution v of the equation Tv = w such that
the norm of the error ||w — Tw||w is minimized. If the original problem has an
exact solution then the error will be zero; otherwise we will find a solution v with
minimum (least squares) error. The square of the error will be

¢ = min||w — Tolfy = [lw — Twolfjy
This may not determine v, uniquely, but it will uniquely determine Tw.

We can easily solve this problem via the projection theorem. recall that the
range of T, R(T) = {Tu : u € V} is a subspace of W. We need to find
the point on R(T) that is closest in norm to w. By the projection theorem, that
point is just the projection of w on R(T), i.e., the point Tvy € R(T) such that
w — Twvy L R(T). This means that

(w—Tvy, Tv)w =0
for all v € V. Now, using the adjoint operator, we have
(w — Ty, Tv)w = (T*[w — Twg),v)y = (T*w — T*Tvg,v)y =0
for all v € V. This is possible if and only if
T*Tvy = T w.
In matrix notation, our equation for the least squares solution aq is
T*Tay = T*b. (2.8)

The original system was rectangular; it involved m equations for n unknowns.
Furthermore, in general it had no solution. Here however, the n x n matrix T*T
is square and the are n equations for the n unknowns ay = {aq,---,a,}. If
the matrix 7" is real, then equations (2.8) become 7% Tay = T*b. This problem
ALWAYS has a solution a¢ and T'aq 1S unique.

There is a nice example of the use of the least squares approximation in lin-
ear predictive coding (see Chapter 0 of Boggess and Narcowich). This is a data
compression algorithm used to eliminate partial redundancy in a signal. We will
revisit the least squares approximation in the study of Fourier series and wavelets.
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Chapter 3

Fourier Series

3.1 Definitions, Real and complex Fourier series

We have observed that the functions e, (t) = €™ /v/2r, n = 0,£1, £2, - - - form
an ON set for in the Hilbert space L?[0, 2| of square-integrable functions on the
interval [0, 27]. In fact we shall show that these functions form an ON basis. Here
the inner product is

(o) = | Tu@s) dt, v e 1200, 2n].

We will study this ON set and the completeness and convergence of expansions in
the basis, both pointwise and in the norm. Before we get started, it is convenient
to assume that L2[0, 27| consists of square-integrable functions on the unit circle,
rather than on an interval of the real line. Thus we will replace every function
f(t) on the interval [0,27] by a function f*(¢) such that f*(0) = f*(2n) and
fx(t) = f(t) for 0 < ¢t < 27 Then we will extend f* to all —co < t < oo
be requiring periodicity: f*(t + 27) = f*(¢). This will not affect the values of
any integrals over the interval [0, 27]. Thus, from now on our functions will be
assumed 27 — periodic. One reason for this assumption is the

Lemma 11 Suppose F'is 2w — periodic and integrable. Then for any real number
a

/a " Pt = / " Flt)at.

o
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NOTE: Each side of the identity is just the integral of F' over one period. For an
analytic proof we use the Fundamental Theorem of Calculus and the chain rule:

d

2n+a
LT Rt = R S = P +a) - Fla) =0,
a Ja

da

so [>T F'(t)dt is a constant independent of a.

Thus we can transfer all our integrals to any interval of length 27 without
altering the results.

For students who don’t have a background in complex variable theory we will
define the complex exponential in terms of real sines and cosines, and derive some
of its basic properties directly. Let z = = + 7y be a complex number, where z and
y are real. (Here and in all that follows, i = v/—1.) Then z = z — 4.

Definition 22 e* = exp(z)(cosy + isiny)
Lemma 12 Properties of the complex exponential:
o 7l — gtz
o [¢*| = exp(z)
o ¢ =¢? = exp(z)(cosy — isiny).

Simple consequences for the basis functions e,, () = €™ /\/2m, n = 0,41, +2, - - -
where t is real, are given by

Lemma 13 Properties of e:

° ein(t+27r) — eint
o e =1
e ¢int — p—int

e ¢imtpint — ei(m+n)t

e =1

d int __ ;. int
[ ) dte =1ne .

Lemma 14 (e, em) = Opm-
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PROOF: If n # m then

i(n—m)t

IR 1 e
= — n=mltgp = — — 2" = 0.
(én, €m) 27r/0 ‘ 2mi(n —m) °
If n = m then (e, em) = & J5" 1 dt = 1. Q.E.D.
Since {e,} is an ON set, we can project any f € L?[0, 2n] on the subspace
generated by this set to get the Fourier expansion

o0

f(@) ~ _Z_ (fsen)en(t),
or - ) ,
ft) ~ Z cpe™, Cp = %/o f(t)e ™adt. (3.1)

n=—oo
This is the complex version of Fourier series. (For now the ~ just denotes that the
right-hand side is the Fourier series of the left-hand side. In what sense the Fourier
series represents the function is a matter to be resolved.) From our study of Hilbert
spaces we already know that Bessel’s inequality holds: (£, f) > 322 |(f, en)|?

or
[0k > 3 el 2

n=—oo

An immediate consequence is the Riemann-Lebesgue Lemma.
Lemma 15 (Riemann-Lebesgue, weak form) limy, ., J2™ f(t)e~™tdt = 0.

Thus, as |n| gets large the Fourier coefficients go to 0.
If f isareal-valued function then¢, = c_,, for all n. If we set

Cn:an Zna n205152a"'
2
Cfn:a —gz s n=12--

and rearrange terms, we get the real version of Fourier series:

00 1 27
ft) ~ %+Z(ancosnt+bnsinnt), an:—/ f(t) cosnt dt
n=1 T J0
1 27
by = - / F(t) sinnt dt (3.3)
7 Jo
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with Bessel inequality

L 2m 2 lao)? | & 2 2
— [Pt > 4 S (anf? + [bu?).
0 n=1

REMARK: The set {—+, — cosnt, ——sinnt} forn = 1,2,--- is also ON in

: var? Vr vr : o .
L?[0, 2], as is easy to check, so (3.3) is the correct Fourier expansion in this basis
for complex functions f(t), as well as real functions.

Later we will prove the following basic results:
Theorem 18 Parseval’sequality. Let f € L2[0,27]. Then (f, f) = X2 (f, en)|?

In terms of the complex and real versions of Fourier series this reads

1 27 9 _ 0 9
o )y W@Pd= 3 el (34)
or
1 2 2 _|CL0|2 - 2 2
2 ) 1P =5 5 (ol + ).

Let f € L?0,2x] and remember that we are assuming that all such functions
satisfy f(t + 2m) = f(t). We say that f is piecewise continuous on [0, 2] if it
is continuous except for a finite number of discontinuities. Furthermore, at each
t the limits f(t + 0) = limh_>0,h>0 f(t + h) and f(t — 0) = limh_)(),h>0 f(t — h)
exist. NOTE: At a point ¢ of continuity of f we have f(t+0) = f(t—0), whereas

at a point of discontinuity f(¢ + 0) # f(t — 0) and f(t + 0) — f(¢ — 0) is the
magnitude of the jump discontinuity.

Theorem 19 Suppose
e f(t) is periodic with period 27.
e f(t) is piecewise continuous on [0, 27].
e f'(t) is piecewise continuous on [0, 27].

Then the Fourier series of f(t) converges to {H2E/(=0 at each point ¢.
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3.2 Examples

We will use the real version of Fourier series for these examples. The transforma-
tion to the complex version is elementary.

1. Let

and f(t+2m) = f(t). We have ag = £ [7" Tt d¢ = 0. and for n > 1,

1 f2n 7 — ¢ =t gin nt 1 2m
ay = —/ T cosntdt = -2 |§” + / sinnt dt = 0,
7 Jo 2 nmw 2mn Jo
1 f2nqp—t =t cosnt 1 2 1
bn:—/ T sinntdt = — 2 ‘3”— / cosnt dt = —.
7 Jo nm 2mn Jo n
Therefore,
— 1 > sin nt
-y ,  0<t<2m.
2 =on

2. Let

and f (¢ + 2m) = f(t) (astep function). We have ag = < [ dt = 1, and for

n>1,
1 sin nt
an:—/ cosnt dt = b =0,
m Jo
1 [, cos nt 1)t 41 2 odd
bn:_/ sinnt dt = — n‘g:( )+ :{wn’ n
m Jo nmw nm 0, neven.
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Therefore,

1 o sin(2j — 1)t
fit) =5+~ Z .

2 i3 27 —1
For 0 < ¢t < 7 this gives

sin 3t n sin 5t n
3 5 ’

T sint +
— = S1n
4

and for < t < 27 it gives

sin 3t n sin 5t
3 5

T =sint +
i

Parseval’s equality becomes

]—1

3.3 Fourier series on intervals of varying length,
Fourier series for odd and even functions

Although it is convenient to base Fourier series on an interval of length 27 there
is no necessity to do so. Suppose we wish to look at functions f(z) in L?[a, f].
We simply make the change of variables ¢t = g’% in our previous formulas. Every

function f(z) € L*[a, 5] is uniquely associated with a function f(t) € L?[0, 2n]

by the fOI‘mU|a f([l,') f( 2nz ) /IB - COS 2B7TTL.’,C 1137% Sin ,23ﬂIL§‘

forn =1,2,---isan ON basis for L?[a, /], The real Fourier expansion is

27 . 2mnx
flz) ~ ) +nZ:1 ancosﬁ +bn mﬁ—a)’ (3.5)
2 B 2mnx 2 B . 2mnx
ap = ,B—a/a f(ac)cosﬁ_adx, bn_ﬁ——a/a f(z)sin _adx

with Parseval equality

o [ 1@ = B+ ),




For our next variant of Fourier series it is convenient to consider the interval
[—, w] and the Hilbert space L?[—, 7r]. This makes no difference in the formulas,
since all elements of the space are 27-periodic. Now suppose f(¢) is defined and
square integrable on the interval [0, 7]. We define F'(¢) € L?[—m, 7] by

| f(®) on[0,n]
F(t)_{f(—t) for —m<t<0

The function F has been constructed so that it is even, i.e., F'(—t) = F(t). For an
even functions the coefficients b, = X ™ F(t)sinnt dt = 0 s0

a o
F(t) ~ 50 + Y ancosnt

n=1
on [—m, | or

f(t)w%%—Zancosnt, foro<t<n (3.6)

n=1
1 7 2w
an = —/ F(t) cosnt dt = —/ f(t) cosnt dt.
m™J—m m™Jo
Here, (3.6) is called the Fourier cosine series of f.

We can also extend the function f(¢) from the interval [0, 7] to an odd function
on the interval [—, 7]. We define G(t) € L?[—m, 7] by

f@)  on(0,7]
0 fort =0
—f(=t) for —m <t <0.

G(t) =

The function G has been constructed so that it is odd, i.e., G(—t) = —G(t). For
an odd function the coefficients a, = 1 /7, G(t) cosnt dt = 0 s0

G(t) ~ Y bysinnt
n=1

on [—m, | or
f@)~ > bysinnt, for0<t<m, (3.7)
n=1

1 p7 ) 2 (7 .
b, = —/ G(t)sinnt dt = ;/0 f(t) sinnt dt.

™ J—7

48



Here, (3.7) is called the Fourier sine series of f.
EXAMPLE: f(t) =t, 0 <t <. Fourier Sine series.

2 (7 —2t t 2 [T 2(—1)t1
bn:——/‘tﬁnntdtz———£g¥1|g+~—— cosnt dt = 2D
mJo nm nmw.Jo n
Therefore, X
o 9(—1)nt
t:Z (=1) sin nt, 0<t <.
n=1 n
Fourier Cosine series.
2 (7 2t sin nt 2 [T 201" — 1
anZ—/ tcosnt dt = 0 —— s1nntdt:¥
m™Jo nm nmw.Jo nem

forn>1landay =2 [§¢tdt=,5s0

T oo
t=—— —_— 0<t<m.
) Z (2]'_ 1)2 &

3.4 Convergence results

In this section we will prove the pointwise convergence Theorem 19. Let f be a
complex valued function such that

e f(t) is periodic with period 2.
e f(t) is piecewise continuous on [0, 27].
e f'(t) is piecewise continuous on [0, 27].

Expanding f in a Fourier series (real form) we have

00 1 27
f@t) ~ 204 > (ay cosnt + by, sinnt) = S(t), ay = —/ f(t) cosnt dt
2 = m Jo
1 27
by = - / () sinnt dt (3.8)
7 Jo
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For a fixed ¢ we want to understand the conditions under which the Fourier series
converges to a number S(t¢), and the relationship between this number and f. To
be more precise, let

k
S(t) = % + Y (an cosnt + by, sin nt)
n=1
be the k-th partial sum of the Fourier series. This is a finite sum, a trigonometric
polynomial, so it is well defined for all £ € R. Now we have

= i
S(t) = Jim Si(1)
if the limit exists. To better understand the properties of S(¢) in the limit, we
will recast this finite sum as a single integral. Substituting the expressions for the
Fourier coefficients a,,, b,, into the finite sum we find

m k m m
Sk(t) = L /2 f(x)dx—f—%nz::l (/02 f(z) cosnz daccosnt—i—/o2 f(z)sinnz dxsinnt) ,

2m Jo
SO
1 2w k
Sk(t) = ;/0 l Z cosnmcosnt—i—smnxsmnt] f(z)dz
= %/Ohl é os[nt—x]f(x)dx
_ ! / Dyt — o) (z)dz. (3.9)
7 Jo

We can find a simpler form for the kernel Dy (¢) = 1 + ¥F_ cosnt = —1 +
>k _,cosmt. The last cosine sum is the real part of the geometric series

i (eit)m — (eit)k+1 -1
= eit -1
SO .
1 1 it\k+1 __ 1
—§+ Z cosmt = —§+Re(ee)it71
m=0 -
it\k 1 4 1 ok i(k 1/, —1
~ Re (ezt) +1._ 56” -1 ~ Re etkt _ ez( +1)t + 5(ezt —e zt)
et —1 4gin? L

2
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Thus, 1
_ 1 in(k + 35)t
cos kt cos(tk + 1)t _ sin( +t2) . (3.10)

5 251115

Di(t) = Asin

Note that D has the properties:

o Dy(t) = Dg(t + 2m)

o Dy (—t) = Dg(t)

e Dy(t) is defined and differentiable for all ¢ and D (0) = & + 3.
¢From these properties it follows that the integrand of (3.9) is a 27-periodic func-
tion of z, so that we can take the integral over any full 27-period:

1 a+m
Sk(t) = —/_ Dy(t — z) f(z)dz,

for any real number a. Let us set a = ¢t and fix a 0 such that 0 < § < . (Think of
0 as a very small positive number.) We break up the integral as follows:

Si(t) = % ( / t: + ::) Dyt — 2)f (z)dz + % / H; Dyt — ) f(z)da.
For fixed ¢ we can write Dy (¢ — ) in the form
_ filz,t) cosk(t — x) + fo(z,t)sink(t — )
B sin[(t — )]

Dk(t — l’)

= g1(z,t) cosk(t — x) + go(z,t) sin k(t — x).
In the interval [t — 7, ¢ — 4] the functions g¢;, go are bounded. Thus the functions

| gz, t) forz et —mt—10] _
Go(z,t) = { 0 elsewhere ’ t=1,2

are elements of L?[—, 7] (and its 27-periodic extension). Thus, by the Riemann-
Lebesgue Lemma, applied to the ON basis determined by the orthogonal functions
cos k(t—z),sin k(t—x), the first integral goes to 0 as £ — oco. A similar argument
shows that the integral over the interval [t + 0, ¢ + 7] goes to 0 as £ — oo. [ This
argument doesn’t hold for the interval [t — 6, ¢ + 6] because the term sin[Z (¢ — z)]
vanishes in the interval, so that the GG, are not square integrable.] Thus,
1 t+o
k]i_fg; Sk(t) = lim — Dy(t — z) f(z)dz, (3.11)

k—oo T Jt—6
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where,

_ sin(k 4 3)t
= ——F.
2

Dy (t
(?) 2sin
Theorem 20 Localization Theorem. The sum S(t) of the Fourier series of f at
t is completely determined by the behavior of f in an arbitrarily small interval
(t —d,t+ d) about ¢.

This is a remarkable fact! Although the Fourier coefficients contain informa-
tion about all of the values of f over the interval [0, 27), only the local behavior
of f affects the convergence at a specific point ¢.

3.4.1 The convergence proof: part 1

Using the properties of D(t) derived above, we continue to manipulate the limit
expression into a more tractable form:

. . 1 rt+é ) 1 5
lim S,(1) = lim — [* " Dy(t — @) f(@)dw = Jim — [ Dy(u)f(t + u)du
R
= Jim ;/0 Dy(z)[f(t + z) + f(t — z)]da.
Finally,
5 si 1 B
lim Sp() = lim sinl(k + )] [f(t+2) + [t =)o
k—o0 k—oo T Jo T 9 Sln%
5 s 1
C i Ll R 612
k—o0 77 JO T
Here
) = L0+ D) + /(- 2)lw
2sin
Properties of F(z):

e F'(x) is piecewise continuous on [0, d]
e F'(z) is piecewise continuous on [0, d]

o F(+0) = f(t+) + f(t—)
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e F'(+0) = f'(+0) — f'(—0) PROOF:

P =t ST
_ o JEER) SR = f(E+0) = f(E=0)
h—0,h>0 h
_ gy JEFR SO0 o, SEZR) —SEZ0)
h—0,h>0 h h—0,h>0 h

= f'(t+0)— f'(t - 0).
Q.E.D.

Now we see what is going on! All the action takes place in a neighborhood of
x = 0. The function F'(z) is well behaved near z = 0: F(0+) and F’(0+) exist.

. l ; A
However the function m“ZJ has a maximum value of k + % at z = 0, which

i 1
blows up as £ — oo. Also, as & increases without bound, sinlk+2)7] Gecreases

rapidly from its maximum value and oscillates more and more quickly.

3.4.2 Some important integrals

To finish up the convergence proof we need to do some separate calculations. First
of all we will need the value of the improper Riemann integral [;* Si%dx. The
function sinc z is one of the most important that occurs in this course, both in the
theory and in the applications.

sin wx
T for X ?é 0

Definition 23 sinc x = { 1 forz=o0.

The sinc function is one of the few we will study that is not Lebesgue inte-
grable. Indeed we will show that the L'[0, oc] norm of the sinc function is infinite.
(The L?[0, oo norm is finite.) However, the sinc function is improper Riemann
integrable because it is related to a (conditionally) convergent alternating series.
Computing the integral is easy if you know about contour integration. If not, here
is a direct verification (with some tricks).

Lemma 16 The sinc function doesn’t belong to L'[0, c0]. However the improper
Riemann integral 7 = limy_,, fON " S22 dx does converge and

Iz/oo Smxdm :w/oosincxdxz T (3.13)
0 z 0 2
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PROOF: Set A;, = f&)™ 502 |4z Note that

2 /(k+1)7r | sin 7| s < /(k—|—1)7r \Sinx|d - /(k+1)7r |Smx‘d =
T N — ——ax —ax _
(k + ].)’/T km (k' + 1)7T kmw X km k
SO e < Ak < oz fork > 0. Thus Ay — 0as k — oo and Ay < Ay,

so I = 22 ,(—1)kA; converges. (Indeed, it is easy to see that the even sums
Ep =¥ (—1)*A, form adecreasing sequence Eg > Ey > -+ > Ep > +-- > [
of upper bounds for I and the odd sums O, = Y2"t1(—1)* A, form an increasing
sequence Oy < O < --- < Op < --- < I of lower bounds for I. Moreover
E, — Op = Agp1 — 0as h — 00.) However,

2 1 1 1
/ ‘Slnx‘dx_ZAk> ( _{_5_}_5_1’_._._{_%_{_---)

diverges, since the harmonic series diverges.
Now consider the function

G(t) = /0 ooe_mSlzxdac, (3.14)
defined for ®¢ > 0. Note that
— -1 k _1\k, —tzP ¥
Gt) =S (0" [ (~)fe

k=0 ™

converges uniformly on [0, co] which implies that G(¢) is continuous for ¢ > 0
and infinitely differentiable for ¢ > 0. Also G(0) = lim; 0 ¢~0 G(t) = G(+0).

Now, G'(t) = — [;° e “sinz dz. Integrating by parts we have
o0 —e “sing o0 —e " cosx
—tx 3 00 —tx 00
e Isinx dr = / e Fcosx dr =
% ¢t gin g
- / —p
Hence, [y° e *sinx dz = 1+t2 and G'(t) = IHQ Integrating this equation we

have G(t) = — arctant + ¢ where c is the integration constant. However, from
the integral expression for G' we have lim,_,, o G(t) = 0, so ¢ = 7. Therefore
G(0) = 5. Q.E.D.
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REMARK: We can use this construction to compute some other important inte-
grals. Consider the integral [;° S22e¢~*A*dy; for \ a real number. Taking real and
imaginary parts of this expression and using the trigonometric identities

sin asin § = %[cos(a—ﬁ)—cos(a—i—ﬁ)], sin a.cos § = ;[sm( —B)+sin(a+75)],

we can mimic the construction of the lemma to show that the improper Riemann
integral converges for || # 1. Then

/oo ST ide gy = lim G(z)\ +€)
0

€T €—0,e>

where, as we have shown, G(t) = —arctant + 5 = ZIn %% + 2. Using the

property that In(e®) = i for —m < 0 < 7 and taking the limit carefully, we find

3 s Z
/00 Slnxefi)‘wdx _ { ? 1n‘1+>\ for|A| < 1
0

x In ‘1+)\ for|A| > 1.

Noting that [0, SilZe-Azdy = 2 [ SN2 cog(Az)da we find

o sing m for|A| <1
/ ML =idagy = { 1 for|A| =1 (3.15)
el 0 for[A|>1

Lemma 17 Letd > 0, (think of § as small) and F'(z) a function on [0, 6]. Suppose
e F'(x) is piecewise continuous on [0, J]
e F'(z) is piecewise continuous on [0, ¢]
e F'(+0) exists.

Then
0 sin kx

lim
k—00 Jo xT

F(z)dz = gF(—i-()).

PROOF: We write

5 g § s § F(r) — F
/ SINKT b Yz = P(+40) / Sinke / (#) = FGO0) 1 e o
0 X 0 X 0 X
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Set G(z) = T@FEY for ¢ [0,4] and G(z) = 0 elsewhere. Since F'(+0)
exists it follows that G € L2. hence, by the Riemann-Lebesgue Lemma, the
second integral goes to 0 in the limitas £ — oc. Hence

5 sin k 5 sin k
lim [ % xF(:v)dm = F(+0) lim R
k—oo Jo €T k—o00 JO x
F(+0) tim [ S = T p(40)
= im = - :
k—oo Jo U Y 2

For the last equality we have used our evaluation (3.13) of the integral of the sinc
function. Q.E.D.
It is easy to compute the L2 norm of sinc z:

Lemma 18

0 gin? oo
/ ST g = 7r/ sinc?z dz = ~. (3.16)
0 0 2

CCZ
PROOF: Integrate by parts.

% sin® g sin? x| % 2sInx COS X % sin 2z
s—dr = — o+ ————dr = dx
o T x 0 x 0 x

_/Oosinyd m
oy =5

Q.E.D.

Here is a more complicated proof, using the same technique as for Lemma 13.
Set G(t) = [5° e '*(22)2dz, defined for ¢ > 0. Now, G"(t) = [5° e “sin®z dz
for t > 0. Integrating by parts we have

/ e “sin xdacz?/ 5
0 o t

Hence, G"(t) = g3 Integrating this equation twice we have

dar:—4/oo @dx.
0 12

1 1 t
G(t) = Stint - Ztln(4 + t?) — arctan g Hht+e
where b, c are the integration constants. However, from the integral expression for
G we have limy, o G(t) = lim;, 1 G'(t) = 0,50 b = 0,c = §. Therefore
G(0) = 7. Q.ED.
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Again we can use this construction to compute some other important integrals.
Consider the integral [°(222)2e~"**qdz for \ a real number. Then

/ TRy = lim G(id+e)
0

xT €—0,e>0

where,

1 1 t
G(t) = Etlnt - Ztln(4 + t*) — arctan 5T g

Using the property that In(e*) = i for —m < 6 < 7 and taking the limit carefully,
we find

/oo(Sinx)Qe_Mmd:c _ { Dln|A| £43) — 2|4 — N[ + %ln|% +45 for:A<2
0 z n

|
DA £if) — §(In|4 — X £im) + tIn |33 for£ > 2.

Noting that [ (322)2e~A?dy = 2 [°(222)2 cos(Az)dz we find
© SINT.o .. | w(l— %[) for|A| < 2
L e dm‘{ 0 for| A| > 2 (3.17)
3.4.3 The convergence proof: part 2

We return to the proof of the pointwise convergence theorem.

Theorem 21 Suppose
e f(t) is periodic with period 27.
e f(t) is piecewise continuous on [0, 27].

e f'(t) is piecewise continuous on [0, 27].

t—0)

Then the Fourier series of f(¢) converges to % at each point ¢.

END OF PROOF: We have

k
Sk(t) = % + > (an cosnt + by sin nt)

n=1
and

lim Sy (1) = lim ~ [ SLEE 27l [f(t+2) + St =)
k—o0 k—oo T JO T 2sin z

dz
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.1 osin[(k + 3)z]
= lim — —_—t
k—oo 7 Jo X

F kS gi
= D) gy [P0, T p(1g)
T k—=ooJo U 2

by the last lemma. But F'(+0) = f(¢ + 0) + f(¢t — 0). Hence

lim S (t) = f(t+0)+f(t—0)'

k—o0 2

F(z)dzx

Q.E.D.

3.4.4 An alternate (slick) pointwise convergence proof

We make the same assumptions about f(¢) as in the theorem above, and in addi-
tion we modify f, if necessary, so that

ft+0)+ f(t—0)

£(t) = :

at each point t. This condition affects the definition of f only at a finite number
of points of discontinuity. It doesn’t change any integrals and the values of the
Fourier coefficients.

Lemma 19 )

/ Di(z)dx =7

0
PROOF:

2m D (2)d 21 1 k J
/0 k() ac—/o (§+n§::1cosnx) xr =T.
Q.E.D.
Using the Lemma we can write
1 2m
Sit) = £(t) = — [ Dalt = 2)[f () = F(®)}de
m™Jo

- %/()WDk(x)[f(t—i-a:)-f-f(t—x)_Qf(t)]dx
:l/’r [f(t+x)+ f(t —z) = 2f(t)]

0z
251n2

1
sin(k + §)$ dzx
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1 ™
== / [H:(t,z)sinkx + Hy(t, z) cos kz|dx

m™Jo
¢From the assumptions, H;, H, are square integrable in z. Indeed, we can use
L’ Hospital’s rule and the assumptions that f and f’ are piecewise continuous to

show that the limit

Lo )+ f( =) = 2f(0)

z—0 2 sin %

exists. Thus Hy, H, are bounded for z = 0. Then, by the Riemann-Lebesgue
Lemma, the last expression goes to 0 as £ — oc:

Jim [S,(t) — f(t)] = 0

3.4.5 Uniform pointwise convergence

We have shown that for functions f with the properties:
e f(t) is periodic with period 2.
e f(t) is piecewise continuous on [0, 27].
e f'(t) is piecewise continuous on [0, 27].
then at each point ¢ the partial sums of the Fourier series of f,

Qg

0 27
ft) ~ 5t > (ay cosnt + by, sinnt) = S(t), ay, = —/ f(t) cosnt dt
= 0

n=1

1 27

by = - / F(#) sinnt dt,
mJo

converge to w:

k
Sk(t) = % + Y (an cosnt + by, sin nt),

n=1

lim S (t) = f(t+0)+f(t—0).

k—00 2
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(If we require that f satisfies f(t) = L0109 4 gach point then the series will
converge to f everywhere. In this section | will make this requirement.) Now we
want to examine the rate of convergence.

We know that for every e > 0 we can find an integer N (e, t) such that | Sy (¢) —
f(t)| < eforevery k > N(e, t)|. Then the finite sum trigonometric polynomial
Sk(t) will approximate f(¢) with an error < e. However, in general N depends on
the point ¢; we have to recompute it for each ¢. What we would prefer is uniform
convergence. The Fourier series of f will converge to f uniformly if for every
e > 0 we can find an integer N (¢) such that |S,(t) — f(t)| < e forevery k > N(e)
and for all ¢. Then the finite sum trigonometric polynomial Sy (¢) will approximate
f(t) everywhere with an error < e.

We cannot achieve uniform convergence for all functions f in the class above.
The partial sums are continuous functions of ¢, Recall from calculus that if a
sequence of continuous functions converges uniformly, the limit function is also
continuous. Thus for any function f with discontinuities, we cannot have uniform
convergence of the Fourier series.

If f is continuous, however, then we do have uniform convergence.

Theorem 22 Assume f has the properties:
e f(t) is periodic with period 27.
e f(t) is continuous on [0, 27].
e f'(t) is piecewise continuous on [0, 27].

Then the Fourier series of f converges uniformly.

PROOF: Consider the Fourier series of both f and f:

00 1 27
ft) ~ % + Y (an cosnt + by, sinnt), ay, = —/ f(t) cosnt dt
n=1 T J0
1 2w .
b, = —/ f(t) sinnt dt,
7 Jo
! AO — . . 1 por ,
fiit) ~ - + Y (A, cosnt + B, sinnt), A, =— f(t) cosnt dt
n=1 m™Jo
1 27 , .
B, = —/ f'(t)sinnt dt,
7 Jo
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1 p2r 1
Ap = — / f'(t) cosnt dt = f (t) cos nt[3" / ) sinnt dt
7 Jo
| nby, n2>1
10, n=0
(We have used the fact that f(0) = f(2x).) Similarly,
1 g 1 _ N M [
B, = —/ fi(t)sinnt dt = — f(t) sinnt|g" — —/ f(t) cosnt dt = —na,,.
7 Jo s 7 Jo

Using Bessel’s inequality for f’ we have

e 1 2T
S (Aa2+ 1B < = [ 1f(0)Pdt < o0,
n=1 mwJ0
hence .
3" 02 (|an]® + [bal?) < 00
n=1
Now

Y=t l0n - - 1
D NI VTR SE AW
n= n n=1 n=1
m 1 m
n=1

n=1
which converges as m — oo. (We have used the Schwarz inequality for the last
step.) Hence Y02, |an| < 00, 3202, [bn| < 00. Now

% + Y " (an cosnt + b, sinnt)| < |%| + Y " (lan cosnt| + |b, sinnt|) <

n=1 n=1

ao ol
o |+ 22 (an] + [bnl) < o0,
n=1

so the series converges uniformly and absolutely. Q.E.D.

Corollary 7 Parseval’s Theorem. For f satisfying the hypotheses of the preceding
theorem )
|

e 1 27
5+ o (anl® +10a) =~ [ 17 (0) P

n=1
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PROOF: The Fourier series of f converges uniformly: for any e > 0 there is an
integer N (¢) such that |Sk(¢) — f(t)| < e for every k > N(e) and for all ¢. Thus

| 0‘2 2

k ) €
E + |bn —
~ |an| | | 271'

27
LISk = £ de = 15— 12 = 1711 -
for k£ > N(e). Q.E.D.

REMARK 1: Parseval’s Theorem actually holds for any f € L?[0, 27], as we shall
show later.

REMARK 2: As the proof of the preceding theorem illustrates, differentiability
of a function improves convergence of its Fourier series. The more derivatives the
faster the convergence. There are famous examples to show that continuity alone
is not sufficient for convergence.

3.5 More on pointwise convergence, Gibbs phenom-
ena

Let’s return to our Example 1 of Fourier series:

0, t=0
h(t)=1¢ =t 0<t<2m
0, t = 2.
and h(t + 2m) = h(t). In this case, a, = 0 for all n.and b, = L. Therefore,

—1 sin nt
z Z ,  0<t<2m

The function A has a discontinuity at ¢ = 0 so the convergence of this series can’t
be uniform. Let’s examine this case carefully. What happens to the partial sums
near the discontinuity’>

Here, Sy, (t) = Yk_, 522 50
1 sin(k+3)t 1 sin%cos k+1

:Zcosnt:Dk(t)_§:2siT_§:
= 2

sin 5

Thus, since Sy (0) = 0 we have

t t [ sin k cos (k+1)””
— [ 8 (2)dz = / dz.
/osk(z) o 0 ( 2sm§ o
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Note that S, (0) > 0 so that Sy starts out at 0 for ¢ = 0 and then increases.
Looking at the derivative of S, we see that the first maximum is at the critical point

ty = 347 (the first zero of cos —(’“*21“ as x increases from 0). Here, h(t) = =5k,
The error is ( 1)
t sin(k + =)z T
Se(ty) — h(ty) = / sk + )T, 7T
k( k) ( k) 0 QSin% * 2
te sin(k + £ t 1 1 1
:/kwda;+/k — — = Sin(k+_)xda;_z
0 x 0 2 sin 5 X 2 2
T
= I(ty) + J(tx) — 5
where
tr sin(k + L (k+3)t si T S
I(ty) = / csin(k+o)7 =/ s —>/ S~ 1.851397052
0 X 0 u 0 u

(according to MAPLE). Also

t 1 1
J(ty) = / ' ( - —) [sin kz cosg + cos nx sin g] dx.
0

QSin% T

Note that the quantity in the round braces is bounded near = = 0, hence by the
Riemann-Lebesgue Lemma we have J(tx) — 0 as k — oco. We conclude that

lim (S (t) = h(ti)) ~ 1.851397052 — - ~ 280600725
— 00

o

Tosumup,limy_,o Sk (tx) ~ 1.851397052 whereas limy,_, h(ty) = § ~ 1.570796327.
The partial sum is overshooting the correct value by about 17.86359697%! This
is called the Gibbs Phenomenon.

To understand it we need to look more carefully at the convergence properties
of the partial sums S (¢) = ¥F_, 22t for all ¢.

First some preparatory calculations. Consider the geometric series E(t) =

k int _ eit(l_eikt)

Yo €= gt
Lemma 20 For(0 < t < 27,

2 1
|1 —eit|  sin

|Ex(t)] < T

2

k eint
n=1 n

Note that S(¢) is the imaginary part of the complex series Y-
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Lemma?2l Let0 < a < B < 27. The series >0° en—"t converges uniformly for
all ¢ in the interval [, §].

PROOF: (tricky)

zk: e & En(t) — Baalt) _ Z’“: En(t) Zk: E.(t) E;j1(t) N Ei(t)
n—j nej n oy S [ [ +1 J K+1
and
k int k
e 1 1 1 1 1 2
< - - - _
‘HZ:J n|_sin%(n§j(n n+1)+j+k+1) jsint

eznt

This implies by the Cauchy Criterion that Z’;:j & converges uniformly on [a, f].
Q.E.D.

This shows that the Fourier series for h(t) converges uniformly on any closed
interval that doesn’t contain the discontinuities at ¢ = 27/, / = 0,£1,+£2,---.
Next we will show that the partial sums Si(¢) are bounded for all ¢ and all k.
Thus, even though there is an overshoot near the discontinuities, the overshoot is
strictly bounded.

¢From the lemma on uniform convergence above we already know that the
partial sums are bounded on any closed interval not containing a discontinuity.
Also, Si(0) = 0 and Si(—t) = —Sk(t), so it suffices to consider the interval
0<t<3.

We will use the facts that 2 < 2t < 1 for 0 < ¢ < Z. The right-hand
inequality is a basic calculus fact and the left-hand one is obtained by solving the
calculus problem of minimizing S‘—;‘t over the interval 0 < ¢ < 7. Note that

sin nt tsinnt sin nt
<l X — =1+ X

1<n<1/t 1/t<n<k

k
1>
n=1

n

Using the calculus inequalities and the lemma, we have

k

sin nt 2
1> < Xt
n=1 " 1<n<1/t 3 Sy

s

=14 27.

<t--+

SR
o=
N |

2
Thus the partial sums are uniformly bounded for all ¢ and all k.

We conclude that the Fourier series for h(t) converges uniformly to A(t) in
any closed interval not including a discontinuity. Furthermore the partial sums of
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the Fourier series are uniformly bounded. At each discontinuity ¢t = 27N of h
the partial sums Sy overshoot h(ty + 0) by about 17.9% (approaching from the
right) as £ — oc and undershoot A(ty — 0) by the same amount.

All of the work that we have put into this single example will pay off, because
the facts that have emerged are of broad validity. Indeed we can consider any
function f satisfying our usual conditions as the sum of a continuous function for
which the convergence is uniform everywhere and a finite number of translated
and scaled copies of h(t).

Theorem 23 Let f be a complex valued function such that
e f(t) is periodic with period 27.
e f(t) is piecewise continuous on [0, 27].
e f'(t) is piecewise continuous on [0, 27].

o f(t) = {0 ¢ each point t.

Then

ft) = % + Y (ay, cos nt + by, sin nt)

n=1
pointwise. The convergence of the series is uniform on every closed interval in
which f is continuous.

PROOF: let z, z,, - - -, z, be the points of discontinuity of f in [0, 27) Set s(z;) =
f(xz; 4+ 0) — f(x; — 0). Then the function

e slEg),
g(t) = f(t) ; —h(t — )

is everywhere continuous and also satisfies all of the hypotheses of the theorem.
Indeed, at the discontinuity z; of f we have

oa;-0) = f(a;—0) - 2T (0 = f(a,-0) LB 20D o)
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Similarly, g(xz; + 0) = f(x;). Therefore g(¢) can be expanded in a Fourier series

that converges absolutely and uniformly. However, Ele “—jﬁh(t — ;) can be ex-
panded in a Fourier series that converges pointwise and uniformly in every closed
interval that doesn’t include a discontinuity. But

_ 5@ ey g
50) = 900 + 3 “2n(t — ),

and the conclusion follows. Q.E.D.

Corollary 8 Parseval’s Theorem. For f satisfying the hypotheses of the preceding
theorem

0 5 laul+ ) = = [ 0Pt
2 o " " mJo .

PROOF: As in the proof of the theorem, let =1, zo, - - -, , be the points of discon-
tinuity of f in [0,27) and set s(z;) = f(z; +0) — f(xz; — 0). Choose ¢ > 0
such that the discontinuities are contained in the interior of I = (—a, 27 — a).
¢From our earlier results we know that the partial sums of the Fourier series of A
are uniformly bounded with bound M > 0. Choose P = sup;¢p o, |f()|. Then
|Sk(t)—f(t)]* < (M+P)*forall t and all k. Given e > 0 choose non-overlapping
open intervals Iy, I5, - - -, I, C I such thatz; € I; and (Zf:1 ;) (M + P)* < &.
Here, |I;| is the length of the interval I;. Now the Fourier series of f converges
uniformly on the closed set A = [—a,27 —a] — [; U I, U --- U I,. Choose an
integer N (e) such that |Sy(t) — f(¢)|* < < forallt € A,k > N(e). Then

2m—a

[ 150~ s Par= [ Isye) - f(o)de =

—a

[, 150 = s@)Pae + Sk(t) = £()dt

I1UIxU---UIy

£
€ € €
< 2m— LNM+PP<-+-=e
T T SN+ P <G+ g =
Thus limy,_, ||Sx — f|| = 0 and the partial sums converge to f in the mean.

Furthermore,
k

+ 2 (lan]* + [ba*)

n=1

|CL0|2

2w
e> [T 1Sut) ~ SO dt = 1Sk = FIP = II£]12 = w(55

for £ > N(e). Q.E.D.
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3.6 Mean convergence, Parseval’s equality, Integra-
tion and differentiation of Fourier series

The convergence theorem and the version of the Parseval identity proved immedi-
ately above apply to step functions on [0, 2x|. However, we already know that the
space of step functions on [0, 27] is dense in L]0, 2]. Since every step function
is the limit in the norm of the partial sums of its Fourier series, this means that the
space of all finite linear combinations of the functions {e™*} is dense in L?[0, 2],
Hence {e™™/v/27} is an ON basis for L]0, 27r] and we have the

Theorem 24 Parseval’s Equality (strong form) [Plancherel Theorem]. If f €
L?[0,27]

L S ol + 1aP) = = [T 500
2 — n n T 0 )

where a,,, b,, are the Fourier coefficients of f.

Integration of a Fourier series term-by-term yields a series with improved con-
vergence.

Theorem 25 Let f be a complex valued function such that
e f(t) is periodic with period 27.
e f(t) is piecewise continuous on [0, 27].
e f'(t) is piecewise continuous on [0, 27].

Let .
f(t) ~ % + Y (an cos nt + by, sin nt)

n=1

be the Fourier series of f. Then
t ao > 1 .
/ f(@)dz = —t+ ) — [aysinnt — b, (cosnt — 1)].
0 2 —n
where the convergence is uniform on the interval [0, 27].

PROOF: Let F(t) = [ f(z)dx — %¢. Then
o F(2m) = [{" f(z)dz — %2 (27) = 0 = F(0).
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e F(t) is continuous on [0, 27].
o F'(t) = f(t) — % is piecewise continuous on [0, 27].

Thus the Fourier series of F' converges to F' uniformly and absolutely on [0, 2x]:

A o0
F(t) = 20 + Y (A cosnt + B, sinnt).
n=1
Now
1 p2m F(t)sinnt 1 por ap, .
An:—/ F(t tdt:72”——/ t) — — t dt
m™Jo (t) cosn nm 0 nm Jo (/(®) 2)smn
by
= - n 7é 07
n
and
1 p2m F(t t 1 yor
B, = —/ P(t)sinnt dt = — 2D | L2y 00y oo gy
m Jo nmw nm Jo 2
Therefore,
+> (= cos nt + 8 = sinnt),
n=1 n
F(27r)—0——°—2—"
—n
Solving for A, we find
t Qg > 1
F(t) :/ J(@)dz =t =3 ~[ansinnt = by (cosnt — 1)]
n=1"

Q.E.D.

Example 2 Let
O<t<2m

Tt
— 2
f(t)_{ 0 t=0,2n.
Then

T—1 isinnt
2 n

n=1
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Integrating term-by term we find

o2t — t2

o0
1
=-Y —(cosnt—1), 0<t<2m.
4 —n

Differentiation of Fourier series, however, makes them less smooth and may
not be allowed. For example, differentiating the Fourier series

formally term-by term we get

1 o
——~ E cosnt,
2 n=1

which doesn’t converge on [0, 2x]. In fact it can’t possible be a Fourier series for
an element of L2[0, 27]. (Why?)

If f is sufficiently smooth and periodic it is OK to differentiate term-by-term
to get a new Fourier series.

Theorem 26 Let f be a complex valued function such that
e f(t) is periodic with period 27.
e f(t) is continuous on [0, 27].
e f'(t) is piecewise continuous on [0, 27].
e f(t) is piecewise continuous on [0, 27].

Let

ft) = % + Y (ay, cos nt + by, sin nt)

n=1

be the Fourier series of f. Then at each point ¢t € [0, 27] where f”(t) exists we
have

f'(t) =>_ n|—a,sinnt + b, cosnt].

n=1
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PROOF: By the Fourier convergence theorem the Fourier series of f’ converges
to [0tOHT(0=0) ¢ gach point to. If f”(t) exists at the point then the Fourier
series converges to f’(to), where

Ay &

f'(t) ~ -t > (A, cosnt + By, sinnt).
n=1
Now
1 27 t t 2w
A, = —/ f'(t) cosnt dt = J(t) cosnt am 4 E/ f(t)sinnt dt
7 Jo 7r 7 Jo

= nb,,

Ay =1 [ZTf'(t)dt = L(f(2m) — £(0)) = 0 (where, if necessary, we adjust the
interval of length 27 so that f’ is continuous at the endpoints) and

B, = %/OQW f'(t)sinnt dt = M m %/O%f(t) cosnt dt
= —nay.
Therefore,
I'(t) ~ i n(b, cosnt — a, sin nt).
n=1
Q.E.D.

Note the importance of the requirement in the theorem that f is continuous
everywhere and periodic, so that the boundary terms vanish in the integration by
parts formulas for A,, and B,,. Thus it is OK to differentiate the Fourier series

_2mt—t* w?
N 6

<1
= — —cosnt, 0<t<2
4 2712 St am

n=1

f(t)

term-by term, where f(0) = f(2x), to get

T—1 > sin nt
fl(t) = ~y :
2 =on

However, even though f’(¢) is infinitely differentiable for 0 < ¢ < 27 we have
f(0) # f'(2m), so we cannot differentiate the series again.
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3.7 Arithmetic summability and Fejér’s theorem

We know that the kth partial sum of the Fourier series of a square integrable
function f:

k
% + Y (an cosnt + by, sin nt)

is the trigonometric polynomial of order & that best approximates f in the Hilbert
space sense. However, the limit of the partial sums

S(t) = lim Sy (1),

Sk(t) =

n=1

doesn’t necessarily converge pointwise. We have proved pointwise convergence
for piecewise smooth functions, but if, say, all we know is that f is continuous or
then pointwise convergence is much harder to establish. Indeed there are exam-
ples of continuous functions whose Fourier series diverges at uncountably many
points. Furthermore we have seen that at points of discontinuity the Gibbs phe-
nomenon occurs and the partial sums overshoot the function values. In this sec-
tion we will look at another way to recapture f(¢) from its Fourier coefficients,
by Cesaro sums (arithmetic means). This method is surprisingly simple, gives
uniform convergence for continuous functions f(¢) and avoids most of the Gibbs
phenomena difficulties.

The basic idea is to use the arithmetic means of the partial sums to approximate
f. Recall that the kth partial sum of f(¢) is defined by

1 k

Sk(t) = — /%f(a:)dx+l > (/O%f(x) cos nx da;cosmH—/O27r f(z)sinnz dxsinnt) ,

21 Jo i

n=1
SO

k
Si(t) = + ) (cos nz cosnt + sin nz sin nt} f(z)dz

n=1

_|_

S—
N
3
NN

N =

é cos[n(t — )] ]f(ac)d:v

S~
Y

2

Dy(t — z) f(z)dz.

N 3= e

(=)

where the kernel Dy (¢

~—

= % + Efb:l cosnt = —% + an:o cos mt. Further,

cos kt — cos(k + 1)t sin(k + )t
2L 2sint

Dy (t) =

4 sin
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Rather than use the partial sums Si(¢) to approximate f(¢) we use the arith-
metic means oy (t) of these partial sums:

ak(t):SO(t)JrSl(t)Z"'“LS’“l(t), k=12 (3.18)
Then we have
1y 1/2” (t—2)f@de = [ l%j;:l)j(t—x)] f(@)da
=% 02” Fu(t — o) f (z)dz (3.19)
where - L sini + )t
Bl =5 2 Di) = 2 =gt
Lemma 22 _ )

PROOF: Using the geometric series, we have

k—1 ikt 012
e =€ it 1 6 1 -
= et — sin £

Taking the imaginary part of this identity we find

Z +1 _ 1 (sinkt/2)’
sin(y k\sint/2 )

Fi(

k

nt
N3

Q.ED.
Note that F' has the properties:

° Fk(t) = Fk(t+ 271')
e Fj(t) is defined and differentiable for all ¢ and F,(0) = k
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¢From these properties it follows that the integrand of (3.19) is a 2x-periodic
function of z, so that we can take the integral over any full 27-period. Finally,
we can change variables and divide up the integral, in analogy with our study
of the Fourier kernel Dy(t), and obtain the following simple expression for the
arithmetic means:

Lemma 23

) =-—
ok(?) km 2 sin x

2 /07r/2 flt+2z)+ f(t —2x) <sinkm>2dx‘

Lemma 24

9 /2 . 2
2 ()
km Jo sin x
PROOF: Let f(t) = 1 for all t. Then ox(¢t) = 1 for all k£ and ¢. Substituting into

the expression from lemma 23 we obtain the result. Q.E.D.

Theorem 27 (Fejér) Suppose f(t) € L'[0, 2], periodic with period 27 and let

o(t) = lim JEHDFFE=2) _ fE+0)+f(t-0)
z—04 2 2

whenever the limit exists. For any ¢ such that o (¢) is defined we have

lim oy (t) = o(t) = fE+0)+ f(t = 0).

k—00 2

PROOF: From lemmas 23 and 24 we have

oult) — o) 2 /Ow/2 [f(t—l—Zx) +ft—2x) U(t)] (sin ka:)de‘

- kr 2 sin x

For any ¢ for which o(t) is defined, let G (z) = {220 (1) Then
Gi(zr) — 0 ast — 0 through positive values. Thus, given ¢ > 0 there is a
d < m/2such that |Gy(x)| < €¢/2 whenever 0 < z < §. We have

ou(t) = o(t) = % /06 Gi(x) <Sin ’”)2@: + % /:/2 Gi(x) (Sin k“””)de.

sinx Sin
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Now

< € /W/2 sin kx 2d €
N T = —
— km Jo sin x 2

2 ré sinkz )’
E/o Gt(x) ( sin x ) dx

and

/2 21
< -
~ kr sin25/5 Gr(w)ldw < kmsin?§’

9 /2 inkz)> 2
—/ Gy(x) (SIF x) dz| <
km Js sin x

where I = fo”/z |G¢(x)|dz. This last integral exists because F'is in L'. Now

choose K so large that 27 /(N sin® §) < €/2. Then if £ > K we have

2 6 sin kx> 2 [m/2 sinkz\”
< | = -
- |k7r/0 Gi(2) ( sin x ) do|+ kw/s Gi(z) ( sin x ) dx

ok (1) =0 (?) <e.

Q.E.D.

Corollary 9 Suppose f(t) satisfies the hypotheses of the theorem and also is con-
tinuous on the closed interval [a, b]. Then the sequence of arithmetic means o (¢)
converges uniformly to f(¢) on [a, b].

PROOF: If f is continuous on the closed bounded interval [a, b] then it is uni-
formly continuous on that interval and the function G, is bounded on [a, b] with
upper bound M, independent of ¢. Furthermore one can determine the ¢ in the
preceding theorem so that |G, (z)| < €/2 whenever 0 < z < ¢ and uniformly for
all t € [a,b]. Thus we can conclude that o, — o, uniformly on [a, b]. Since f is
continuous on [a, b] we have o(t) = f(t) forall ¢ € [a, b]. Q.E.D.

Corollary 10 (Weierstrass approximation theorem) Suppose f(t) is real and con-
tinuous on the closed interval [a, b]. Then for any e > 0 there exists a polynomial
p(t) such that

[f(t) —p(t)] <e
for every ¢ € [a, b].
SKETCH OF PROOF: Using the methods of Section 3.3 we can find a linear
transformation to map [a, b] one-to-one on a closed subinterval [a’, b'] of [0, 27],

such that 0 < o' < b" < 2. This transformation will take polynomials in ¢ to
polynomials. Thus, without loss of generality, we can assume 0 < a < b < 2.
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Let g(t) = f(¢) fora < t < b and define g(¢) outside that interval so that it
is continuous at 7 = a, b and is periodic with period 27. Then from the first
corollary to Fejér’s theorem, given an ¢ > 0 there is an integer NV and arithmetic
sum

A N
o(t) = 70 + > (4, cos jt + Bjsin jt)
j=1

such that |f(t) — o(t)] = |g(t) —o(t)] < §fora < ¢t < b. Now o(t) is a
trigonometric polynomial and it determines a poser series expansion in ¢ about
the origin that converges uniformly on every finite interval. The partial sums of
this power series determine a series of polynomials {p,(¢)} of order n such that
pn — o uniformly on [a, b], Thus there is an M such that |o(t) — pau(t)| < 5 for
all t € [a, b]. Thus

[F () = pa (@) < 1F(@) —o(@)] + [o(t) — pu(t)] <€

forall t € [a,b]. Q.E.D.

This important result implies not only that a continuous function on a bounded
interval can be approximated uniformly by a polynomial function but also (since
the convergence is uniform) that continuous functions on bounded domains can
be approximated with arbitrary accuracy in the L2 norm on that domain. Indeed
the space of polynomials is dense in that Hilbert space.

Another important offshoot of approximation by arithmetic sums is that the
Gibbs phenomenon doesn’t occur. This follows easily from the next result.

Lemma 25 Suppose the 27-periodic function f(t) € L?[—m, x| is bounded, with
M = supye;_n | f(2)]. Then [o,(t)] < M for all ¢.

PROOF: From (3.19) and (23) we have

. 2 . 2
on(0) < g [ V(o) (Y g < B [ (AR gy

sinz/2 ~ 2km sinz/2
Q.E.D.
Now consider the example which has been our prototype for the Gibbs phe-
nomenon:
0, t=0
h(t):{ loo<t<2r
0, t=2m.
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and h(t + 2m) = h(t). Here the ordinary Fourier series gives

T—1 > sin nt
5 :2:1 , 0<t<2m.
n=

n

and this series exhibits the Gibbs phenomenon near the simple discontinuities at
integer multiples of 27. Furthermore the supremum of |h(¢)| is =/2 and it ap-
proaches the values +m/2 near the discontinuities. However, the lemma shows
that |o(¢)| < w/2 for all n and t. Thus the arithmetic sums never overshoot or un-
dershoot as t approaches the discontinuities. Thus there is no Gibbs phenomenon
in the arithmetic series for this example.

In fact, the example is universal; there is no Gibbs phenomenon for arithmetic
sums. To see this, we can mimic the proof of Theorem 23. This then shows that
the arithmetic sums for all piecewise smooth functions converge uniformly except
in arbitrarily small neighborhoods of the discontinuities of these functions. In the
neighborhood of each discontinuity the arithmetic sums behave exactly as does
the series for h(t). Thus there is no overshooting or undershooting.

REMARK: The pointwise convergence criteria for the arithmetic means are much
more general (and the proofs of the theorems are simpler) than for the case of
ordinary Fourier series. Further, they provide a means of getting around the most
serious problems caused by the Gibbs phenomenon. The technical reason for this
is that the kernel function Fj(¢) is nonnegative. Why don’t we drop ordinary
Fourier series and just use the arithmetic means? There are a number of reasons,
one being that the arithmetic means o (¢)are not the best L? approximations for
order k, whereas the Sy (¢) are the best L? approximations. There is no Parseval
theorem for arithmetic means. Further, once the approximation Sy () is computed
for ordinary Fourier series, in order to get the next level of approximation one
needs only to compute two more constants:

Sk+1(t) = Sk(t) + agr1cos(k + 1)t + by sin(k + 1)t.

However, for the arithmetic means, in order to update oy (t) to o1 (t) one must
recompute ALL of the expansion coefficients. This is a serious practical difficulty.
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Chapter 4

The Fourier Transform

4.1 The transform as a limit of Fourier series

We start by constructing the Fourier series (complex form) for functions on an
interval [—=L,wL]. The ON basis functions are

]. int
ent = GT’ n:O’j:]_’...’
(®) V2rL
and a sufficiently smooth function f of period 27 L can be expanded as

> 1 nL inz int
fe)= > (27r—L /_WL f(:v)e_Td:U) er.

n=-—oo

For purposes of motivation let us abandon periodicity and think of the functions f
as differentiable everywhere, vanishing at ¢t = +x L and identically zero outside
[—mL,wL]. We rewrite this as

e int ].
t) = k2
fo= 3 o

which looks like a Riemann sum approximation to the integral

f0) =5 [ Foyeray @)

" or

to which it would converge as L — oo. (Indeed, we are partitioning the )\ interval
[—L, L] into 2L subintervals, each with partition width 1/L.) Here,

fo= [ e, (4.2)

n

A
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Similarly the Parseval formula for f on [—7 L, L],

o0

wL 9 | P NP
[ @rdt= > s—If(3)

n=—oo

goes in the limit as L — oo to the Plancherel identity

o [ If@Pae= [ 1F )P (4.3)

Expression (4.2) is called the Fourier integral or Fourier transform of f. Ex-
pression (4.1) is called the inverse Fourier integral for f. The Plancherel identity
suggests that the Fourier transform is a one-to-one norm preserving map of the
Hilbert space L2[—oo, o] onto itself (or to another copy of itself). We shall show
that this is the case. Furthermore we shall show that the pointwise convergence
properties of the inverse Fourier transform are somewhat similar to those of the
Fourier series. Although we could make a rigorous justification of the the steps
in the Riemann sum approximation above, we will follow a different course and
treat the convergence in the mean and pointwise convergence issues separately.

A second notation that we shall use is

PN = = [ 50 Mar = ——FO) @4)
Fal(t) = == [ sear “5)

Note that, formally, F*[f](t) = /27 f(t). The first notation is used more often
in the engineering literature. The second notation makes clear that 7 and F* are
linear operators mapping L?[—oo, oo] onto itself in one view [ and F mapping the
signal space onto the frequency space with 7* mapping the frequency space onto
the signal space in the other view. In this notation the Plancherel theorem takes
the more symmetric form

| _lf@Pdt= [ \FIFR)Fd
EXAMPLES:
1. The box function (or rectangular wave)
1 if—n<t<n
Mt)=< 5 ift==%r (4.6)
0 otherwise.
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Then, since TI(¢) is an even function and e~ = cos(At) + isin(\t), we
have

ﬂuy:%ﬁfmmnzzf

o

H@fmﬁz/mﬂ®aMMMt

— 0

™ 2sin(mA
= / cos(At)dt = % = 27 sinc .

Thus sinc A is the Fourier transform of the box function. The inverse Fourier
transform is -
/smmwmzmm

—0o0

as follows from (3.15). Furthermore, we have

/muuoﬁﬁzzw
and -
/ | sine (A)[2dA = 1

from (3.16), so the Plancherel equality is verified in this case. Note that the
inverse Fourier transform converged to the midpoint of the discontinuity,
just as for Fourier series.

2. A truncated cosine wave.

cosdt iIf —nm<t<m
ft) =< —3 ift =+

0 otherwise.

Then, since the cosine is an even function, we have

fo = varF(f = [

—0o0

ft)edt = /7r cos(3t) cos(At)dt

-7

_ 2Xsin(A)
9=

3. A truncated sine wave.

ﬂw:{sm& if —r<t<nm

0 otherwise.
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Since the sine is an odd function, we have

FO = V2rFf) ) = [ °:o F(t)e™Mdt = —i [ sin(3¢) sin(\)dt
_ —6isin())
9 —4)2

4. A triangular wave.

T—t fo<t<m (4.7)
0 otherwise.

a4+t if —7<t<0
|

Then, since f is an even function, we have

Fo) = varF(f) = [~

o

F(t)e Pdt = 2 / " — 1) cos(At)dt
0
2—2cos A
- e

NOTE: The Fourier transforms of the discontinuous functions above decay as §
for |A| — oo whereas the Fourier transforms of the continuous functions decay as
L. The coefficients in the Fourier series of the analogous functions decay as %

% respectively, as |n| — oo.
4.1.1 Properties of the Fourier transform

Recall that

PN = = [ 50 Mar = —=fO)
Fal(t) = = [ ayeax

We list some properties of the Fourier transform that will enable us to build a
repertoire of transforms from a few basic examples. Suppose that f, g belong to
L'[—o00,00], i.e.,, [%,|f(t)]dt < oo with a similar statement for g. We can state
the following (whose straightforward proofs are left to the reader):

1. F and F* are linear operators. For a,b € C we have

Flaf +bg] = aF[f] +bF[gl, Frlaf +bg] = aF"[f]+bF"[g].
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2. Suppose t" f(t) € L'[—o0, oc] for some positive integer n. Then

TLdn

S {FIN}

FE"f(OIA) =

3. Suppose A" f(\) € L'[—oc, oc] for some positive integer n. Then

a

FRm IO =

{F*[F1t)}-

4. Suppose the nth derivative (™ (¢) € L*[—oo, o] and piecewise continuous
for some positive integer n, and f and the lower derivatives are all continu-
ous in (—oo, 00). Then

FLF™MI) = GAFIAN)}-
5. Suppose nth derivative f(™()\) € L'[—o0, o] for some positive integer n

and piecewise continuous for some positive integer n, and f and the lower
derivatives are all continuous in (—oo, c0). Then

F ) = (—it)" F[£1(2).
6. The Fourier transform of a translation by real number « is given by

FLHt=a)](A) = e Ff(N).
7. The Fourier transform of a scaling by positive number b is given by
1 A
FIFOOIN) = 3FIAG)-
8. The Fourier transform of a translated and scaled function is given by

FIF (bt~ (V) = e ().

EXAMPLES
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e \We want to compute the Fourier transform of the rectangular box function

with support on [c, d]:
1 ife<t<d
R(t)=% 5 ift=cd
0

otherwise.

Recall that the box function

1 if—nm<t<n
Mt)=< 5 ift==%r
0

otherwise.

has the Fourier transform II(\) = 2 sinc A. but we can obtain R from II

. . . c+d H T -
by first translating ¢ — s = ¢ — (% and then rescaling s — 2= s:
27 c+d
R(t) =11 t— i
(t) =1(o—t—m—)

~ 4r? A 2T\
— " imX(et+d)/(d—c) o
R()) . s1nc(d — c). (4.8)

Furthermore, from (3.15) we can check that the inverse Fourier transform
of Ris R, i.e., F*(F)R(t) = R(¢t).

e Consider the truncated sine wave

sin3t iIf —7n<t<nm
Ft) = { 0 otherwise
with 6isin(3)
-~ —07 S1n
fN =5

Note that the derivative f' of f(¢) is just 3g(¢) (except at 2 points) where
g(t) is the truncated cosine wave

1 H _

cos3t if —nm<t<m
g9(t) =
0 otherwise.

We have computed
Loy 2Asin())
V=5

$0 3G(\) = (i) f()), as predicted.
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e Reversing the example above we can differentiate the truncated cosine wave
to get the truncated sine wave. The prediction for the Fourier transform
doesn’t work! Why not?

4.1.2 Fourier transform of a convolution

There is one property of the Fourier transform that is of particular importance in
this course. Suppose f, g belong to L[—o0, o0].

Definition 24 The convolution of f and g is the function f x ¢ defined by

o0

(f+9)t)= [ flt-o)gla)da.

-0

Note also that (f * g)(t) = [, f(z)g(t — x)dz, as can be shown by a change of
variable.

Lemma 26 f g € L'[—00,00] and
[ ireg@lat= [ 1r@lda [ lg(t)lat.
SKETCH OF PROOF:
[ irg@lde= [ ([T 1r@g(t - w)lds) dr

—0oQ

= [T ([ 1ot = a)iat) i @)lda = [~ lg@lat [ |f(@)lde.
Q.ED.

Theorem 28 Let h = f x g. Then

SKETCH OF PROOF:
o) = [ Z frg(e Mt = [ ” ( / > f(x)g(t—aﬁ)dx) e Mgy

—00 —00

= /oo f(x)e™™ (/_o:o g(t — x)e‘“‘(t_m)dt> dz = /_o:o f(z)e ™ dx g(N)
= f(NN).
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4.2 L? convergence of the Fourier transform

In this course our primary interest is in Fourier transforms of functions in the
Hilbert space L?[—o0, oo]. However, the formal definition of the Fourier integral
transform,

FUIN = = [ fOear 9)

doesn’t make sense for a general f € L?[—o0,00]. If f € L'[—o00,00] then f is
absolutely integrable and the integral (4.9) converges. However, there are square
integrable functions that are not integrable. (Example: f(t) = ﬁ.) How do we
define the transform for such functions?

We will proceed by defining F on a dense subspace of f € L?[—o0, co] where
the integral makes sense and then take Cauchy sequences of functions in the sub-
space to define F on the closure. Since F preserves inner product, as we shall
show, this simple procedure will be effective.

First some comments on integrals of L2 functions. If f, g € L?[—oc0, o] then
the integral (f,g) = J°% f(t)g(t)dt necessarily exists, whereas the integral (4.9)
may not, because the exponential e~** is not an element of L2. However, the
integral of f € L? over any finite interval, say [— N, N| does exist. Indeed for N
a positive integer, let x;_n, 7 be the indicator function for that interval:

1 if —-N<t<N
X-nw(t) = { 0 otherwise. (4.10)

Then x(n,n) € L2[—00,00] s0 [y f(t)dt exists because

N
/_N [F@dt = (1 £]: xtnw)| < I FllelIx-wmllzz = [[£]]2V2N < o0

Now the space of step functions is dense in L?[—oo, oc], so we can find a conver-
gent sequence of step functions {s,, } such that lim,, , || f — s, ||r2 = 0. Note that
the sequence of functions { fx = fx[—~,~7} cOnverges to f pointwise as N — oo
and each fy € L2 N L.

Lemma 27 {fy}isa Cauchy sequence in the norm of L?[—oo, co] and lim,, 4, ||f—
anL2 = 0

PROOF: Given e > 0 there is step function s, such that || f —sy|| < £. Choose N
so large that the support of s, is contained in [—N, N|, i.e., sar(t)x—n,n(t) =
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su(t) for all t. Then [|sy — |2 = S [sac(t) — F(O)RdE < [ |spr(t) —
f@&)Pdt = [|sy — fI*, s0

f = Il =1(f =sm) +(spe = )N < f =small +[sar— Fnll < 20| f —smll <e

Q.E.D.

Here we will study the linear mapping F : L2[—o00, c0] — L%[—00, co] from
the signal space to the frequency space. We will show that the mapping is unitary,
I.e., it preserves the inner product and is 1-1 and onto. Moreover, the map F* :
L?[—00, 00] — L2[—00, 0] is also a unitary mapping and is the inverse of F:

FF=Ip,  FF=I,

where Iz, I;, are the identity operators on L? and L2, respectively. We know that
the space of step functions is dense in L2. Hence to show that F preserves inner
product, it is enough to verify this fact for step functions and then go to the limit.
Once we have done this, we can define F f for any f € L?|—oc0, oc]. Indeed, if
{sn} is a Cauchy sequence of step functions such that lim,, , || f — sn||zz = 0,
then {Fs,} is also a Cauchy sequence (indeed, |[s, — sm|| = ||Fsn — Fsml|)
so we can define Ff by Ff = lim,,_,o, Fs,. The standard methods of Section
1.3 show that Ff is uniquely defined by this construction. Now the truncated
functions fx have Fourier transforms given by the convergent integrals

FUNN) = == [ T e

and limy_, || f — fn||zz = 0. Since F preserves inner product we have || F f —

Finllee = [F(f = fn)llee = [|f = fwlle, sOlimy oo || F f = F f|[2 = 0. We
write

FIAO) = iMoo F LIV = \/% / ]]VV F(B)e Mt

where ‘l.i.m.” indicates that the convergence is in the mean (Hilbert space) sense,
rather than pointwise.

We have already shown that the Fourier transform of the rectangular box func-
tion with support on [c, d]:

ifc<t<d

1
Rea(t)=1¢ 5 ift=cd
0 otherwise.



47 " 2w
— imA(c+d)/(d—c) o5
F[R.d|(N) 77#((1 0 e smc(d — C).

and that 7*(F)R.4(t) = R..4(t). (Since here we are concerned only with conver-
gence in the mean the value of a step function at a particular point is immaterial.
Hence for this discussion we can ignore such niceties as the values of step func-
tions at the points of their jump discontinuities.)

Lemma 28
(Ra,b: Rc,d)L2 = (fRa,bﬂ fRC,d)IAP

for all real numbersa < band ¢ < d.

PROOF: N
(FRaps FRea)iz = | FIRapl N F[Rea (A

) N d ei)\t
= Jim [ (f[Ra,b](A) / mdt) dA

ei At

=, cd ( /_ ]jv F[Rapl(A) mcik) dt.

Now the inside integral is converging to R, as N — oo in both the pointwise
and L? sense, as we have shown. Thus

d
(FRap, FRod)js = / Raydt = (Rap, Red)1o-

Q.E.D.

Since any step functions u, v are finite linear combination of indicator func-
tions R, 5, with complex coefficients, u = >, a;jRo; 5,0 v = Xy Be By a, WE
have

(Fuaj:v)i? = Zajﬁk(FRaj;bj’chk:dk)i2
7.k

= Z ajBk (Raj,b]‘ ) Rck,dk)L2 = (U, ’U)L2.
Jik

Thus F preserves inner product on step functions, and by taking Cauchy se-
quences of step functions, we have the
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Theorem 29 (Plancherel Formula) Let f, g € L?[—o0, oc]. Then

(f,9)r2 = (Ff. Fg)es  IfII2 = [IF LI

In the engineering notation this reads

o0

o [ pwgtdt= [ FNGON

—00 —00

Theorem 30 The map F* : L?[—o0, 0c0] — L2[—o0, 00| has the following prop-
erties:

1. It preserves inner product, i.e.,
(Ff, F* ) = (£,9)s2
forall f,§ € L?[—oc0, ).
2. F* is the adjoint operator to F : L?[—c0, 00] = L?[—00, 0], i.e.,
(Ff,9)i2 = (f, F79)re,

forall f € L*[—o0,q], § € L*[—00, ).

PROOF:

1. This follows immediately from the facts that F preserves inner product and

FIAK) = F £,

2.
(fRa,ba Rc,d)f} = (Ra,bvj:*Rc,d)L2
as can be seen by an interchange in the order of integration. Then using the
linearity of F and F* we see that
(Fu,v)i> = (u, Fv) L2,
for all step functions u,v. Since the space of step functions is dense in
L?[—o00, 00] and in L?[—o0, o]
Q.ED.
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Theorem 31 1. The Fourier transform F : L?[—oo, 00] — L*[—o0,00] is a
unitary transformation, i.e., it preserves the inner product and is 1-1 and
onto.

2. The adjoint map F* : L?[—c0, 00] — L%[—00, 00] is also a unitary map-
ping.

3. F*is the inverse operator to F:
F*F = Ipe, FF* =1,

where Iz, I;, are the identity operators on L? and L2, respectively.

PROOF:

1. The only thing left to prove is that for every § € L?*[—oo, )] there is a
f € L*[—oo, 0] suchthat Ff = g,ie, R ={Ff: f € L?[—o0,00]} =
ﬁQ[—oo,oo]. Suppose this isn’t true. Then there exists a nonzero h €
L?[—o0,00] suchthat b L R, i.e., (Ff, h);, = 0forall f € L?[—o0, 0.
But this means that (f, F*h)> = 0 for all f € L?[—c0, 0], 50 F*h = O.
But then || F*h||> = ||h||;» = 050 h = ©, a contradiction.

2. Same proof as for 1.

3. We have shown that FF*R,, = F*F R, = R, for all indicator functions
R, . By linearity we have FF*s = F*Fs = sfor all step functions s. This
implies that

(f*j:f: g)L2 = (f: g)L2
forall f, g € L?*[—o0, o0]. Thus

([F*F = I2])f,9)12 =0

forall f, g € L?*[—o0, c0]. Thus F*F = I». An analogous argument gives
FF* = Ij,.

Q.E.D.
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4.3 The Riemann-Lebesgue Lemma and pointwise
convergence

Lemma 29 (Riemann-Lebesgue) Suppose f is absolutely Riemann integrable in
(—00,00) (so that f € L'[—o0,00]), and is bounded in any finite subinterval
[a, b], and let «, B be real. Then

o

lim f(t)sin(at + B)dt =

a—>+00 J o

PROOF: Without loss of generality, we can assume that f is real, because we can
break up the complex integral into its real and imaginary parts.

1. The statement is true if f = R, is an indicator function, for

[ Rus(tysin(at + 8)de = [ sinfai + B)dt = —*cos(at + ) 0

a

as o — +o0.

2. The statement is true if f is a step function, since a step function is a finite
linear combination of indicator functions.

3. The statement is true if f is bounded and Riemann integrable on the finite
interval [a, b] and vanishes outside the interval. Indeed given any ¢ > 0
there exist two step functions 5 (Darboux upper sum) and s (Darboux lower
sum) with support in [a, b] such that 3(¢) > f(t) > s(t) forall ¢ € [a, b] and
J2 35— 5| < & Then

/a " £(t) sin(at+8)dt = / L (1) —s(8)] sin(at-+8)d+ / " s(t) sin(at+B)dt

Now
b ) b b €
[ ® = s@)sin(at + Bydel < [C1£() —slde < [ 5 —s1 <
and (since s is a step function, by choosing « sufficiently large we can
ensure

|/ )sin(at + B)dt| < 5

Hence
|/ )sin(at + B)dt| < e

for « sufficiently large.
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4. The statement of the lemma is true in general. Indeed

\/ )sin(at + B)dt| < \/ t)sin(at + B)dt|

+| / ) sin(at + B)dt| + |/ t) sin(at + B)dt|.

Given € > 0 we can choose a and b such the first and third integrals are each
< £, and we can choose « so large the the second integral is < £. Hence
the limit exists and is 0.

Q.E.D.

Theorem 32 Let f be a complex valued function such that
e f(t)is absolutely Riemann integrable on (—oo, oo) (hence f € L'[—o0, o0]).

e f(t) is piecewise continuous on (—oo, cc), with only a finite number of
discontinuities in any bounded interval.

e f'(t) is piecewise continuous on (—oo, c0), with only a finite number of
discontinuities in any bounded interval.

o f(t) = {0 Gt each point t.

Let .
foV = [ fwe ™ar

be the Fourier transform of f. Then

* / TR

=5 [

forevery t € (—o0, 00).

PROOF: For real L > 0 set

1) = [ fovean == [* [ plaeoaa] evan

_ L /O:of(a:) l/_LL e“(t“)d)\] dz = /_O:o f(@)AL(t — z)dz,

2 J-
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where

L .
Ap(z) = i/ eMd)\ =

2 J-L

% ifz=0
sinLz  otherwise.
™

Using the integral (3.13) we have,

ft) = 0 = [ Ault=)[f () - F(O))de

/Ooo Ap(@)[f(t+ )+ f(t —x) —2f(t)]dx
= /Ooo{f(t T+t - Qf(t)}sin Lx dx

T
The function in the curly braces satisfies the assumptions of the Riemann-
Lebesgue Lemma. Hence limy,_, , o[ fL(t) — f(t)] = 0. Q.E.D
Note: Condition 4 is just for convenience; redefining f at the discrete points
where there is a jump discontinuity doesn’t change the value of any of the inte-
grals. The inverse Fourier transform converges to the midpoint of a jump discon-
tinuity, just as does the Fourier series.

4.4 Relations between Fourier series and Fourier in-
tegrals: sampling, periodization

Definition 25 A function f is said to be frequency band-limited if there exists a
constant 2 > 0 such that f(A) = 0 for |A| > Q. The frequency » = 3% is called
the Nyquist frequency and 2v is the Nyquist rate.

Theorem 33 (Shannon-Whittaker Sampling Theorem) Suppose f is a function
such that

1. f satisfies the hypotheses of the Fourier convergence theorem 32.

2. f Is continuous and has a piecewise continuous first derivative on its do-
main.

3. There is a fixed > 0 such that f()\) = 0 for |A| > Q.
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Then f iscompletely determined by its values at the points ¢, = ” ,j=0,+£1,4+2,--:

i": ]ﬂ' sin(Qt — jm)
~ t—j7r ’

and the series converges uniformly on (—oo, o).

(NOTE: The theorem states that for a frequency band-limited function, to deter-
mine the value of the function at all points, it is sufficient to sample the function at
the Nyquist rate, i.e., at intervals of 5. The method of proof is obvious: compute

the Fourier series expansion of f()) on the interval [—, ©2].) PROOF: We have

° i ]. Q ~ i
= > ce flla, cr = E/Qf()\)e_ fllad)\,

k=—o0

where the convergence is uniform on [—$, ©2]. This expansion holds only on the
interval; f()\) vanishes outside the interval.
Taking the inverse Fourier transform we have

1 ope . 1o
1) =5 /_ ~fedr = /_ _Fyetax

i(rk+tQ)A
/ Z ce @ dA

Q.=

1 & ik +£0)) X, Qsin(Q + k)
= — dX\ = .
= on _Z / i ,Ew TR+ k)

Now

o= 5g [ FOV Far= o [T e Far= TA-T)

Hence, setting £ = —7,

_771' sm(Qt Jm)
Z ey Qt—jT( '

]_—OO

QE.D.
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Note: There is a trade-off in the choice of Q2. Choosing it as small as pos-
sible reduces the sampling rate. However, if we increase the sampling rate, i.e.
oversample, the series converges more rapidly.

Another way to compare the Fourier transform (—oo, oc) with Fourier series
is to periodize a function. To get convergence we need to restrict ourselves to
functions that decay rapidly at infinity. We could consider functions with compact
support, say infinitely differentiable. Another useful but larger space of functions
is the Schwartz class. We say that f € L?[—oo, cc] belongs to the Schwartz
class if f is infinitely differentiable everywhere, and there exist constants C,, ,
(depending on f) such that [¢"4-f| < C,, on R for each n,q = 0,1,2, -
Then the projection operator P maps an f in the Schwartz class to a continuous
function in L2]0, 2] with period 27. (However, periodization can be applied to a
much larger class of functions, e.g. functions on L?[—o0, oo] that decay as 5 as
[t| = o00.):

P[f](t) Z f(t+2mm) (4.11)

m=—0o0

Expanding P|[f](t) into a Fourier series we find

P[f1(t) nzoo Cne
where
2 _ o0 : .
=g [ PO =5 [T e s = o f(n)
where f()) is the Fourier transform of f(t). Thus,
Z ft+2mn) = — Z f(n)e™, (4.12)

n=-—oo n=—oo

and we see that P[f](t) tells us the value of f at the integer points A = n, but
not in general at the non-integer points. (For ¢ = 0, equation (4.12) is known
as the Poisson summation formula. If we think of f as a signal, we see that
periodization (4.11) of f results in a loss of information. However, if f vanishes
outside of [0, 27)) then P[f](t) = f(¢) for0 <t < 27 and

= Zf(n)ei”t, 0<t<2rm
n
without error.)
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4.5 The Fourier integral and the uncertainty rela-
tion of quantum mechanics

The uncertainty principle gives a limit to the degree that a function f(¢) can be
simultaneously localized in time as well as in frequency. To be precise, we in-
troduce some notation from probability theory. Every f € L?[—oo, oo] defines a

probability distribution function p(t) = 'ﬁ;?"f, i.e., p(t) > 0and [ p(t)dt = 1.

Definition 26 e The mean of the distribution defined by f is

JS 1S () dt
JZ% F(B)2dt

t=

e The dispersion of f abouta € R is

230 (t — a)?|f (1) Pdt
Il f (@) Pdt

(Azf is called the variance of f, and /Azf the standard deviation.

Auf =

The dispersion of f about a is a measure of the extent to which the graph of f
is concentrated at a. If f = 6(x — a) the “Dirac delta function”, the dispersion is
zero. The constant f(¢) = 1 has infinite dispersion. (However there are no such
L? functions.) Similarly we can define the dispersion of the Fourier transform of
f about some point o € R:

ALF = S22 = @I N
J2% [F (V) [2dA

Note: It makes no difference which definition of the Fourier transform that we

use, f or F f, because the normalization gives the same probability measure.

Example 3 Let f,(t) = (27T—5)1/4e*”2 for s > 0, the Gaussian distribution. From
the fact that [*°_ e~ dt = /7 we see that ||f,|| = 1. The normed Fourier trans-

~ 12
formof fis fs(\) = (%)1/%%. By plotting some graphs one can see informally
that as s increases the graph of f; concentrates more and more about ¢t = 0, i.e.,
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the dispersion A, f, decreases. However, the dispersion of fs increases as s in-
creases. We can’t make both values, simultaneously, as small as we would like.
Indeed, a straightforward computation gives
1 .
A0.][‘5;:4_: AOfSZS,
S

so the product of the variances of f, and fs is always i no matter how we choose
S.

Theorem 34 (Heisenberg inequality, Uncertainty theorem) If f(¢) # 0 and ¢f(t)
belong to L?[—o0, oc] then A, fA, f > ; forany a, a € R.

SKETCH OF PROOF: | will give the proof under the added assumptions that f'()
exists everywhere and also belongs to L?[—oo, oco]. (In particular this implies that
f(t) = 0ast — +o00.) The main ideas occur there.

We make use of the canonical commutation relation of quantum mechanics,
the fact that the operations of multiplying a function f(¢) by ¢, (T f(t) = tf(t))
and of differentiating a function (D f(¢) = f'(¢)) don’t commute: DT —TD = 1.
Thus

G-t | 5r0] =0,

Now it is easy from this to check that

(5 - )= D100 - ¢ ) |(§ - i)s0)| = 0

also holds, for any a, o € R. (The a, o dependence just cancels out.) This implies
that

(G ol = s .10~ (= (G, = i) 0L 50) = (70 1) = 11

Integrating by parts in the first integral, we can rewrite the identity as

(e LI~ ienr1) = (15 - s O = s 01) = 1

The Schwarz inequality and the triangle inequality now yield

A1 < 2[[(t = a) F(O)I] - H(% — 1) f(t)]]- (4.13)
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¢From the list of properties of the Fourier transform in Section 4.1.1 and the
Plancherel formula, we see that [|(g — i) f(t)|| = —5=[/(A — a)f(})|| and

I fl] = ﬁ\\f”. Then, dividing by || f|| and squaring, we have

AofAof >

NG

QE.D.

NOTE: Normalizing to a« = oo = 0 we see that the Schwarz inequality becomes an
equality if and only if 2st f(t) + % (t) = 0 for some constant s. Solving this dif-
ferential equation we find f(t) = coe~*"" where c; is the integration constant, and
we must have s > 0 in order for f to be square integrable. Thus the Heisenberg
inequality becomes an equality only for Gaussian distributions.
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Chapter 5

Discrete Fourier Transform

5.1 Relation to Fourier series: aliasing

Suppose that f is a square integrable function on the interval [0, 27|, periodic
with period 27, and that the Fourier series expansion converges pointwise to f
everywhere:

= Zf(n)ei"t, 0<t<2nm (5.1)

What is the effect of sampling the signal at a finite number of equally spaced
points? For an integer N > 1 we sample the signal at 2zrm/N,m =0,1,---, N —

2 ‘
( 7Tm) Zf 27rmm/N’ 0<m< N.

¢From the Euclidean algorithm we have n = a + bN where 0 < a < N and a, b
are integers. Thus

N-—

(27””) 2 lzb: a+bN] e’mm/N 0 <m < N. (5.2)

a=0

Note that the quantity in brackets is the projection of f at integer points to a
periodic function of period N. Furthermore, the expansion (5.2) is essentially the
finite Fourier expansion, as we shall see. However, simply sampling the signal
at the points 2w /N tells us only 3, f(a + bN), not (in general) f(a). This is
known as aliasing error. If f is sufficiently smooth and /V sufficiently large that
all of the Fourier coefficients f(n) for n > N can be neglected, then this gives a
good approximation of the Fourier series.
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5.2 The definition

To further motivate the Discrete Fourier Transform (DFT) it is useful to consider
the periodic function f(¢) above as a function on the unit circle: f(¢) = g(e*).
Thus ¢ corresponds to the point (z,y) = (cost,sint) on the unit circle, and the
points with coordinates ¢ and ¢ + 27n are identified, for any integer n. In the
complex plane the points on the unit circle would just be e’. Given an integer
N > 0, let us sample f at N points N n = 0,1,---,N — 1, evenly spaced
around the unit circle. We denote the value of f at the nth point by f[n], and the
full set of values by the column vector

f=(f10, f11], - - - fIN = 1)) (5.3)

It is useful to extend the definition of f[n] for all integers n by the periodicity
requirement f[n] = f[n + kN] for all integers &, i.e., f[n] = f[m] if n = m mod
N. (This is precisely what we should do if we consider these values to be samples
of a function on the unit circle.)

We will consider the vectors (5.3) as belonging to an N-dimensional inner
product space Py and expand f in terms of a specially chosen ON basis. To get
the basis functions we sample the Fourier basis functions e, (¢) = e*** around the
unit circle:

ek[n] — e%nk — w—nk

or as a column vector

er = (ex[0],ex[1], - ex[N — 1)) = (L,w F w2, .. -w*(Nfl)k), (5.4)

2mi

where w is the primitive Nth root of unity w = e="~ .

Lemma 30
= [0 ifk=1,2--- N -1 modN
v N if k = 0, mod N

PROOF: Since w™ =1 and w # 1 we have
-V =0=(01-w(l+w+w?+---+¥1).
Thus
N-1

wr=1l+w+w +--+w =0,

n=0
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Since w* is also an Nth root of unity and w* #£ 1fork =1,---,N — 1, so the
same argument shows that > ' w*® = 0. However, if k=0 the sum is N. Q.E.D.
We define an inner product on Py by

N—

Z nlgln],  fnl, g[n] € Px.

Lemma 31 The functions ey, £ =0,1,---, N — 1 form an ON basis for Py.

PROOF:
1 N-1 1 N-1 0 ifj#k dN
| 1 1 (hj)m j mo
(ej. ex)n N;)ey[nek Z {1 if j = & mod N.

Thus (ej,ex)n = 0, Where the result is understood mod N. Now we can
expand f ~ {f[n]} in terms of this ON basis:

1 N-1
Z F[k]ek,
or in terms of components,
1 N-1 1 N-1
f[n N Z F[k 2mikn/N _ Z F[k) —nlc (55)
k=0

The Fourier coefficients F[k] of f are computed in the standard way: F[k]/N =
(f;ex)n or

N-1 N-1
= > flnlex[-n] = > flnjw*". (5.6)
n=0 n=0
The Parseval (Plancherel) equality reads
N-1
> fnlgn] = Z F[k]G[k]
n=0

for f,g € Py.
The column vector

= (F[O],F[l],F[Q],---,F[N—1])
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is the Discrete Fourier transform (DFT) of f = {f[n]}. Itis illuminating to
express the discrete Fourier transform and its inverse in matrix notation. The DFT
is given by the matrix equation F' = Fy f or

FlO] 11 1 .. 1 £10]

F[1] 1 w w? - wh=t fl1]

F[2] =1 ? wt e WENED f12]
F[N:— 1] 1 wN:—1 w2(’:v_1) » w<N—1:)<N—1> f[N:— 1]

Here Fy isan N x N matrix. The inverse relation is the matrix equation f =
FylFor

£10] 11 1 - 1 FI0]
f11] 1 @ 0 oN-1 F[1]
2 =L 1 & et . @ F[2]
: N : : : :
FIN — 1] | oo gy L ey | piy 1

(5.8)
where w = e /N G = w=! = 2™/N,

NOTE: At this point we can drop any connection with the sampling of values
of a function on the unit circle. The DFT provides us with a method of analyzing
any N-tuple of values f in terms of Fourier components. However, the association
with functions on the unit circle is a good guide to our intuition concerning when
the DFT is an appropriate tool

Examples 4

1.
1 ifn=0
fln] = olnl = { 0 otherwise.
Here, F[k] = 1.
2. fln] = 1forall n. Then F[k] = N¢[k|.

3. fln]=r"forn=0,1,---,N—1andr € C. here

Pl N if = e2mik/N
k] = (Te_;"f,vi,j/}vfl) otherwise
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4. Upsampling. Given f € Py where N’ = & we define g € Py by

_ f[%] ifn=0,+2, 44, ---
glnl = { 0 otherwise.

Then Gk] = F[k] where F[k] is periodic with period N/2.

5. Downsampling. Given f € P,y we define g € Py by g[n] = f[2n], n =

5.2.1 More properties of the DFT

Note that if f[n] is defined for all integers n by the periodicity property, f[n +
jN| = f[n] for all integers j, the transform F'[k] has the same property. Indeed
Flk] = SN0 fInjwb™, so Flk+iN] = SN0 fln]w®HiNn = F[k], since wV =
1.

Here are some other properties of the DFT. Most are just observations about
what we have already shown. A few take some proof.

Lemma 32
o Symmetry. FI' = Fy
e Unitarity. ' = ~Fny

Set Gy = —L Fy. Then Gy is unitary. That is Gy' = G . Thus the row
vectors of G are mutually orthogonal and of length 1.

e LetS: Py — Py be the shift operator on Py. Thatis Sf[n] = f[n— 1] for
any integer n. Then SF[k] = w* F[k] for any integer k. Further, S~ f[n] =
fln+1]and ST'F[k] = w™*F[k].

e Let M : Py — Py be an operator on Py such that M f[n] = w=" f[n] for
any integer n. Then M F[k] = F[k + 1] for any integer k.

o If f = {f[n]} is areal vector then F[N — k| = F[k].
e For f, g € Py define the convolution f x g € Py by
N—-1
fxglnl =" flmlgln —ml.
m=0
Then f x g[n| = g x f[n] and f x g[n + jN] = f * g[n].
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e Let h[n] = f = g[n]. Then H[k] = F[k]G[k].

Here are some simple examples of basic transformations applied to the 4-
vector (£]0], f[1], £[2], £[3]) with DFT (F[0], F[1], F[2], F[3]) and w = e~*"/2:

Operation Data vector DFT

Left shift (f[1], £12], £13], f10]) (F[0],w™ F[1],w™F[2], wF[3])

Right shift (f[3], £10], f11], f12]) (0], w' F[1], w?F'[2], > F'[3])

Upsampling  (f[0],0, f[1],0, f[2], 0, f[3],0) (F[0], F[1], F[2], F[3], F[0], F[1], F[2], F[3])
Downsampling  (f[0], f[2]) S(F[0] + F[2], F[1] + F[3])

(5.9)

5.2.2 An application of the DFT to finding the roots of polyno-
mials

It is somewhat of a surprise that there is a simple application of the DFT to find
the Cardan formulas for the roots rq, r1, 7o 0f a third order polynomial:

Py(z) =2 +az’ +brx+c= (x —1o)(x — 1) (T — 13). (5.10)

Let w be a primitive cube root of unity and define the 3-vector (F'[0], F[1], F[2]) =
(To, 1, 7“2). Then

Flk] =, = f[0] + f{1]w® + f2lw®, k=0,1,2 (5.11)
where
fln] = 2z, = é (FI0] + Fllw ™ + F[2lw ™), n=0,1,2.

Substituting relations (5.11) for the r, into (5.10), we can expand the resulting
expression in terms of the transforms z,, and powers of w (remembering that w? =
1):

Py(z) = A(x, z,) + B(z, 2,)w + C(z, 2, )w?.

This expression would appear to involve powers of w in a nontrivial manner,
but in fact they cancel out. To see this, note that if we make the replacement
w — w?in (5.11), then ry — ry, 71 — 79, 79 — 1. Thus the effect of this
replacement is merely to permute the roots r,, ro of the expression Ps(z) = (z —
ro)(z — 71)(x — 732), hence to leave Ps(x) invariant. This means that B = C', and
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Py(z) = A+ B(w + w?). However, 1 + w + w? = 0 50 P3(z) = A — B. Working
out the details we find

Py(z) = 2% = 32007 +3(25 —2120) 2+ (3202122 — 28 — 23 — 23) = 2 +az® + bz +c.
Comparing coefficients of powers of = we obtain the identities

a?—3b 4 L —2a® + 9ab — 27c
Zi + 25 =
9 = 7 27 ’

a
z2) = —ga Z1R2 =

or

a2 —3b\° —2a3 4 9ab — 27¢
zi’z§:< 5 ), 2+ = > :

It is simple algebra to solve these two equations for the unknowns 23, 23:

5 —2a® + 9ab — 27c¢ 5 —2a® + 9ab — 27c¢

= D = D
Zl 54 + 7 Z2 54 )
where ) s
D _ —2a° +9ab —27c\"  (a® —3b .
54 9

Taking cube roots, we can obtain z, zo and plug the solutions for zg, z1, zo back
into (5.11) to arrive at the Cardan formulas for rg, r1, 5.

This method also works for finding the roots of second order polynomials
(where it is trivial) and fourth order polynomials (where it is much more compli-
cated). Of course it, and all such explicit methods, must fail for fifth and higher
order polynomials.

5.3 Fast Fourier Transform (FFT)

We have shown that DFT for the column N-vector { f[n]} is determined by the
equation F' = Fy f, or in detail,

Flk] = Z_o Flnlex[—n] = Z_o fllotn,  w = e 2N,

¢From this equation we see that each computation of the NV-vector F' requires N?
multiplications of complex numbers. However, due to the special structure of the
matrix Fy we can greatly reduce the number of multiplications and speed up the
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calculation. (We will ignore the number of additions, since they can be done much
faster and with much less computer memory.) The procedure for doing this is the
Fast Fourier Transform (FFT). It reduces the number of multiplications to about
N log, N.

The algorithm requires N = 2™ for some integer M, so F = Fou f. We split
f into its even and odd components:

Nj2—-1 N/2-1

Flkl= Y f2nw*"+u* Y f2n+ 1w
n=0 n=0

Note that each of the sums has period N/2 = 2M 1 ink, so

N/2—1 N/2—-1
Flk+N/2]= Y f2n]w®" —u* 3 fi2n + 1w
n=0 n=0

Thus by computing the sums for k = 0,1---, N/2 — 1, hence computing F[k] we
get the F'[k + N/2] virtually for free. Note that the first sum is the DFT of the
downsampled f and the second sum is the DFT of the data vector obtained from
f by first left shifting and then downsampling.

Let’s rewrite this result in matrix notation. We split the N = 2™ component
vector f into its even and odd parts, the 2 ~!-vectors

fe=(fl0L f[2],--, FIN =2]),  fo=(f[1], f[3],---, FIN = 1]),
and divide the N-vector F' into halves, the N/2-vectors
F_ = (F|[0],F[1],---, F[N/2-1]), F, = (F[0+N/2], F[1+N/2],- - -, F[N—1]).
We also introduce the N/2 x N/2 diagonal matrix D/, with matrix elements

(Dny2)jk = w6k, and the N/2 x N/2 zero matrix (Ony2)jx = 0 and identity
matrix (In/2);x = 0;x. The above two equations become

F_ = Fnjafe + DnjaFnyafo, Fy = Fnsafe — DnjaFnyafo

F_\ _ [ Inz2  Dyp Fni2 Ony2 fe (5.12)

F, I —Dpyya Onj2 Fnye Jo '
Note that this factorization of the transform matrix has reduced the number of
multiplications for the DFT from 22 to 22M-1 4 2M j e, cut them about in half,
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for large M. We can apply the same factorization technique to /2, Fn4, and
so on, iterating M times. Each iteration involves 2™ multiplications, so the total
number of FFT multiplications is about M/2¥. Thusa N = 2% = 1024 point
DFT which originally involved N? = 220 = 1,048, 576 complex multiplications,
can be computed via the FFT with 10 x 2% = 10, 240 multiplications. In addition
to the very impressive speed-up in the computation, there is an improvement in
accuracy. Fewer multiplications leads to a smaller roundoff error.

5.4 Approximation to the Fourier Transform

One of the most important applications of the FFT is to the approximation of
Fourier transforms. We will indicate how to set up the calculation of the FFT to
calculate the Fourier transform of a continuous function f(¢) with support on the
interval o < ¢t < g of the real line. We first map this interval on the line to the
unit circle 0 < ¢ < 27, mod 27 via the affine transformation t = a¢ + b. Clearly
b=a,a= /32 <. Since normally f(8) # f(«) when we transfer f as a function
on the unit circle there will usually be a jump discontinuity at 5. Thus we can
expect the Gibbs phenomenon to occur there.
We want to approximate

oy = [ pwe e = [ e

B

_ . 2T B—a
= B e [T g(g)e T dg
0

where g(¢) = f(%52¢ + ).
For an N-vector DFT we will choose our sample points at ¢ = 2%, n =
0,1,---,N —1. Thus

b -«
N

g=(9[0],9[1];---,9[N —=1]),  g[n] = f( n+a).

Now the Fourier coefficients

= ¥ glnlerlonl = X gl w= e
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are approximations of the coefficients g(k). Indeed g(k) ~ G[k]/N. Thus

~ 21k ﬁ—a —2mika
) ~ ot G,

Note that this approach is closely related to the ideas behind the Shannon
sampling theorem, except here it is the signal f(¢) that is assumed to have compact
support. Thus f(¢) can be expanded in a Fourier series on the interval [«, 5] and
the DFT allows us to approximate the Fourier series coefficients from a sampling
of f(¢). (This approximation is more or less accurate, depending on the aliasing
error.) Then we notice that the Fourier series coefficients are proportional to an
evaluation of the Fourier transform f()) at the discrete points \ = ;%’; for k =
0,---,N—1.
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Chapter 6

Linear Filters

In this chapter we will introduce and develop those parts of linear filter theory that
are most closely related to the mathematics of wavelets, in particular perfect re-
construction filter banks. We will primarily, though not exclusively, be concerned
with discrete filters. 1 will modify some of my notation for vector spaces, and
Fourier transforms so as to be in accordance with the text by Strang and Nguyen.

6.1 Discrete Linear Filters

A discrete-time signal is a sequence of numbers (real or complex, but usually
real). The signal takes the form

X=(",Z-1,%0,T1,Ta," ") or x= E
(

Intuitively, we think of x(n) as the signal at time n7" where T' is the time interval
between successive signals. x could be a digital sampling of a continuous analog
signal or simply a discrete data stream. In general, these signals are of infinite
length. (Later, we will consider signals of fixed finite length.) Usually, but not
always, we will require that the signals belong to ¢2, i.e., that they have finite
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y(=1) © h(0) h(-1) h(-2) x(-1)
0 |=|- - h() KO 1) %(0)
v(1) B k(1) () <(1)

Figure 6.1: Matrix filter action

energy: 32° |z, |* < oco. Recall that ¢2 is a Hilbert space with inner product

n=—oo

o0

(X,y): Z TnYn-

n=—oo

The impulsese;, j =0,£1,+2,--- defined by e;(n) = J;,, form an ON basis
for the signal space: (ej,ex) = 0,y and x = Y20 z,e,. In particular the
impulse at time 0 is called the unit impulse § = e,. The right shift or delay
operator S : ¢ — (% is defined by Sx(n) = x(n — 1). Note that the action of this
bounded operator is to delay the signal by one unit. Similarly the inverse operator
S~!x(n) = x(n + 1) advances the signal by one time unit.

A digital filter H is a bounded linear operator H : ¢ — ¢? that is time in-
variant. The filter processes each input x and gives an output Hx = y. Since
H is linear, its action is completely determined by the outputs He;. Time in-
variance means that Hx* = y* k = 0,+£1,--- whenever Hx = y. (Here,
x*(n) = x(n—k).) Thus, the effect of delaying the input by & units of time is just
to delay the output by £ units. (Another way to put this is HS = SH, the filter
commutes with shifts.) We can associate an infinite matrix with H.

H = [H,.,], where H,,,, = (He,,, e,,,).

Thus, He,, = Y00 Hpne, andy(m) = 300 Hppx(n). In terms of the
matrix elements, time invariance means H,,,, = (He,,e,) = (He, 1k, €mix) =
Hyik vk for all k. Hence The matrix elements H,,,, depend only on the differ-
ence m —n: H,,, = h(m—mn) and H is completely determined by its coefficients
h(j). The filter action looks like Figure 6.1. Note that the matrix has diagonal
bands. h(0) appears down the main diagonal, h(—1) on the first superdiagonal,
h(—2) on the next superdiagonal, etc. Similarly h(1) on the first subdiagonal, etc.
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A matrix H,,,, whose matrix elements depend only on n — m is called a Toeplitz
matrix.
Another way that we can express the action of the filter is in terms of the shift
operator:
[e 0]
H= > h(n)S™ (6.1)
n=—oo

Thus s"e; = e, and

H(Y x(j)e;) = 3 x()h(n)ejin = 3 x())h(m — jem = 3 y(m)en.

n7j m’j

We have y(m) = >°; x(j)h(m~—j). If only afinite number of the coefficients h(n)
are nonzero we say that we have a Finite Impulse Response (FIR) filter. Otherwise
we have an Infinite Impulse Response (IIR) filter. We can uniquely define the
action of an FIR filter on any sequence x, not just an element of ¢2 because there
are only a finite number of nonzero terms in (6.1), so no convergence difficulties.
For an IIR filter we have to be more careful. Note that the response to the unit
impulse is Ho = Y, h(n)e,.

Finally, we say that a digital filter is causal if it doesn’t respond to a signal
until the signal is received, i.e., h(n) = 0 for n < 0. To sum up, a causal FIR
digital filter is completely determined by the impulse response vector

h = (h(0), h(1),---,h(N))

where N is the largest nonnegative integer such that h(/V) # 0. We say that the
filter has N + 1 “taps”.

There are other ways to represent the filter action that will prove very useful.
The next of these is in terms of the convolution of vectors. Recall that a signal x
belongs to the Banach space ¢* provided >-2° _ _ |x(n)| < oo.

Definition 27 Let x, y be in ¢1. The convolution x  y is given by the expression

x*xy(n) = i x(n —m)y(m), n=0+1,£2,---.

m=—00

Lemma 33
1. xxyett

2. XxyY =y *X
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SKETCH OF PROOF:
Y lxxy(m) <323 x(n—m)| - |y(m)| =323 [x(n)] - [y(m)]

= (2 [x(m))_ ly(m)]) < oo.

m
The interchange of order of summation is justified because the series are abso-
lutely convergent. Q.E.D.

REMARK: It is easy to show that if x € ¢! then x € /2.
Now we note that the action of H can be given by the convolution

Hx =h*xx.

For an FIR filter, this expression makes sense even if x isn’t in £!, since the sum
is finite.

6.2 Continuous filters

The emphasis in this course will be on discrete filters, but we will examine a few
basic definitions and concepts in the theory of continuous filters.

A continuous-time signal is a function f(¢) (real or complex-valued, but usu-
ally real), defined for all ¢ on the real line . Intuitively, we think of f(¢) as the
signal at time ¢, say a continuous analog signal. In general, these signals are of
infinite length. Usually, but not always, we will require that the signals belong to
L?[—00, 00], i.e., that they have finite energy: [*°_|f(t)[*dt < co. Sometimes we
will require that f € L'[oo, o0.

The time-shift operator S, : L? — L? is defined by S,f(t) = f(t — a).
The action of this bounded operator is to delay the signal by the time interval a.
Similarly the inverse operator S f(¢) = f(¢ + a) advances the signal by a time
units.

A continuous filter H is a bounded linear operator H : L? — L? that is time
invariant. The filter processes each input f and gives an output Hf = ¢. Time
invariance means that H(S,f)(t) = S.g(t), whenever Hf (t) = g(¢t). Thus, the
effect of delaying the input by a units of time is just to delay the output by a units.
(Another way to put this is HS, = S, H, the filter commutes with shifts.)

Suppose that H takes the form

o0

Hf(t) = / K(s,1)f(s)ds

—0oQ
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where K (s,t) is a continuous function in the (s, ¢) plane and with bounded sup-
port. Then the time invariance requirement

g(t—a) = /O:OK(s,t)f(s —a)ds
whenever -
o) = [ K(s.0)f(s)ds

forall f € L?[—c0,00] and all @ € R implies K (s + a,t + a) = K(s,t) for all
real s, t; hence there is a continuous function 4 on the real line such that K (s, t) =
h(t — s). It follows that H is a convolution operator, i.e.,

HY(6) = b+ f(t) = [ «h(t) = [ h(s)f(t = s5)ds

(Note: This characterization of a continuous filter as a convolution can be proved
under rather general circumstances. However, h may not be a continuous function.
Indeed for the identity operator, h(s) = d(s), the Dirac delta function.)

Finally, we say that a continuous filter is causal if it doesn’t respond to a signal
until the signal is received, i.e., Hf(¢) = 0 fort < 0if f(¢) = 0 for ¢t < 0. This
implies h(s) = 0 for s < 0. Thus a causal filter is completely determined by the
impulse response function h(s), s > 0 and we have

Hf()=h+ f(t) = foh(0)= [ h(s)f(t—s)dsz/t h(t — 5)f(s)ds

If f,h € L'[—o00,00] then g = Hf € L'[—o0, o] and, by the convolution theo-
rem

~

a0 = hNF ).

6.3 Discrete filters in the frequency domain: Fourier
series and the Z-transform

Let x € /2 be a discrete-time signal.

X:(...,xfl,xo,l‘l’x%...) or x= E(f
(2
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Definition 28 The discrete-time Fourier transform of x is

o0

X(w) = Z x(n)e™"™,

Note the change in point of view. The input is the set of coefficients x(n) and
the output is the 27-periodic function X (w) € L?|—=, n]. We consider X (w) as
the frequency-domain signal. We can recover the time domain signal from the
frequency domain signal by integrating:

1 = .

=— | X(w)e™ =0,+1,---.
x(n) o /7r (w)e™dw, n=0,+£1,

For discrete-time signals x, y the Parseval identity is

0 _ 1 fore) o
(y)= ¥ x(mym) = o= [ X(@)¥(w)dw.
If x belongs to ¢* then the Fourier transform X is a bounded continuous function
on [—m, 7.

In addition to the mathematics notation X (w) for the frequency-domain signal,
we shall sometimes use the signal processing notation

X)) = Y x(n)e?™,  j=+v-1, (6.2)
and the z-transform notation
X(z)= Y x(n)z ", (6.3)

Note that the z-transform is a function of the complex variable z. It reduces to
the signal processing form for = = /. The Fourier transform of the impulse
response function h of an FIR filter is a polynomial in 21,

We need to discuss what high frequency and low frequency mean in the con-
text of discrete-time signals. We try a thought experiment. We would want a
constant signal x(n) = 1 to have zero frequency and it corresponds to X (w) =
d(w — 0) where 6(w) is the Dirac Delta Function, so w = 0 corresponds to low
frequency. The highest possible degree of oscillation for a discrete-time signal
would be x(n) = (—1)", i.e., the signal changes sign in each successive time in-
terval. This corresponds to the time-domain signal X (w) = §(w — 7). Thus %,
and not 27, correspond to high frequency.
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We can clarify this question further by considering two examples that do be-
long to the space ¢2. Consider first the discrete signal x(*) where

XM=Y 0 otherwise.

If N is a large integer then this signal is a nonzero constant for a long period, and
there are only two discontinuities. Thus we would expect this signal to be (mostly)
low frequency. The Fourier transform is, making use of the derivation (3.10) of
the kernel function Dy (x),

o0

N
X(l) (w) — Z X(l) [n]efiwn — Z efz'wn
n=-—00 n=—N

_sin([N +1/2]w)
~ sin(w/2)

As we have seen, this function has a sharp maximum of 2N 41 at w = 0 and falls

off rapidly for |w| > 0.

Our second example is x(?) where

= QDN(CL))

x[n] { 0 otherwise.

If N is a large integer this signal oscillates as rapidly as possible for an extended
period. Thus we would expect this signal to exhibit high frequency behavior. The
Fourier transform is, with a small modification of our last calculation,

e’} N

X(2) (w) — Z X(l)[n]efiwn — Z (_1)n67iwn

n=-—00 n=—N

. (_1)Ncos([N + 1/2)w)
B cos(w/2)

This function has a sharp maximum of 2N + 1 at w = . Itis clear that w =

0,7, mod 27 correspond to low and high frequency, respectively.

In analogy with the properties of convolution for the Fourier transform on
[—00, 00| we have the

= 2Dy (w + 7).

Lemma 34 Let x, y be in ¢! with frequency domain transforms X (w), Y (w), re-
spectively. The frequency-domain transform of the convolution xxy is X (w)Y (w).
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PROOF:

Z X * Y(n)e_mw = Z Z X(TL — m) . y(m)e—i(n—m)we—imw

n m

(S (0 — m)e -y (m) e

(Q_x(n)e ™)y (m)e™ = X ()Y (w).

n

™

The interchange of order of summation is justified because the series converge
absolutely. Q.E.D.

NOTE: If h has only a finite number of nonzero terms and x € ¢2 (but not ¢!) then
the interchange in order of summation is still justified in the above computation,
and the transform of h x x is H (w) X (w).

Let H be a digital filter: Hx = h x x. If h € £ then we have that the action
of H in the frequency domain is given by

X(w) = Hw)X (w)
where H (w) is the frequency transform of h. If H is a FIR filter then
X(z) = H(2) X (2)

where H (z) is a polynomial in 2.

One of the principal functions of a filter is to select a band of frequencies to
pass, and to reject other frequencies. In the pass band |H (w)| is maximal (or
very close to its maximum value). We shall frequently normalize the filter so
that this maximum value is 1. In the stop band |H (w)]| is 0, or very close to 0.
Mathematically ideal filters can divide the spectrum into pass band and stop band,;
for realizable, non-ideal, filters there is a transition band where | H (w)| changes
from near 1 to near 0. A low pass filter is a filter whose passband is a band of
frequencies around w = 0. (Indeed in this course we shall additionally require
H(0) =1and H(w) = 0 for a low pass filter. Thus, if H is an FIR low pass filter
we have H(0) = ¥~ h(n) = 1.) A high pass filter is a filter whose pass band
is a band of frequencies around w = =, (and in this course we shall additionally
require |H(7)| = 1 and H(0) = 0 for a high pass filter.)

EXAMPLES:
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]
—

| .
SN—
N [

1 5 00 1
y0) [=[- 530 (0)
y(1) 05 3 x(1)

Figure 6.2: Moving average filter action

1. Asimple low pass filter (moving average). This is a very important example,
associated with the Haar wavelets. Hx = y where y(n) = ix(n)+sx(n—
1). N = 1 and the filter coefficients are h = (h(0),h(1)) = (3,3). An
alternate representation is H = %I—i—%s. The frequency response is H (w) =
1+ 1e ™ = |H(w)|e"™ where

Hw)| =cos5,  ¢w) =~

Note that |H(w)| is 1 for w = 0 and 0 for w = 7. This is a low pass filter.
The z-transform is H(z) = 1 + £z '. The matrix form of the action in the
time domain is given in Figure 6.2.

2. A simple high pass filter (moving difference). This is also a very impor-
tant example, associated with the Haar wavelets. Hx = y where y(n) =

sx(n)—ix(n—1). N = 1and the filter coefficientsare h = (h(0), h(1)) =

(3,—3)- An alternate representation is H = I — 1S. The frequency re-
sponse is H(w) = £ — 1e ™ = |H(w)|e*) where

Hw)|=sins,  ¢w)=

b0l 3
| €

Note that |H (w)| is 1 for w = 7 and 0 for w = 0. This is a high pass filter.
The z-transform is H(z) = £ — 2z~'. The matrix form of the action in the

time domain is given in Figure 6.3.

115



y(.—l) —g 5 0 0 - 1
yo) |=1]- - -5 5 o x(0)
y(1) -0 =3 5 - x(1)

Figure 6.3: Moving difference filter action

6.4 Other operations on discrete signals in the time

and frequency domains
We have already examined the action of a digital filter H in both the time and
frequency domains. We will now do the same for some other useful operators.

Let {x(n) : n = 0,41,---} be a discrete-time signal in ¢ with z-transform
X(z) =302 x(n)z~™ in the time domain.

e Delay. Sx(n) = x(n — 1). In the frequency domain S : X (z) — 27X (),

because
Yo Sx(n)z "= Y x(n—1z"= Y x(m)z ™' =z2"X(2).

e Advance. S™'x(n) = x(n + 1). In the frequency domain S~! : X(z) —
2X (2).

e Downsampling. ({ 2)x(n) = x(2n), i.e.,
(\L 2)X = ( e ’X(_Q)’ X(O)’ X(Q)’ e )

In terms of matrix notation, the action of downsampling in the time domain
is given by Figure 6.4. In terms of the z-transform, the action is

D (F2)x(n)z " =3 x(2n)z " = %ZX(n)(Z%)"‘i‘% > x(n)(—27) "
= SIX(GH) + X (2]
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. . x(—2)
x1(—2) 10000 - x(—1)
x1(0) | = 00100 - x(0) (6.4)
x1(2) 000O0T1 - x(1)
. . x(2)
Figure 6.4: Downsampling matrix action
x(—1) 100 - :
0 000 - x(—1)
x(0) | = 010 - x(0) |. (6.5)
0 000 - x(1)
x(1) 001 - :

Figure 6.5: Upsampling matrix action

e Upsampling. (1 2)x(n) = { X(05) Z%\:je; e,

(t2)x=(--,x(-1),0,%x(0),0,x(1),0,---).
In terms of matrix notation, the action of upsampling in the time domain is
given by Figure 6.5. In terms of the z-transform, the action is

S (1 2)x(n)z™" =Y x(m)z7>" = X (2°).

e Upsampling followed by downsampling. ({ 2)(1 2)x(n) = x(n), the iden-
tity operator. Note that the matrices (6.4), (6.5) give (| 2)(1 2) = I, the
infinite identity matrix. This shows that the upsampling matrix is the right
inverse of the downsampling matrix. Furthermore the upsampling matrix is
just the transpose of the downsampling matrix: (J 2)* = (1 2).

x(n) meven

e Downsampling followed by upsampling. (1 2)({ 2)x(n) = { 0 nodd '

i.e.,

(T2){ 2)x = (---,x(=2),0,%x(0),0,x(2),0,--).
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Note that the matrices (6.5), (6.4), give (1 2)(J 2) # I. This shows that the
upsampling matrix is not the left inverse of the downsampling matrix. The
action in the frequency domain is

(12)(12): X(2) = 5X() + X (2]

e Flip about N/2. The action in the time domain is F y/ox(n) = x(N — n),
i.e., reflect x about N/2. If N is even then the point x(/N/2) is fixed. In the
frequency domain we have

Fnpo: X(2) =2 VX ().

e Alternate signs. Ax(n) = (—1)"x(n) or
Ax = (---, —x(—1),x(0), —x(1),x(2),- - -).

Here
A:X(z) > X(—2).

e Alternating flip about V/2. The action in the time domain is F y/ox(n) =
(—=1)"x(N — n). In the frequency domain

X(2) = (=2) "X (=z71).
e Conjugate alternating flip about N/2. The action in the time domain is

Fn/ox(n) = (—=1)"X(N —n). Inthe frequency domain

X(2) = (=) "X (=z7).

6.5 Filter banks, orthogonal filter banks and perfect
reconstruction of signals

| want to analyze signals x(n) with digital filters. For efficiency, it is OK to
throw away some of the data generated by this analysis. However, | want to make
sure that | don’t (unintentionally) lose information about the original signal as |
proceed with the analysis. Thus | want this analysis process to be invertible: | want
to be able to recreate (synthesize) the signal from the analysis output. Further I
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vo(—1) hy(1) he(0) 0 0 x(—1)
¥o(0) = hy(2) hy(1) he(0) 0 : x(0) |,
yo(1) hg(3) hg(2) hg(1) hg(0) - x(1)

Figure 6.6: H, matrix action

want this synthesis process to be implemented by filters. Thus, if I link the input
for the synthesis filters to the output of the analysis filters | should end up with the
original signal except for a fixed delay of ¢ units caused by the processing in the
filters: x(n — £). This is the basic idea of Perfect Reconstruction of signals.

If we try to carry out the analysis and synthesis with a single filter, it is es-
sential that the filter be an invertible operator. A lowpass filter would certainly
fail this requirement, for example, since it would screen out the high frequency
part of the signal and lose all information about the high frequency components
of x(n). For the time being, we will consider only FIR filters and the invertibility
problem is even worse for this class of filters. Recall that the z-transform H (z)
of an FIR filter is a polynomial in z~!. Now suppose that H is an invertible filter
with inverse H!. Since HH~! = I where I is the identity filter, the convolution
theorem gives us that

H(z)H'(z) =1,

i.e., the z-transform of H™! is the reciprocal of the z-transform of H. Except
for trivial cases the z-transform of H~! cannot be a polynomial in z=*. Hence if
the (nontrivial) FIR filter has an inverse, it is not an FIR filter. Thus for perfect
reconstruction with FIR filters, we will certainly need more than one filter.

Let’s try a filter bank with two FIR filters, Hy and H;. The input is x =
{x(n)}. The output of the filters isy; = H;x, j =1, 2.

The Hj filter action looks like Figure 6.6. and the H; filter action looks like
Figure 6.7. Note that each row of the infinite matrix H, contains all zeros, except
for the terms (ho(IV),ho(N — 1),---,ho(0)) which are shifted one column to
the right for each successive row. Similarly, each row of the infinite matrix H,
contains all zeros, except for the terms (hy(N), h; (N — 1), ---,h;(0)) which are
shifted one column to the right for each successive row. (We choose N to be the
largest of Ny, Ny, where Hy has Ny + 1 taps and H; has N; + 1 taps.) Thus each
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YI(._Q) hlkO) 0 0 0 x(;z)
y1(0) | = h;(2) hy(1) hy(0) 0 x(0)
yi(1) h;(3) hi(2) hy(1) hy(0) x(1)
Figure 6.7: H; matrix action
yo(-—2) c(.(]) 0 0 0- X(.—Z)
yo(—1) - ¢(1) c(0) 0 0 x(—1)
yo(0) [=1 - ¢c(2) c(1) ¢c(0) 0 x(0) |,
yo(1) c(3) ¢(2) c(1) ¢(0) x(1)

Figure 6.8: C matrix action

row vector has the same norm | h;||.
It will turn out to be very convenient to have a filter all of whose row vectors
have norm 1. Thus we will replace filter H, by the normalized filter

1

C - —Ho.
||
The impulse response vector for Cis ¢ = mho, so that ||c|| = 1. Similarly, we
will replace filter H; by the normalized filter
1
D=——H,.
||y |

The impulse response vector for D isd = ﬁhl, so that ||d|| = 1. The C filter
action looks like Figure 6.8. and the D filter action looks like Figure 6.9.

Now these two filters are producing twice as much output as the original in-
put, and we want eventually to compress the output (or certainly not add to the
stream of data that is transmitted). Otherwise we would have to delay the data

transmission by an ever growing amount, or we would have to replace the original
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yl(.—2) : d(.O) 0 0 0- x(.—2)
yi(—1) - d(1) d(0) o0 0 x(—1)
y1(0) | =1|- d(2) 4d(1) d(0) 0 - x(0)
y1(1) - d(3) d(2) d(1) d(0) - x(1)

Figure 6.9: D matrix action

. X(._Q)
vo(—2) c(0) 0 0 0 x(—1)
yo(0) | =1 - ¢(2) c(1) c(0) 0 x(0) |,
¥o(2) c(4) c(3) ¢(2) c(1) ¢(0) x(1)

Figure 6.10: L matrix action

one-channel transmission by a two-channel transmission. Thus we will downsam-
ple the output of filters C and D. This will effectively replace or original filters C
and D by new filters

L (12)H, B=(42)D=_

L=(]2)C= =
2 Tl

ol

(1 2)H,.

The L filter action looks like Figure 6.10. and the B filter action looks like
Figure 6.11. Note that each row vector is now shifted two spaces to the right of
the row vector immediately above. Now we put the L and B matrices together
to display the full time domain action H; of the analysis part of this filter bank,
see Figure 6.12. This is just the original full filter, with the odd-number rows
removed. How can we ensure that this decimation of data from the original filters
C and D still permits reconstruction of the original signal x from the truncated
outputs {yo(2n)},{y1(2n)}? The condition is, clearly, that the infinite matrix H,
should be invertable!

The invertability requirement is very strong, and won’t be satisfied in general.
For example, if C and D are both lowpass filters, then high frequency information

121



w2 | |- do o
w(©) =] a@ a
v1(2) - d

Figure 6.11:

Figure 6.12:

0 0
do) o
d(2) d(1) d(0)

B matrix action

0 0 0
c(1) ¢(0)
c(3) ¢(2) c(1) c(0)

H, matrix action
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c(0) ©(2) <(4) d(0) d(2) d(4)
0 ¢(1) €(3) 0 d(1) d(3)
H'=[I" BY|= 0 c(0) <2 0 d() d()
0 0 e 0 0 d(1)
0 0 o) 0 0 d(o)

Figure 6.13: H, matrix

from the original signal will be permanently lost. However, if C is a lowpass filter
and D is a highpass filter, then there is hope that the high frequency information
from D and the low frequency information from C will supplement one another,
even after downsampling.

Initially we are going to make even a stronger requirement on H; than in-
vertability. We are going to require that H; be a unitary matrix. (In that case the
inverse of the matrix is just the transpose conjugate and solving for the original
signal x from the truncated outputs {yo(2n)},{y1(2n)} is simple. Moreover, if
the impulse response vectors c, d are real, then the matrix will be orthogonal.)

The transpose conjugate looks like Figure 6.13.

UNITARITY CONDITION:

t

H'H,=HH =L

Written out in terms of the L and B matrices this is

T B [glzf“mﬁ“Bzx 66)
and . .
| PR [ — LL" LB" IO
5 w5 28] e

For the filter coefficients c(k) and d(k) conditions (6.7) become orthogonality to
double shifts of the rows:

LL" =1: > e(n)c(n — 2k) = b (6.8)

n
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LB"=0: > e(n)d(n—2k) =0 (6.9)

BB" =1: > d(n)d(n — 2k) = b0 (6.10)
REMARKS ON THE UNITARITY CONDITION

e The condition says that the row vectors of H, form an ON set, and that the
column vectors of H; also form an ON set. For a finite dimensional matrix,
only one of these requirements is needed to imply orthogonality; the other
property can be proved. For infinite matrices, however, both requirements
are needed to imply orthogonality.

e By normalizing the rows of Hy, H; to length 1, hence replacing these fil-
ters by the normalized filters C, D we have already gone part way to the
verification of orthonormality.

e The double shift orthogonality conditions (6.8)-(6.10) force N to be odd.
For if N were even, then setting & = N/2 in these equations (and also
k = —N/2 in the middle one) leads to the conditions

¢(N)e(0) = ¢(N)d(0) = d(N)e(0) = d(N)d(0) = 0.
This violates our definition of V.

e The orthogonality condition (6.8) says that the rows of L are orthogonal,
and condition (6.10) says that the rows of B are orthogonal. Condition
(6.9) says that the rows of L are orthogonal to the rows of B.

e If we know that the rows of L are orthogonal, then we can alway con-
struct a filter B, hence the impulse response vector d, such that conditions
(6.9),(6.10) are satisfied. Suppose that c satisfies conditions (6.8). Then we
define d by applying the conjugate alternating flip about N/2 to c. (Recall
that V must be odd. We are flipping the vector ¢ = (¢(0),c(1),---, c(NV))
about its midpoint, conjugating, and alternating the signs.)

d(n) = (-1)"€(N — n), n=0,1,---,N. (6.11)

o
[l
a
=2
o
=
j=3
=
Il
=
=
|
,(ll
=
|
=
al

(N - 2)’ T _6(0))



c(2) c(1) c(0) 0
. c(4) c(3) c(2) c(l) 0
SHE
c(N) 0 0 0
¢(N—-2) —¢(N-1) ¢€(N) 0
¢(N—-4) —¢(N-3) c(N—-2) —c(N—-1) ¢(N)

Figure 6.14: H,; matrix

and H; looks like Figure 6.14. You can check by taking simple examples
that this works. However in detail:

S=>c(n)d(n—2k) =>_ c(n)(—=1)"c(N — n+ 2k).

n

Setting m = N — n + 2k in the last sum we find

S=>3"¢(N—m+2k)c(m)(-1)N"™ = -8,

since N isodd. Thus S = 0. Similarly,
T =Y d(n)d(n—2k) =) (-1)"¢(N — n)(—1)""**c(N — n + 2k)

n

= ZC(N —n+ 2k)e(N — n).

n

Now set m = N — n + 2k in the last sum:

T = c(m)c(m — 2k) = byo.

NOTE: This construction is no accident. Indeed, using the facts that c(0)c(V) #
0 and that the nonzero terms in a row of B overlap nonzero terms from a row of
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L inexactly 0,2,4,---, N + 1 places, you can derive that d must be related to c
by + a conjugate alternating flip, in order for the rows to be ON.

Now we have to consider the remaining condition (6.6), the orthonormality of
the columns of H;. Note that the columns of H; are of two types: even (containing
only terms c(2n), d(2n)) and odd (containing only terms c(2n + 1),d(2n + 1)).
Thus the requirement that the column vectors of H; are ON reduces to 3 types of
identities:

even — even : > c(20)c(2k + 20)
+ zej d(20)d(2k + 20) = bpg (6.12)
odd — odd : é c(20+1)c(2k + 26+ 1)
+ zej d(2¢ + 1)d(2k + 20+ 1) = g (6.13)
odd — even : XZ: c(2¢+ 1)c(2k + 2¢)
+ é d(20+ 1)d(2k + 2¢) = 0. (6.14)
12

Theorem 35 If the filter L satisfies the double shift orthogonality condition (6.8)
and the filter B is determined by the conjugate alternating flip

d(n) = (~<1)"&(N —n), n=0,1,---,N,

then condition (6.6) holds and the columns of H; are orthonormal.

PROOF:
1. even-even
> d(20)d(2k + 20) =) _T(N — 20)c(N — 2k — 2¢)
¢ ¢
=) c(2s + 1)c(2s + 2k + 1).
Thus S
> c(20)T(2k +20) + > d(20)d(2k + 2¢)
¢ ¢
=Y _c(n)c(n + 2k) = b0
from (6.8).
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2. odd-odd

> d(20+1)d(2k+20+1)=> (N —20—1)c(N — 2k —20—1)
)2 12

=Y c(2s)c(2s + 2k).
Thus

doc20+ 1)k +20+1)+ > d(20+1)d(2k + 20+ 1)

=Y _c(n)c(n + 2k) = b0
from (6.8).

3. odd-even

> d(20+1)d(2k +2¢) = > (N — 20 — 1)c(N — 20 — 2k)
0 0

=—> c(2s+ 1)c(2s + 2k).

QE.D.

Corollary 11 If the row vectors of H; form an ON set, then the columns are also
ON and H; is unitary.

To summarize, if the filter L satisfies the double shift orthogonality condition
(6.8) then we can construct a filter B such that conditions (6.9), (6.10) and (6.6)
hold. Thus H; is unitary provided double shift orthogonality holds for the rows of
the filter L.

If H; is unitary, then (6.6) shows us how to construct a synthesis filter bank
to reconstruct the signal:

L'L+B"B=1
Now L = (| 2)C and B = (] 2)D. Using the fact that the transpose of the
product of two matrices is the product of the transposed matrices in the reverse
order,

(EF)tr — FtrEtr’
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Down  Ppro Up
x(n) |  Anal samp  cess samp  Synth | x(n)
ysis ling ing ling esis
In Out
put put
- D 2 - 4 12 H D"

Figure 6.15: Analysis-Processing-Synthesis 2-channel filter bank system

and that (] 2)" = (1 2), see (6.4),(6.5), we have
ftr — Ctr(\l, 2)tr — étr(T 2)’

Etr _ ﬁtr(\l, 2)tr _ ﬁtr(T 2)

Now, remembering that the order in which we apply operators in (6.6) is from
right to left, we see that we have the picture of Figure 6.15.

We attach each channel of our two filter bank analysis system to a channel
of a two filter bank synthesis system. On the upper channel the analysis filter
C is applied, followed by downsampling. The output is first upsampled by the
upper channel of the synthesis filter bank (which inserts zeros between successive
terms of the upper analysis filter) and then filtered by C". On the lower channel
the analysis filter D is applied, followed by downsampling. The output is first
upsampled by the lower channel of the synthesis filter bank and then filtered by
D". The outputs of the two channels of the synthesis filter bank are then added to
reproduce the original signal.

There is still one problem. The transpose conjugate looks like Figure 6.16.
This filter is not causal! The output of the filter at time ¢ depends on the input at
timest+ k&, k=0,1,---, N. To ensure that we have causal filters we insert time
delays S™ before the action of the synthesis filters, i.e., we replace C" by C"SV
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c(0) <(1) <(2) <(3)
o 0 ¢<0) c(1) <2
N 0 0 ¢(0) ¢(1)
0 0 0 <0
Figure 6.16: C" matrix
Down Pro Up
x(n) _| Anal samp  cess samp Synth . x(n—N)
ysis ling ing ling esis
In Out
put put
L D - \L 2 = - - T 2 4 ﬁtrSN -

Figure 6.17: Causal 2-channel filter bank system

and D" by D"SY. The resulting filters are causal, and we have reproduced the
original signal with a time delay of N, see Figure 6.17.

Are there filters that actually satisfy these conditions? In the next section
we will exhibit a simple solution for N = 1. The derivation of solutions for
N = 3,5, ---is highly nontrivial but highly interesting, as we shall see.

6.6 A perfect reconstruction filter bank with N =1

¢From the results of the last section, we can design a two-channel filter bank
H, with perfect reconstruction provided the rows of the filter B are double-shift
orthogonal. For general IV this is a strong restriction, for N = 1 it is satisfied by
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all filters. Since there are only two nonzero terms in a row c¢(1), c(0), all double
shifts of the row are automatically orthogonal to the original row vector. It is
conventional to choose H, to be a low pass filter, so that in the frequency domain
H()(O) == 1,H0(7T) = 0.

This uniquely determines Hy. It is the moving average Hy = %I + %S. The
frequency response is Hy(w) = 3 + s~ and the z-transform is Hy(z) = 3 +

%z_l. The matrix form of the action in the time domain is

y(-1) 1l oo - x(—1)
) [ = 340 || x0
y(1) 03 2 - x(1)
The norm of the impulse response vector (3, 3) is [[ho|| = . Applying the

conjugate alternating flip to hy we get the impulse response function (%, —%) of
the moving difference filter, a high pass filter. Thus H; = 11— S and the matrix
form of the action in the time domain is

y(=1) =3 5 0 0 | x(=1)
y(0) | = 3 3 0~ x(0)
y(1) 0 -3 3 - x(1)

The L filter action looks like
: x(~2)
30(-2) 50 00 x(~1)
Yo(2) 0O 0 O % % x(1)
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L 0 0 0
\(/){Z L L 9
viovE .
0o 0 0 -
L
Ho= | g |-
B .
% 0 0 0
o —L 1L 9o .
V2 V2
0 0 0 —%%

Figure 6.18: Analysis filter bank

and the B filter action looks like

: ' x(—2)
wi=2)| |rw 0 0 0 x(~1)
yi(0) [=|- 0 -5 5 0 x(0)
y1(2) 0 0 0 —% % x(1)

The analysis part of the filter bank is pictured in Figure 6.18.
The synthesis part of the filter bank is pictured in Figure 6.19. The outputs of
the upper and lower channels of the analysis filter bank are

1 1
(I 2)Cx(n) = ﬁ(x(2n)+x(2n—1)), (I 2)Dx(n) = ﬁ(x(%)—x(?n—l)),
and we see that full information about the signal is still present. The result of
upsampling the outputs of the analysis filters is

12)12)Cx(2n+1) =0,  (+2){ 2)Cx(2n) = —(x(2n) + x(2n — 1))

Sl

and

(12){2)Dx(2n+1) =0, (12)({ 2)Dx(2n) = —=(x(2n) — x(2n — 1)).

N
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Figure 6.19: Synthesis filter bank

The output of the upper synthesis filter is

C"(12)(L2)Cx(2n+1) = %(x(2n +2) +x(2n + 1)),

C"(12)(} 2)Cx(2n) = %(X(2n) +x(2n —1))

and the output of the lower synthesis filter is

Dtr(T 2)(\L Q)DX(QR + 1) = %(—X(?TL + 2) + X(Qn + 1))’

D"(12)(} 2)Dx(2n) = %(x@n) —x(2n —1)).

Delaying each filter by 1 unit for causality and then adding the outputs of the two
filters we get at the nth step x(n — 1), the original signal with a delay of 1.

6.7 Perfect reconstruction for two-channel filter banks.
The view from the frequency domain.

The constructions of the preceding two sections can be clarified and generalized
by examining them in the frequency domain. The filter action of convolution
or multiplication by an infinite Toeplitz matrix in the time domain is replaced
by multiplication by the Fourier transform or the z-transform in the frequency
domain.

Let’s first examine the unitarity conditions of section 6.5. Denote the Fourier
transform of the impulse response vector c of the filter C = mHO by C(w).
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Then the orthonormality of the (double-shifted) rows of L = (| 2)C is

/ " 62k O(w) dw = 27640, (6.15)
for integer k. Since C'(w) = XN, c(n)e~™, this means that the expansion of
|C(w)|? looks like

N
|ICW)]> =1+ )" (amcos(2m — 1)w + by, sin(2m — 1)w),
m=1

i.e., no nonzero even powers of e™ occur in the expansion. For N = 1 this

condition is identically satisfied. For N = 3,5, - - - it is very restrictive. An equiv-

alent but more compact way of expressing the double-shift orthogonality in the
frequency domain is

IC(W)?+ |Cw+m)]*=2. (6.16)

Denote the Fourier transform of the impulse response vector d of the filter

D = mHl by D(w). Then the orthogonality of the (double-shifted) rows of

B = (] 2)D to the rows of L is expressed as
/ " 2 0() D(w)dw = 0 (6.17)

for all integers k. If we take d to be the conjugate alternating flip of c, then we
have ,
D(w) = e ™M C0(1 + w).

The condition (6.17) for the orthogonality of the rows of L. and B becomes

/’r RN (W) O (1 + w)dw = (1) /j !N (1 4 ¢)C (¢)dd = 0,

-

where ¢ = m + w, (since N is odd and C'(w) is 2w-periodic). Similarly, it is easy
to show that double-shift orthogonality holds for the rows of D:

ID(w)>+ |[D(w+m)> = 2. (6.18)

A natural question to ask at this point is whether there are possibilities for the
filter d other than the conjugate alternating flip of c. The answer is no! Note that
the condition (6.17) is equivalent to

C(w)D(w) + C(w+ 7)D(w + 7) = 0. (6.19)
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Theorem 36 If the filters ¢ and d satisfy the double-shift orthogonality conditions
(6.16), (6.16), and (6.19), then there is a constant ~ such that || = 1 and

D(w) = ve " MC(r + w).

PROOF: Suppose conditions (6.16), (6.18), and (6.19) are satisfied. Then N must
be an odd integer, and we choose it to be the smallest odd integer possible. Set

D(w) = Q(e“)e N +w), (6.20)

for some function F. Since C and D are trigonometric polynomials in e=* of
order N, it follows that we can write

QR =gl FE=Ya, GE=% 5

where agan # 0, BBy # 0. Substituting the expression (6.20) for D into (6.19)
and using the fact that /V is odd we obtain

Substituting into (6.16) and (6.18) we further obtain

Q(e™)| = 1.
Thus we have the identities

F(:) _F(=2) )
G(z) ~ G(=2) 'Glew)

(6.21)

From the first identity (6.21) we see that if r; is a root of the polynomial G, then
sois —r;. Since N is odd, the only possibility is that ' and G have an odd number
of roots in common and, cancelling the common factors we have

_F() _ () _ (=) (P = sh)
G(z) g(z)  (F—ri)--(—rk)’
i.e., the polynomials f and g are relatively prime, of even order 2M and all of

their roots occur in + pairs. Since D and C' are trigonometric polynomials, this
means that f(e™) is a factor of D. If M > 0 then Q(+s;) = 0 so, considered as
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Figure 6.20: Perfect reconstruction 2-channel filter bank

a function of e, D(—s;) = D(s;) = 0. This contradicts the condition (6.18).
Hence, M = 0 and, from the second condition (6.21), we have |y| = 1. Q.E.D.

If we choose H, to be a low pass filter, so that Hy(0) = 1, Ho(7) = 0 then the
conjugate alternating flip will have H,(0) = 0, |H: ()| = 1 so that H; will be a
high pass filter.

Now we are ready to investigate the general conditions for perfect reconstruc-
tion for a two-channel filter bank. The picture that we have in mind is that of
Figure 6.20. The analysis filter Hy will be low pass and the analysis filter H;
will be high pass. We will not impose unitarity, but the less restrictive condition
of perfect reconstruction (with delay). This will require that the row and column
vectors of H, are biorthogonal. Unitarity is a special case of this.

The operator condition for perfect reconstruction with delay 7 is

Fo(12)({ 2)Ho + F1(12)(} 2)H, = S*

where S is the shift. If we apply the operators on both sides of this requirement to
a signal x = {x(n)} and take the z-transform, we find

SFo(2) [Ho(2) X (2) + Ho(—2)X (~2)] + 5 Fy(2) [Ha(2)X () + Ha(~2) X (~2)]
=2 *X(2), (6.22)
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where X (z) is the z-transform of x. The coefficient of X (—z) on the left-hand
side of this equation is an aliasing term, due to the downsampling and upsampling.
For perfect reconstruction of a general signal X (z) this coefficient must vanish.
Thus we have

Theorem 37 A 2-channel filter bank gives perfect reconstruction when
No distortion : Fy(2)Hy(2) + Fy(2)Hy(2) = 227° (6.23)
Alias cancellation : Fy(z)Ho(—2) + Fi(2)H1(—2) =0 (6.24)
In matrix form this reads

A R )

where the 2 x 2 matrix is the analysis modulation matrix H,,(z).
We can solve the alias cancellation requirement (6.24) by defining the synthe-
sis filters in terms of the analysis filters:

=227 0],

Fy(2) = Hi(—2), Fi(z) = —Ho(—2) (6.25)

Now we focus on the no distortion requirement (6.23). We introduce the (lowpass)
product filter
Po(Z) = F()(Z)H()(Z)

and the (high pass) product filter
Pl(Z) = Fl(Z)H]_(Z)

¢From our solution(6.25) of the alias cancellation requirement we have Py(z) =
Hy(2)H,(—2) and Py(z) = —Hy(—2)H;(2) = —Py(—=2). Thus the no distortion
requirement reads

Py(z) — Py(—2) = 227°. (6.26)

Note that the even powers of z in Py(z) cancel out of (6.26). The restriction is
only on the odd powers. This also tells us the ¢ is an odd integer. (In particular, it
can never be 0.)

The construction of a perfect reconstruction 2-channel filter bank has been
reduced to two steps:

1. Design the lowpass filter P, satisfying (6.26).
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2. Factor P, into FyHy, and use the alias cancellation solution to get F}, H;.

A further simplification involves recentering P, to factor out the delay term. Set
P(z) = 2*Py(z). Then equation (6.26) becomes the halfband filter equation

P(z) + P(=2) =2. (6.27)

This equation says the coefficients of the even powers of z in P(z) vanish, except
for the constant term, which is 1. The coefficients of the odd powers of z are
undetermined design parameters for the filter bank.

In terms of the analysis modulation matrix, and the synthesis modulation ma-
trix that will be defined here, the alias cancellation and no distortion conditions
read

Ff(z(_zi) Fﬁ(—i) ] l Z(I)EE; Z?E:ig ] N l 220/3 2(_0@@ ] ’

where the 2 x 2 F-matrix is the synthesis modulation matrix F,,(z). (Note the
transpose distinction between H,,(z) and F,,,(z).) If we recenter the filters then
the matrix condition reads

F,.(2)H,,(z) =21 (6.28)

To make contact with our earlier work on perfect reconstruction by unitarity,
note that if we define H;(z) from Hy(z) through the conjugate alternating flip (the
condition for unitarity)

Hi(z) =z VHy(-z7").
then Py(z) = 2~V Hy(z 1) Hy(z). Setting z = €™ and taking the complex conju-
gate of both sides of (6.26) we see that N = £. Thus in this case,

P(w) = Ho(w)Ho(w) = [Ho(w)[".
NOTE: Any trigonometric polynomial of the form

M+1
Piz)=1+ Y a,z @Y
n=—M

will satisfy equation (6.27). The constants a,, are design parameters that we can
adjust to achieve desired performance from the filter bank. Once P(z) is chosen
then we have to factor it as P(z) = Hy(z)Fy(z). In theory this can always be
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done. Indeed 2**1P(z) is a true polynomial in z and, by the fundamental the-
orem of algebra, polynomials over the complex numbers can always be factored
completely: 22+ P(z) = ATl;(z — ;). Then we can define H, and F; (but not
uniquely?!) by assigning some of the factors to H, and some to Fj. If we want
H, to be a low pass filter then we must require that z = —1 is a root of P(z); if
F, is also to be low pass then P(z) must have —1 as a double root. If P(z) is to
correspond to a unitary filter bank then we must have P(e™) = |Hy(e™)|?> > 0
which is a strong restriction on the roots of P(z).

6.8 Half Band Filters and Spectral Factorization

We return to our consideration of unitary 2-channel filter banks. We have reduced
the design problem for these filter banks to the construction of a low pass filter C
whose rows satisfy the double-shift orthonormality requirement. In the frequency
domain this takes the form

C) +|Cw+m)* =2.

Recall that C(w) = YN, c(n)e™™. To determine the possible ways of con-
structing C'(w) we focus our attention on the half band filter P(w) = |C(w)|?,
called the power spectral response of C. The frequency requirement on C' can
now be written as the half band filter condition (6.27)

P(2) + P(—2) = 2.

Note also that

Thus

p(n) = Ek: c(k)e(k —n) =cx¢c'(n),

where ¢T(n) = ¢(N — n) is the time reversal of c¢. Since P(w) > 0 we have
p(—n) = p(n). In terms of matrices we have P = CC* where C* = C". (P is a
nonnegative definite Toeplitz matrix.) The even coefficients of p can be obtained
from the half band filter condition (6.27):

p(2m) =>_ c(k)e(k — 2m) = 6o, (6.29)
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i.e., p(2m) = dm0. The odd coefficients of p are undetermined. Note also that P
is not a causal filter. One further comment: since C is a low pass filter C'(7) = 0
and C(0) = /2. Thus P(w) > 0 for all w, P(0) = 2 and P(7) = 0.

If we find a nonnegative polynomial half band filter P(z), we are guaranteed
that it can be factored as a perfect square.

Theorem 38 (Fejér-Riesz Theorem) A trigonometric polynomial

N
p(e—zw) — Z p(n)e—mw
n=—N
which is real and nonnegative for all w, can be expressed in the form
ple™) =[C(e™)P?

where C(z) = ¥1_y ¢(j)z~7 is a polynomial. The polynomial C(z) can be chosen
such that it has no roots outside the unit disk |z| > 1, in which case it is unique
up to multiplication by a complex constant of modulus 1.

We will prove this shortly. First some examples.

Example4 N =1

2 V42
2 )

P(z) =1+ or P(w) =1+ cosw.

Here p(0) = 1,p(1) = p(—1) = £. This factors as

P) = [0W)? = 31+ )1 +¢¥) = 1+ cosw

and leads to the moving average filter C'(w).

Example 5 N = 3 The Daubechies 4-tap filter.

—1 -1 1
P(z)=(1+ zt Z)2(1 _Z 4+ Z), or P(w) = (14 cosw)?*(1 — écosw).
Here 1 9 9 1
P2)=——2 4+ —2+1+ 22— —z%
R T TR T T
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Note that there are no nonzero even powers of z in P(z). P(w) > 0 because
one factor is a perfect square and the other factor (1 — 2 cosw) > 0. Factoring
P(z ) isn t trivial, but is not too hard because we have already factored the term
1 + 2% in our first example. Thus we have only to factor (1 — 2—%) = (a* +

a2z 1)(a+ +a~z). The result is a* = (1 4 /3)/+/8. Finally, we get

Clz) = —=1+2 (1+V3) +(1-V3)z)

4\f

4\f (A+VB)+(B+V3)z ' +(3-V3)z+(1-V3)27%) . (6.30)

NOTE: Only the expressions a*a~ and (a™)? + (a~)? were determined by the
above calculation. We chose the solution such that all of the roots were on or
inside the circle |z| = 1. There are 4 possible solutions and all lead to PR filter
banks, though not all to unitary filter banks. Instead of choosing the factors so
that P = |C|? we can divide them in a different way to get P = FyH, where
Fy is not the conjugate of H,. This would be a biorthogonal filter bank. 2) Due
to the repeated factor (1 + z')? in C(z), it follows that C'(w) has a double zero
at w = m. Thus C(7) = 0 and C'(w) = 0 and the response is flat. Similarly
the response is flat at w = 0 where the derivative also vanishes. We shall see
that it is highly desirable to maximize the number of derivatives of the low pass
filter Fourier transform that vanish near w = 0 and w = m, both for filters and for
application to wavelets. Note that the flatness property means that the filter has a
relatively wide pass band and then a fast transition to a relatively wide stop band.

Example 6 An ideal filter: The brick wall filter. It is easy to find solutions of the
equation
[CW)* +[C(w+m)* =2 (6.31)

if we are not restricted to FIR filters, i.e., to trigonometric polynomials. Indeed
the ideal low pass (or brick wall) filter is an obvious solution. Here

_ V2, 0<|w <
C(w)_{ 0, <<

The filter coefficients c(n) = 5- [, C'(w)e™ dw are samples of the sinc function:

/2 sin ™ \1[’ n=0
c(n) = TQ = i;r/;, n odd

0, mneven,n #0.
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Of course, this is an infinite impulse response filter. It satisfies double-shift or-
thogonality, and the companion filter is the ideal high pass filter

0, 0<|w/<5

D(w):{ﬁ, < lul <.

This filter bank has some problems, in addition to being “ideal”” and not imple-
mentable by real FIR filters. First, there is the Gibbs phenomenon that occurs
at the discontinuities of the high and low pass filters. Next, this is a perfect re-
construction filter bank, but with a snag. The perfect reconstruction of the input
signal follows from the Shannon sampling theorem, as the occurrence of the sinc
function samples suggests. However, the Shannon sampling must occur for times
ranging from —oo to oo, so the “delay’ in the perfect reconstruction is infinite!

SKETCH OF PROOF OF THE FEJER-RIESZ THEOREM: Since p(e™) is real
we must have p(z—1) = p(z). Thus, if z; is a root of p then so is z;*. It follows
that the roots of p that are not on the unit circle |z| = 1 must occur in pairs z;,z;
where |z;| < 1. Since p(e™) > 0 each of the roots wy = €%, 0 < 6 < 27 on
the unit circle must occur with even multiplicity and the factorization must take

the form

ple) = oML (1= D)1 =225V (1= "1~ =) (632)

where o? = p(N)/[HJEJkak] and a > 0. Q.E.D.
COMMENTS ON THE PROOF:

1. If the coefficients p(n) of p(z) are also real, as is the case with must of
the examples in the text, then we can say more. We know that the roots
of equations with real coefficients occur in complex conjugate pairs. Thus,
if z; is a root inside the unit circle, then so is z;, and then z;',z,~" are
roots outside the unit circle. Except for the special case when z; is real,
these roots will come four at a time. Furthermore, if wy, is a root on the
unit circle, then so is wy, so non real roots on the unit circle also come
four at a time: wy, wg, Wy, Wg. The roots £1 if they occur, will have even
multiplicity.

2. From (6.32) we can set
Zj Wy,

C(z) = Tl (1 = )iz (1 — %)
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thus uniquely defining C' by the requirement that it has no roots outside the
unit circle. Then P(z) = |C(z)]?. On the other hand, we could factor P
in different ways to get P(z) = F'(x)H(z). The allowable assignments of
roots in the factorizations depends on the required properties of the filters
F, H. For example if we want F, H to be filters with real coefficients then
each complex root z, must be assigned to the same factor as z.

Your text discusses a number of ways to determine the factorization in prac-
tice.

Definition 29 An FIR filter C with impulse vector c(n), n = 0,1,--- N is self-
adjoint if c(n) = ©(N —n).

This symmetry property would be a useful simplification in filter design. Note that
for a filter with a real impulse vector, it means that the impulse vector is symmetric
with respect to a flip about position NV/2. The low pass filter (1/2,1/2) for N =1
satisfies this requirement. Unfortunately, the following result holds:

Theorem 39 If C(z) is a self-adjoint unitary FIR filter, then it can have only two
nonzero coefficients.

PROOF: The self-adjoint property means 2~ C(z) = C(z™!). Thus if z; is a root
of C(z) thensois z; '. This impliesthat P(z) = C(z~')C(z) has a double root at
z;. Hence all roots of the 2N'th order polynomial 2" P(z) have even multiplicity
and the polynomial is a perfect square

Since P(z) is a half band filter, the only nonzero coefficient of an odd power of
Z on the right hand side of this expression is the coefficient of 2. It is easy to
check that this is possible only if R(z) = r(0) + r(N)z", i.e., only if R(z) has
precisely two nonzero terms. Q.E.D.

6.9 Maxflat (Daubechies) filters

These are unitary FIR filters C with maximum flatness at w = 0 and w = 7.
C(w) has exactly p zeros at w = w and N = 2p — 1. The first member of
the family, p = 1, is the moving average filter (c(0),c(1)) = (75, 75), where
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C(z) = %(1+z—1). For general p the associated half band filter P(w) = |C/(w)?
takes the form X .
+ 2z

)" Qap2(2), (6.33)
where P has degree 2N = 4p—2. (Note that it must have 2p zerosat z = —1.) The
problem is to compute @5, »(z), where the subscript denotes that ) has exactly
2p — 2 roots.

COMMENT: Since for z = e we have

(

This means that that P(w) has the factor (<527,

The condition that C(w) has a zero of order p at w = 7 can be expressed as

P(2) = (

I+z2 0 i 2w —iw
5 ) =e cos(§)—e (

1+ cosw
2

).

C(m)=C'(x)=---=CP V(x)=0. (6.34)

recalling that C(w) = 327" c¢(n)e", we see that these conditions can be ex-
pressed in the time domain as

2p—1
> (-1)"nfe(n)=0 k=0,1,---,p—1. (6.35)

n=0

In particular, for k=0 this says

Y. cn)= > cn),

odd n even n
so that the sum of the odd numbered coefficients is the same as the sum of the
even numbered coefficients. We have already taken condition (6.34) into account
in the expression (6.33) for P(z), by requiring the P has 2p zeros at z = —1, and
for P(w) by requiring that it admits the factor (522«

COMMENT: Let’s look at the maximum flatness requirement at w = 0. Since
P(w) = |C(w)|?> and P(0) = 2, we can normalize C by the requirement C(0) =
V2. Since |C(w)|? = 2 — |C(w+)|? the flatness conditions on C at w = 7 imply
a similar vanishing of derivatives of |C'(w)| atw = 0.

We consider only the case where

2p—1

Pw)= ) p(n)e ™

n=1-2p
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and the p(n) are real coefficients, i.e., the filter coefficients c(;j) are real. Since
p(0) =1,p(2) =p4) =---=p(2p—2) = 0and p(n) = p(—n) is real for n
odd, it follows that

1+cosw,, =~

P(w) = (20 Gy (cosw)

where Qp,l is a polynomial in cos w of order p — 1.

REMARK: Indeed P(w) is a linear combination of terms in cos nw for n odd. For
any nonnegative integer n one can express cos nw as a polynomial of order n in
cosw. An easy way to see that this is true is to use the formula

€™ = cosnw + isinnw = ()" = (cosw + isinw)" .
Taking the real part of these expressions and using the binomial theorem, we ob-
tain

— ™) (1) sin2 n—2j
CoS Nw = j—()z[”] < 2 ) (—1)’ sin” wcos" ™ w.
=0,-[2

Since sin¥ w = (1 — cos?w)’, the right-hand side of the last expression is a
polynomial in cos w of order n. Q.E.D.

We already have enough information to determine @, (cosw) unigquely! For
convenience we introduce a new variable

1 — cos 1+ cos
y:Tw sothatl—y:%

As w runs over the interval 0 < w < m, y runs over the interval 0 < y < 1.
Considered as a function of y, P will be a polynomial of order 2p — 1 and of the
form

Ply] = 2(1 — y)"By[y]
where B, is a polynomial in y of order p — 1. Furthermore P[0] = 2. The half
band filter condition now reads

Ply|+ P[1 —y] =2. (6.36)

Thus we have
(1 =y)"Bylyl =1 — y"By[1 — yl. (6.37)
Dividing both sides of this equation by (1 — y)? we have

Bylyl = (1—=y) P —y"(1 —y) PBy[1 —y].
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Since the left hand side of this identity is a polynomial in ¢ of order p — 1, the
right hand side must also be a polynomial. Thus we can expand both terms on
the right hand side in a power series in y and throw away all terms of order y?
or greater, since they must cancel to zero. Since all terms in the expansion of
yP(1 — y) PB,[1 — y] will be of order y? or greater we can forget about those
terms. The power series expansion of the first term is

R N A T o e N G
=3 (P )
and taking the terms up to order y?~* we find
p—1
. p+k—11Y\ 4,
Bll=> (7)o

Theorem 40 The only possible half band response for the maxflat filter with p
Zeros is

P(w) :2(71+;()Sw)”pif1 ( p“,z_ : ) (71_;0%)’“. (6.38)
k=0

Note that P(w) > 0 for the maxflat filter, so that it leads to a unitary filterbank.
Strictly speaking, we have shown that the maxflat filters are uniquely deter-
mined by the expression above (the Daubechies construction), but we haven’t ver-
ified that this expression actually solves the half band filter condition. Rather than
verify this directly, we can use an approach due to Meyer that shows existence of a
solution and gives alternate expressions for P(w). Differentiating the expressions

Plyl = (1 —y)!Bylyl =1 — 4" By[1 — 9]

with respect to y, we see that P’[y] is divisible by y?~! and also by (1 — )P~
Since P'[y] is a polynomial of order 2p — 2 it follows that

P'lyl = ky? (1 —y)P

for some constant «. Differentiating the half band condition (6.36) with respect to
y We get the condition
P'ly] = Pl —y] =0, (6.39)

which is satisfied by our explicit expression. Conversely, if s[y] = P'[y] satisfies
(6.39) then so does xs[y] satisfy it and any integral S[y] of this function satisfies

Slyl+S[1—y]=c
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for some constant ¢ independent of 3. Thus to solve the half band filter condition
we need only integrate s[y] to get

S[y]:/-@/oys[T] dr +2

so that S[0] = 2, and choose the constant « so that ¢ = 2. Alternatively, we
could compute the indefinite integral of s[y] and then choose « and the integration
constant to satisfy the low pass half band filter conditions. In our case we have

Pyl =ry" "1 -y "
Integrating by parts p — 1 times (i.e., repeatedly integrating (1 — y)™ and differen-
tiating ™), we obtain
T (L—y)r iy R (p — 1))
Ply| = -k
] ,12::0 (p+ h)l(p—h—1)!

where the integration constant has been chosen so that P[1] = 0. To get ¢ = 2 we
require

[(p— 1)
P[0] = —k 2= =2
or k = —2(2p — 1)!/[(p — 1)"?, so that

Pl =201 -y S ( 2p 1 ) (1= )",

= p—+h

Thus a solution exists.
Another interesting form of the solution can be obtained by changing variables
from y to w. We have dy = £ sinw dw s0

KSInw .

P'(w) = ;l—zP'[y] = ot sin? 2w = —asin? ! w.
Then "
Pw)=2—a / sin2 ! du (6.40)
0

where the constant a is determined by the requirement P(7) = 0. Integration by
parts yields

/ﬂ sin2?! w dw = 2271 (p — 1)1? _ V7l(p)
0 @1 T+l
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where T'(z) is the gamma function. Thus

_2(p+13)

VTl(p)

Stirling’s formula says
1 1
[(z) ~ 2°72e7*V21 (1 + O(;)) )

soa ~ /4p/masp — oc. Since P'(7/2) = —a, we see that the slope at the center

of the maxflat filter is proportional to v/N. Moreover P(w) is monotonically
decreasing as w goes from 0 to 7. One can show that the transition band gets more
and more narrow. Indeed, the transition from P(w) = 0.98 to 0.02 takes place
over an interval of length ——.

When translated back to the z-transform, the maxflat half band filters with 2p
zeros at w =  factor to the unitary low pass Daubechies filters C' with N = 2p—1.
The notation for the Daubechies filter with N = 2p — 1 is Dy ;. We have already
exhibited D, as an example. Of course, D, is the “moving average” filter.

Exercise 1 Show that it is not possible to satisfy the half band filter conditions for
Ply] with p zeros where 2p > N + 1. That is, show that the number of zeros for a
maxflat filter is indeed a maximum.

Exercise 2 Show that each of the following expressions leads to a formal solution
Ply] of the half band low pass filter conditions

Ply]+ P[1—y]=2, P[1]=0.

Determine if each defines a filter. A unitary filter? A maxflat filter?

a.
Plyl=«x
b. .
P'ly] = ry(1=y)(y - 5)°
C. 1
Pyl = ry(1 =y)(y = 3)
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Plyl=ry(l —y)(y —2)(y + 1)

Plyl=ry(l—y)(y—a)(y+a—1)
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Chapter 7

Multiresolution Analysis

7.1 Haar wavelets

The simplest wavelets are the Haar wavelets. They were studied by Haar more
than 50 years before wavelet theory came into vogue. The connection between
filters and wavelets was also recognized only rather recently. We will make it
apparent from the beginning. We start with the father wavelet or scaling function.
For the Haar wavelets the scaling function is the box function

1 ifo<t<l1
o(t) = { 0 otherwise (7.1)

We can use this function and its integer translates to construct the space Vj of all
step functions of the form

s(t) = ag fork <t<k+1,

where the a;, are complex numbers such that 3°%° _ |ax|? < oo. Thus s € V; C

L*[—o00, 00] if and only if

—0o0

5(1) = S st - ). S sl < oc.

k=—00

Note that the {¢(¢t — k) : &k = 0,%1,---} form an ON basis for V4. Also, the
area under the father wavelet is 1:



We can approximate signals f(¢) € L?*[—oo, cc] by projecting them on V}; and
then expanding the projection in terms of the translated scaling functions. Of
course this would be a very crude approximation. To get more accuracy we can
change the scale by a factor of 2.

Consider the functions ¢(2¢t — k). They form a basis for the space V; of all
step functions of the form

k kE+1
s(t) = ag for§<t<%,

where 322 |ax|? < oo. This is a larger space than V}, because the intervals on
which the step functions are constant are just 1/2 the width of those for V4. The
functions {2'/2¢(2t — k) : k= 0,41, --} form an ON basis for V;.The scaling
function also belongs to V;. Indeed we can expand it in terms of the basis as

o(t) = ¢(2t) + p(2t - 1). (7.2)

NOTE: In the next section we will study many new scaling functions ¢. We will
always require that these functions satisfy the dilation equation

2 Z é(2t — k), (7.3)
or, equivalently,
=2 Z h(k)o(2t — k). (7.4)

For the Haar scaling function N =1 and (h(0),h(1)) = (5,
can easily prove

). From (7.4) we

11
272
Lemma 35 If the scaling function is normalized so that

[ee]

| owar=1,

—00

then 1, h(k) = 1.
Returning to Haar wavelets, we can continue this rescaling procedure and de-

fine the space V; of step functions at level j to be the Hilbert space spanned by the

linear combinations of the functions ¢(27t— k&), k = 0,41, ---. These functions
will be piecewise constant with discontinuities contained in the set

{t:%, n=0,+1,42 -}

150



The functions
Gir(t) = 276(2t —k),  k=0,+1,+42,---
form an ON basis for V. Further we have
VocViC---CV;iCV;C Vi Coee

and the containment is strict. (Each V; contains functions that are not in V;_;.)
Also, note that the dilation equation (7.2) implies that

b(t) = %[%H,%(t) + biaromn (D) (7.5)

NOTE: Our definition of the space V; and functions ¢;,(t) also makes sense
for negative integers 5. Thus we have

VeV cWyCcVic:--.
Here is an easy way to decide in which class a step function s(¢) belongs:
Lemma 36
1. s(t) € Vo & s(2t) €V

2. s(t) e V; & s(277t) € V)

PROOF: s(t) is a linear combination of functions ¢(¢ — k) if and only if s(27¢) is
a linear combination of functions ¢(27t — k). Q.E.D.

Since Vy C V4, it is natural to look at the orthogonal complement of V4 in
Vi, i.e., to decompose each s € Vi in the form s = sy + s; where sq € V; and
s1 € V-, We write

Vi=W, @& W,

where Wy = {s € V; : (s,f) = 0forall f € Vp}. It follows that the
functions in T/, are just those in V; that are orthogonal to the basis vectors ¢(t — k)
of V.

Note from the dilation equation that ¢(t — k) = ¢(2t —2k) + (2t —2k —1) =
212 (1,26 (t) + 1,264 (t))- Thus

(dok, Pre) = 2!/2 / ¢t — k)p(2t — £)dt = 0 otherwise

—0o0

o0 { 2-12 if 0 =2k, 2k +1
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and

s1(0) =D _axp(2t — k) € V4
k
belongs to Wy if and only if ag 1 =

s1= ) ao [¢(2t — 2k) — #(2t — 2k — 1)] = D agew(t — k)

—Q9. Thus

where

w(t) = ¢(2t) — d(2t — 1) (7.6)
is the Haar wavelet, or mother wavelet. You can check that the wavelets w(t —
k), k=0%£1,---forman ON basis for Wj.
NOTE: In the next section we will require that associated with the father wavelet
¢(t) there be a mother wavelet w(¢) satisfying the wavelet equation

N
w(t) = V2 d(k)g(2t — k), (7.7)
k=0
or, equivalently,
N
w(t) =23 hi(k)p(2t — k), (7.8)
k=0

and such that w is orthogonal to all translations ¢(¢ — &) of the father wavelet. For
the Haar scaling function N = 1 and (h;(0), h; (1)) = (3, —3).
We define functions

wi(t) = 28w(20t — k) = 25 (p(27t — 2k) — $(201¢ — 2k — 1),
k=0,+1,42, -+, j=1,2,---.
It is easy to prove
Lemma 37 For fixed j,
(wik, win) = O, (Djk, W) =0 (7.9)
where k, k' = 0,£1,---.

Other properties proved above are

biv(t) = —=(Bys128(8) + dyrrkir (1)),

- %

Wjk(t) = —=(Pjr1,26(t) — Djs1,2641(2))-

N
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Theorem 41 let WW; be the orthogonal complement of V; in V;;:
Vi® W; = Vi

The wavelets {w;x(t) : k= 0,%£1,---} form an ON basis for W;.

PROOF: From (7.9) it follows that the wavelets {w,} form an ON set in ;.
Suppose s € W; C Vj4q. Then

s(t) = ; @k P15 (t)

and (s, ¢;»,) = 0 for all integers n. Now

1

Gjn = %(¢j+1,2n(t) + dit1,2n+1(1))-
Thus
0= (51 gb]") = %[(8’ ¢j+1,2n) + (Sa ¢j+1,2n+1)] = %(a?n + a2n+1)'
Hence

s(t) = zk: aneV2w;k (1),

so the set {w,y} is an ON basis for ;. Q.E.D.
Since V; @ W; = V4, forall 7 > 0, we can iterate on j to get V1 =
W,eV;=W,;®W;_,®V;_; and soon. Thus

Vin=W; oW1 & ---&W, & W, ® V.
and any s € V; can be written uniquely in the form
j
s:Zwk—i-sO where wy, € Wy, sq € V.
k=0
REMARK: Note that (w,, w;n) = 0 if j # j'. Indeed, suppose j > j' to

be definite. Then wjy, € Wy C Vi C V;. Since wj, € W it must be
perpendicular to w; .

Lemma 38 (wjk, wj/k/) = 5jj’5kk’ forj, 4, +k,+k' =0,1,---.

153



Theorem 42

L[—c0,00]=Vo @Y Wi=VidWoa Wi @ ---,
=0

so that each f(t) € L?[—o0, oc] can be written uniquely in the form

f=fo+ > we we € Wy, fo € Vo. (7.10)
k=0

PROOF: based on our study of Hilbert spaces, it is sufficient to show that for any
f € L?|—o0,00], given ¢ > 0 we can find an integer j(e) and a step function
s = Y axd;r € V; with a finite number of nonzero a;, and such that || f — s|| < e.
This is easy. Since the space of step functions S[Q_OO,OO] is dense in L?[—oc, o0]
there is a step function s'(t) € S? nonzero on a finite number of bounded

[*O0,00]’

intervals, such that || f — s'|| < §. Then, it is clear that by choosing j sufficiently
large, we can find an s € V; with a finite number of nonzero a; and such that
Is" = sl < 5. Thus [|f — s[| < [[f = &'[[ +[|s" — s[| <'e. Q.E.D.

Note that for j a negative integer we can also define spaces V;, W; and func-
tions ¢;x, w;i, in an obvious way, so that we have

L’[-o0,00] = V@Y Wi=Vio W, 0 W; 11 &, (7.11)
(=j
even for negative j. Further we can let j — —oo to get

Corollary 12

L’[~o0,00] = Y W= W oW, W &,

{=—00
so that each f(t) € L?[—o0, oc] can be written uniquely in the form
f= Z We, wy € W (7.12)
l=—00

In particular, {wj : 7,k = 0,41,+2,---} is an ON basis for L?*[—oc, oc].
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PROOF (If you understand that very function in L?[—oco, oo] is determined up to
its values on a set of measure zero.): We will show that {w,} is an ON basis
for L?[—o0, 00]. The proof will be complete if we can show that the space W'
spanned by all finite linear combinations of the w is dense in L?[—oo, oc]. This
is equivalent to showing that the only g € L?[—o0, o] such that (g, f) = 0 for
all f € W' is the zero vector g = 0. It follows immediately from (7.11) that if
(g, w;,) = 0 for all j, k then g € V, for all integers £. This means that, almost
everywhere, g is equal to a step function that is constant on intervals of length 2.
Since we can let £ go to —oo we see that, almost everywhere, g(t) = ¢ where c is
a constant. We can’t have ¢ # 0 for otherwise g would not be square integrable.
Hence g = 0. Q.E.D.
We have a new ON basis for L?[—oo, co]:

{¢0k;wjk' : ja j:ka ik’ :Oala}

Let’s consider the space V; for fixed j. On one hand we have the scaling
function basis

{bjr: +k=0,1,---}.
Then we can expand any f; € V; as
fi= 22 ajxdip (7.13)
k=—00

On the other hand we have the wavelets basis
{1 wj 1 +k, £k =0,1,---}
associated with the direct sum decomposition

Vi=Wj1 ® Vi

Using this basis we can expand any f; € V; as

fi= D bjsiwwimiw + Y. a1 ki1 (7.14)

k'=—o0 k=—00

If we substitute the relations
1
Gj-1k(t) = —2(¢j,2k(t) + Bj2k+1(1)),
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1
wj_1k(t) = %(fﬁj,%(t) — ¢j2n11(1))

into the expansion (7.14) and compare coefficients of ¢,, with the expansion
(7.13), we obtain the fundamental recursions

Averages(lowpass) a;_1) = %(ajgk + aj2k+1) (7.15)
Differences(highpass) b;_1x = %(aﬁk — @) 2k+1)- (7.16)

These equations link the Haar wavelets with the N = 1 unitary filter bank.
Let x(k) = a;) be a discrete signal. The result of passing this signal through
the (normalized) moving average filter C and then downsampling is y (k) = (J
2)C" x x(k) = a;_1x, Where a;_; is given by (7.15). Similarly, the result of
passing the signal through the (normalized) moving difference filter D and then
downsampling is z(k) = (| 2)D” xx(k) = b;_1 x, Where b;_; 4 is given by (7.16).

NOTE: If you compare the formulas (7.15), (7.16) with the action of the filters C,
D, you see that the correct high pass filters differ by a time reversal. The correct
analysis filters are the time reversed filters D?', where the impulse response vector
is d”(n) = d(—n), and CT. These filters are not causal. In general, the anal-
ysis recurrence relations for wavelet coefficients will involve the corresponding
acausal filters CT D”. The synthesis filters will turn out to be C, D exactly.

The picture is in Figure 7.1.

We can iterate this process by inputting the output a;_,, of the high pass
filter to the filter bank again to compute a;_5 x, b;_2x, €tc. At each stage we save
the wavelet coefficients b, and input the scaling coefficients a; for further
processing, see Figure 7.2. The output of the final stage is the set of scaling
coefficients ag,. Thus our final output is the complete set of coefficients for the
wavelet expansion

J 00 o0
Fi=3 > bewye+ Y, aokdok,

j'=0k=—oc0 k=—o00
based on the decomposition
Vim=W, oW1 ®--- W, & W, & Vj.
The synthesis recursion is :

Qjon = (@j—16+bj—1x)

(aj_l,k — bj—l,k:)- (717)

Ajok+1 =

S
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Down Out
ajk  — Anal samp put
ysis ling

In
put
L DT - \LQ — bjfl,k

Figure 7.1: Haar Wavelet Recursion

This is exactly the output of the synthesis filter bank shown in Figure 7.3.
Thus, for level 5 the full analysis and reconstruction picture is Figure 7.4.

COMMENTS ON HAAR WAVELETS:

1. For any f(t) € L?|—o0, oo] the scaling and wavelets coefficients of f are
defined by

aje = (f ¢) =27 /_o:of(t)¢(2jt— k)dt

_ 21'/2/5+§ Fb)dt, (7.18)

£
27

b = (fwe) =272 [ (06271t - 2k)dt

—0o0

= 21'/2/§+2 [f(?) —f(t+%)]dt. (7.19)

£
27

_ 9if? /°° F(O)O@H — 2k — 1)dt

If f is a continuous function and j is large then a;, ~ 2*j/2f(£). (Indeed
if f has a bounded derivative we can develop an upper bound for the error of
this approximation.) If f is continuously differentiable and j is large, then
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- T — 12 @2k

CT J/ 2 H Gj—1k L
| DT | \l/ 2 _ j72,k
DT J/ 2 I j_lak

Figure 7.2: Fast Wavelet Transform
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aj72ak

bj-2,k

— Q-1
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put

T2 C
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samp Synth
ling esis
12 D
CT \L 2 —
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Anal samp
ysis ling
DT \L 2 =

Aj—1,k- -

Pro
cess

ing

bj—l,le ..

Figure 7.3: Haar wavelet inversion

T2 C
Up

samp Synth
ling esis
12 D

Figure 7.4: Fast Wavelet Transform and Inversion
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bk ~ —gr572f' (35)- Again this shows that the a;, capture averages of f
(low pass) and the b;;, capture changes in f (high pass).

. Since the scaling function ¢(¢) is nonzero only for 0 < ¢ < 1 it follows
that ¢;x,(¢) is nonzero only for 55 <t < g- + 5-. Thus the coefficients a;y,
depend only on the local behavior of f(¢) in that interval. Similarly for the
wavelet coefficients b;,. This is a dramatic difference from Fourier series
or Fourier integrals where each coefficient depends on the global behavior
of f. If f has compact support, then for fixed j, only a finite number of the
coefficients a;, b, Will be nonzero. The Haar coefficients a;;, enable us to
track ¢ intervals where the function becomes nonzero or large. Similarly the
coefficients b, enable us to track ¢ intervals in which f changes rapidly.

. Given a signal f, how would we go about computing the wavelet coeffi-
cients? As a practical matter, one doesn’t usually do this by evaluating the
integrals (7.18) and (7.19). Suppose the signal has compact support. By
translating and rescaling the time coordinate if necessary, we can assume
that f(¢) vanishes except in the interval [0, 1). Since ¢, (¢) is nonzero only

for 37 <t < & + 5 it follows that all of the coefficients a;x, b, ill vanish

except when 0 < k < 27. Now suppose that f is such that for a sufficiently
large integer j = J we have ay; ~ 277/2f(£). If f is differentiable we can
compute how large J needs to be for a given error tolerance. We would also
want to exceed the Nyquist rate. Another possibility is that f takes discrete
values on the grid ¢t = 2% in which case there is no error in our assumption.

Inputing the values ay, = 27 7/2f (L) for = 0,1,---,27 — 1 we use the
recursion
Averages (lowpass) aj_1x = %(a_jgk + aj2k+1) (7.20)
Differences (highpass) b;j_1; = %(a]’,gk — G 2k+1)- (7.21)
described above, see Figure 7.2, to compute the wavelet coefficients by,
j=0,1,---,J—1, k=0,1,---27 — 1 and ag.

The input consists of 27 numbers. The output consists of Ej;()l 2 +1=
27 numbers. The algorithm is very efficient. Each recurrence involves 2

multiplications by the factor % At level j there are 2 - 27 such recurrences.

thus the total number of multiplicationsis 2 -7-7 2-2/ = 4.27 —4 < 4.27,

. The preceding algorithm is an example of the Fast Wavelet Transform (FWT).
It computes 27 wavelet coefficients from an input of 27 function values and
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does so with a number of multiplications ~ 27. Compare this with the FFT
which needs ~ J - 27 multiplications from an input of 27 function values.
In theory at least, the FWT is faster. The Inverse Fast Wavelet Transform is
based on (7.17). (Note, however, that the FFT and the FWT compute dif-
ferent things. They divide the spectral band in different ways. Hence they
aren’t directly comparable.)

. The FWT discussed here is based on filters with N + 1 taps, where N = 1.
For wavelets based on more general N+1 tap filters (such as the Daubechies
filters) , each recursion involves N + 1 multiplications, rather than 2. Other-
wise the same analysis goes through. Thus the FWT requires ~ 2(N +1)27
multiplications.

. What would be a practical application of Haar wavelets in signal process-
ing? Boggess and Narcowich give an example of signals from a faulty volt-
meter. The analog output from the voltmeter is usually smooth, like a sine
wave. However if there is a loose connection in the voltmeter there could be
sharp spikes in the output, large changes in the output, but of very limited
time duration. One would like to filter this “noise” out of the signal, while
retaining the underlying analog readings. If the sharp bursts are on the scale
At = 5 then the spikes will be identifiable as large values of |b;,| for
some k. We could use Haar wavelets with J > j, to analyze the signal.
Then we could process the signal to identify all terms b, for which |b;|
exceeds a fixed tolerance level § and set those wavelet coefficients equal to
zero. Then we could resynthesize the processed signal.

. Haar wavelets are very simple to implement. However they are terrible
at approximating continuous functions. By definition, any truncated Haar
wavelet expansion is a step function. The Daubechies wavelets to come are
continuous and are much better for this type of approximation.

7.2 The Multiresolution Structure

The Haar wavelets of the last section, with their associated nested subspaces that
span L2 are the simplest example of resolution analysis. We give the full definition
here. It is the main structure that we shall use for the study of wavelets, though
not the only one. Almost immediately we will see striking parallels with the study
of filter banks.
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Figure 7.5: Haar Analysis of a Signal

This is output from the Wavelet Toolbox of Matlab. The signal s = ag is sampled
at 1024 = 2'° points, so J = 10 and s is assumed to be in the space Vi,. The
signal is taken to be zero at all points £/2%°, except for k = 0,1,---,210 — 1.
The approximations a, (the averages) the projections of s on the subspaces
Vip_e for £ = 1,--- 6. The lowest Ie@é%approximation ag 1S the projection on
the subspace V;. There are only 16 distinct values at this lowest level. The ap-
proximations d, (the differences) are the projections of s on the wavelet subspaces
Wig—s.



Figure 7.6: Tree Stucture of Haar Analysis

This is output from the Wavelet Toolbox of Matlab. As before the signal s = ag Is
sampled at 1024 = 2'° points, so J = 10 and s is assumed to be in the space V.
The signal can be reconstructed in a variety of manners: s = ag + dg + d5 + ds +
ds + dy + dy, Or s = ay + dy, Or s = as + do + dy, etc. Note that the signal is a
Doppler waveform with noise superimposed. The lower-order difference contain
information, but the differences d; appear to be noise. Thus one possible way
of processing this signal to reduce noise and pass on the underlying information
would be to set the d; coefficients by, = 0 and reconstruct the signal from the
remaining nonzero coefficients.

Figure 7.7: Separate Components in Haar Analysis
This is output from the Wavelet Toolbox of Matlab. It shows the complete decom-
position of the signal into a, and d, components.

Definition 30 Let {V; : j = ---,—1,0,1,---} be a sequence of subspaces of
L?[—00,00] and ¢ € V4. This is a multiresolution analysis for L?[—oo, co] pro-
vided the following conditions hold:

1. The subspaces are nested: V; C V.

2. The union of the subspaces generates L? : UX __V; = L?[—o0, oo]. (Thus,

Jj=—00 "]
each f € L? can be obtained a a limit of a Cauchy sequence {s, : n =
1,2,---} such that each s,, € V;, for some integer j,.)

3. Separation: N2 V; = {0}, the subspace containing only the zero func-

tion. (Thus only the zero function is common to all subspaces V;.)
4. Scale invariance: f(t) € V; <= f(2t) € Vj11.
5. Shift invariance of Vi: f(t) € Vo <= f(t — k) € V, for all integers £.
6. ON basis: The set {¢(t — k) : k =0,%1,---} isan ON basis for V5.

Here, the function ¢(¢) is called the scaling function (or the father wavelet).

REMARKS:
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e The ON basis condition can be replaced by the (apparently weaker) condi-
tion that the translates of ¢ form a Riesz basis. This type of basis is most
easily defined and understood from a frequency space viewpoint. We will
show later that a ¢ determining a Riesz basis can be modified to a ¢ deter-
mining an ON basis.

e We can drop the ON basis condition and simply require that the integer
translates of ¢(¢) form a basis for V. However, we will have to be precise
about the meaning of this condition for an infinite dimensional space. We
will take this up when we discuss frames. This will lead us to biorthogonal
wavelets, in analogy with biorthogonal filter banks.

e The ON basis condition can be generalized in another way. It may be that
there is no single function whose translates form an ON basis for V{, but that
there are m functions ¢, - - -, ¢,, With m > 1 such that the set {¢,(t — k) :
¢=1,---,m, k = 0,4£1,---} is an ON basis for V4. These generate
multiwavelets and the associated filters are multifilters

e |f the scaling function has finite support and satisfies the ON basis condition
then it will correspond to a unitary FIR filter bank. If its support is not
finite, however, it will still correspond to a unitary filter bank, but one that
has Infinite Impulse Response (IIR). This means that the impulse response
vectors c(n), d(n) have an infinite number of nonzero components.

EXAMPLES:

1. Piecewise constant functions. Here V; consists of the functions f(¢) that are
constant on the unitintervals k < ¢ < k + 1:

f(t) = ax fork <t<k+1.

This is exactly the Haar multiresolution analysis of the preceding section.
The only change is that now we have introduced subspaces V; for j negative.
In this case the functions in V_,, for n > 0 are piecewise constant on the
intervals £ - 2" < ¢t < (k+ 1) - 2". Note that if f € V; for all integers j
then f must be a constant. The only square integrable constant function is
identically zero, so the separation requirement is satisfied.

2. Continuous piecewise linear functions. The functions f(t) € V} are deter-
mined by their values f(k) at the integer points, and are linear between each
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pair of values:
f@)=[f(k+1)— f(k)](t—k)+ f(k) fork <t<k+1.

Note that continuous piecewise linearity is invariant under integer shifts.
Also if f(t) is continuous piecewise linear on unit intervals, then f(2¢) is
continuous piecewise linear on half-unit intervals. It isn’t completely ob-
vious, but a scaling function can be taken to be the hat function. The hat
function H () is the continuous piecewise linear function whose values on
the integers are H(k) = do, i.e., H(0) = 1 and H(t) is zero on the other
integers. The support of H () is the open interval —1 < ¢ < 1. Note that if
f € Vj then we can write it uniquely in the form

f@&) =3 f(R)H( - k).

Although the sum could be infinite, at most 2 terms are nonzero for each
t. Each term is linear, so the sum must be linear, and it agrees with f(t) at
integer times. All multiresolution analysis conditions are satisfied, except
for the ON basis requirement. The integer translates of the hat function do
define a basis for Vj but it isn’t ON because the inner product (H (t), H (t —
1)) # 0. A scaling function does exist whose integer translates form an ON
basis, but its support isn’t compact.

. Discontinuous piecewise linear functions. The functions f(t) € Vj are de-
termined by their values and and left-hand limits f(k), f(k—) at the integer
points, and are linear between each pair of limit values:

F@&) = [f((k+1)=) = f(B)](t = k) + f(k) fork <t<k+1.

Each function f(¢) in Vj is determined by the two values f(k), f((k+1)—)
in each unit subinterval [k, & + 1) and two scaling functions are needed:

o={ o e w0={ O
Then L .
10 =2 (P20t 1)+ Joonte— 1)
ik + 1)) !
PO D00 1) - oo - ).
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The integer translates of ¢ (t), #2(t) form an ON basis for V;. These are
multiwavelets and they correspond to multifilters.

4. Shannon resolution analysis. Here V; is the space of band-limited signals
f(t) in L?[—o00, o] with frequency band contained in the interval [—277, 27 ).
The nesting property is a consequence of the fact that if f(¢) has Fourier
transform f()) then f(2t) has Fourier transform %f(%). The function ¢(t) =
sinc (t) is the scaling function. Indeed we have already shown that ||¢|| = 1
and The (unitary) Fourier transform of ¢(¢) is

1
. _ \/—2—71_ or |)\‘ <7
Fsine () { 0 for|Al > .

—ikA

Thus the Fourier transform of ¢(¢ — k) is equal to ex(\) = <% in the
interior of the interval [—r, 7] and is zero outside this interval. It follows
that the integer translates of sinc (¢) form an ON basis for 5. Note that the
scaling function ¢(t) does not have compact support in this case.

5. The Daubechies functions. We will see that each of the Daubechies unitary
FIR filters D,, corresponds to a scaling function with compact support and
an ON wavelets basis.

Just as in our study of the Haar multiresolution analysis, for a general mul-
tiresolution analysis we can define the functions

o) =280(2t — k),  k=0,%+1,%2,--

and for fixed integer j they will form an ON basis for V. Since V; C V; it follows
that ¢ € V; and ¢ can be expanded in terms of the ON basis {¢,} for V4. Thus
we have the dilation equation

2 Z (2t — (7.22)

or, equivalently,

_2211 b(2t — k). (7.23)

Since the ¢, form an ON set, the coefficient vector ¢ must be a unit vector in ¢2,

> le(k)]? = 1. (7.24)
k
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We will soon show that ¢(¢) has support in the interval [0, N] if and only if the only
nonvanishing coefficients of c are c(0),---,c(N). Scaling functions with non-
bounded support correspond to coefficient vectors with infinitely many nonzero
terms. Since ¢(t) L ¢(t—m) for all nonzero m, the vector c satisfies double-shift
orthogonality:

(600, Pom) = D_ c(k)c(k — 2m) = S (7.25)

k

REMARK: For unitary FIR filters, double-shift orthogonality was associated with
downsampling. For orthogonal wavelets it is associated with dilation.
From (7.23) we can easily prove

Lemma 39 If the scaling function is normalized so that

[ et

—0o0

then ¥, c(k) = /2.
Also, note that the dilation equation (7.22) implies that

die(t) =Y c(l — 2k)djy1,(t), (7.26)

L

which is the expansion of the V; scaling basis in terms of the V;_; scaling basis.
Just as in the special case of the Haar multiresolution analysis we can introduce
the orthogonal complement W; of V; in V.

Vin=V; & Wj.

We start by trying to find an ON basis for the wavelet space W,. Associated with
the father wavelet ¢(¢) there must be a mother wavelet w(t), with norm 1, and
satisfying the wavelet equation

w(t) =v2Y d(k)p(2t — k), (7.27)

or, equivalently,
w(t) =25 by (K)o (2t — k), (7.28)
k
and such that w is orthogonal to all translations ¢(¢t — k) of the father wavelet.
We will further require that w is orthogonal to integer translations of itself. For
the Haar scaling function N = 1 and (h;(0), h;(1)) = (3, —3). NOTE: In sev-
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eral of our examples we were able to identify the scaling subspaces, the scaling
function and the mother wavelet explicitly. In general however, this won’t be the
case. Just as in our study of perfect reconstruction filter banks, we will determine
conditions on the coefficient vectors ¢ and d such that they could correspond to
scaling functions and wavelets. We will solve these conditions and demonstrate
that a solution defines a multiresolution analysis, a scaling function and a mother
wavelet. Virtually the entire analysis will be carried out with the coefficient vec-
tors; we shall seldom use the scaling and wavelet functions directly. Now back to
our construction.
Since the ¢, form an ON set, the coefficient vector d must be a unit vector in
2,
> ld(k)]* =1. (7.29)
k

Moreover since w(t) L ¢(t — m) for all m, the vector d satisfies double-shift
orthogonality with c:

(w, dom) = 3 e(k)d(k — 2m) = 0. (7.30)

The requirement that w(t) L w(t—m) for nonzero integer m leads to double-shift
orthogonality of d to itself:

(w(t),w(t —m)) =Y _d(k)d(k — 2m) = dom. (7.31)

From our earlier work on filters, we know that if the unit coefficient vector c is
double-shift orthogonal then the coefficient vector d defined by taking the conju-
gate alternating flip automatically satisfies the conditions (7.30) and (7.31). Here,

d(n) = (=1)"c(N —n). (7.32)

This expression depends on N where the c¢ vector for the low pass filter had
N + 1 nonzero components. However, due to the double-shift orthogonality
obeyed by c, the only thing about NV that is necessary for d to exhibit double-
shift orthogonality is that NV be odd. Thus we will choose N = —1 and take
d(n) = (=1)"c(—1 —n). (It will no longer be true that the support of d(n)
lies in the set n = 0,1,--- N but for wavelets, as opposed to filters, this is not
a problem.) Also, even though we originally derived this expression under the
assumption that ¢ and d had length N, it also works when ¢ € ¢? has an infinite
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number of nonzero components. Let’s check for example that d is orthogonal to

C.

S=>c(k)d(k—2m)=>_ c(k)(-1)*c(—1+2m — k)

k k
Now set ¢ = —1 + 2m — k and sum over ¢:

S=>c(l-2m—£)(-1)"c() =-S.

Hence S = 0. Thus, once the scaling function is defined through the dilation
equation, the wavelet w(t) is determined by the wavelet equation (7.27) with

d(n) = (-1)"c(—1 — n).
Once w has been determined we can define functions

wip(t) = 22w (2t — k)
G, k=0,%£1,42,---.

It is easy to prove the

Lemma 40
(wjk, wj’k’) = 5jj’5kk’a (¢jk, wjkl) = 0

where j, ' k, k' =0,+1,---.
The dilation and wavelet equations extend to:

bje ="y clk —20)pj1(t),

k

’(Ujg = Zd(k‘ — 2€)¢j+1,k(t);
k

(7.33)

(7.34)

(7.35)

Equations (7.34) and (7.35) fit exactly into our study of perfect reconstruction

filter banks, particularly the the infinite matrix H; = 113’ pictured in Figure

6.14. The rows of H; were shown to be ON. Here we have replaced the finite
impulse response vectors c(0), - - -, c(/N) by possibly infinite vectors c(k) and
have set N = —1 in the determination of d(k), but the proof of orthonormality
of the rows of H; still goes through, see Figure 7.8. Now, however, we have a
different interpretation of the ON property. Note that the /th upper row vector is
just the coefficient vector for the expansion of ¢,,(¢) as a linear combination of
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Figure 7.8: The wavelet H, matrix

the ON basis vectors ¢;.1 4. (Indeed the entry in upper row ¢, column & is just
the coefficient c(k — 2¢).) Similarly, the ¢th lower row vector is the coefficient
vector for the expansion of wj,(¢) as a linear combination of the basis vectors
®;+1, (and the entry in lower row ¢, column k is the coefficient d(k — 2¢) =
(=1)*c(20 —1-k).)

In our study of perfect reconstruction filter banks we also showed that the
columns of H; were ON. This meant that the matrix was unitary and that its in-
verse was the transpose conjugate. We will check that the proof that the columns
are ON goes through virtually unchanged, except that the sums may now be infi-
nite and we have set N = —1. This means that we can solve equations (7.34) and
(7.35) explicitly to express the basis vectors ¢ ;1 for V, as linear combinations
of the vectors ¢; , and w;,». The kth column of H; is the coefficient vector for
the expansion of ¢, 4

Let’s recall the conditions for orthonormality of the columns. The columns
of H; are of two types: even (containing only terms c¢(2n), d(2n)) and odd (con-
taining only terms c¢(2n + 1),d(2n + 1)). Thus the requirement that the column
vectors of H; are ON reduces to 3 types of identities:

even — even : > c(20)c(2k + 20)

12
+ > d(20)d(2k + 26) = Gk (7.36)
L
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odd — odd : > c(20+1)c(2k +20+1)
¢

+ > d(20+1)d(2k + 20+ 1) = 6o (7.37)
e
odd — even : > c(20 4 1)c(2k + 2¢)
l
+ > d(2¢+1)d(2k +2¢) = 0. (7.38)
0

Theorem 43 If ¢ satisfies the double shift orthogonality condition and the filter d
is determined by the conjugate alternating flip

d(n) = (=1)"c(=1 —n),

then the columns of H; are orthonormal.

PROOF: The proof is virtually identical to that of the corresponding theorem for
filter banks. We just set N = —1 everywhere. For example the even-even case
computation is

Zd (20)d(2k +20) = Y c(—1 —20)c(—1 — 2k — 2¢)

= c¢(25s+1)c(2s + 2k + 1).
Thus s
> e(20)e(2k+ 20) + ¥ d(20)a(2k + 20
o =2 c(n)e(n +2k) = dio.
Q.ED.

Now we define functions ¢/, ,(t) in Vj,1 by

DY (c(s — 2h)pjn +d(s — Zh)wjh) :

h

Substituting the expansions

din =Y clk —2Rh) P14,

k
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w]h - Zd - 2h ¢]—|—1 ks
into the right-hand side of the first equatlon we find

=D (c(s —2h)c(k —2h) + d(s — 2h)d(k — Qh)) i1k = Pjr1,s
Ik

as follows from the even-even, odd-even and odd-odd identities above. Thus

Birrs = (c(s = 2h) gy + d(s — 2h)wy,), (7.39)
h

and we have inverted the expansions

bje ="y clk —20)p;114(t), (7.40)

k
Wi = Zd — 26 ¢]+1 k( ) (741)

Thus the set {¢,x, w;x } is an alternate ON basis for V., and we have the
Lemma 41 The wavelets {w,j, : k = 0,+£1, - - -} form an ON basis for W;.

To get the wavelet expansions for functions f € L2 we can now follow the
steps in the construction for the Haar wavelets. The proofs are virtually identical.
Since V; @ W; =V, forall j > 0, we caniterateon jtoget V1., = W,; @ V; =
W; @ W;_, @ V;_ and so on. Thus

Vim=W,eW,_1@---oW, Wy V.
and any s € V., can be written uniquely in the form

s:Zwk—i-So where wy, € Wy, so € Vj.
k=0

Theorem 44

L’[—c0,00|=V; @Y W=V, W, W, 11 D,
k=j

so that each f(t) € L?[—o0, oc] can be written uniquely in the form

f=r+> w, wy € Wy, f; €V (7.42)
k=j
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We have a family of new ON bases for L?[—oo, oo], one for each integer j:
{ijk,wj’k;': j,:jaj+]—a"'a ikaik,:()a]-a}

Let’s consider the space V; for fixed j. On one hand we have the scaling
function basis

{bin +k=0,1,---}.
Then we can expand any f; € V; as

fj= Z aj,k¢j,k- (7.43)

k=—o0

On the other hand we have the wavelets basis
{¢j—1,k; Wj—1,k - :l:ka ik, = Oa 1a o }
associated with the direct sum decomposition

Vi=Wj1® Vi
Using this basis we can expand any f; € V; as
fi= D> bjsiwwimiw+ Y. a1 ki1 (7.44)
k' =—o00 k=—0o0

If we substitute the relations

di_10=>_c(k—20)p;(t), (7.45)

k
Wij—1,0 = Z d(k — 2€)¢j,k(t)a (746)
k

into the expansion (7.43) and compare coefficients of ¢,, with the expansion
(7.44), we obtain the fundamental recursions

Averages(lowpass) aj_1x =3, c(n — 2k)a;, (7.47)
Differences(highpass) b;_1, = Y, d(n — 2k)a;p. (7.48)

These equations link the wavelets with the unitary filter bank. Let x(k) = a;; bea
discrete signal. The result of passing this signal through the (normalized and time
reversed) filter C*" and then downsampling is y (k) = (4 2)C" x x(k) = aj_1,,
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Figure 7.9: Wavelet Recursion

where a;_1 IS given by (7.47). Similarly, the result of passing the signal through
the (normalized and time-reversed) filter D and then downsampling is z(k) = ({
2)D” % x(k) = bj_1x, Where b;_; x is given by (7.48).

The picture, in complete analogy with that for Haar wavelets, is in Figure 7.9.

We can iterate this process by inputting the output a,_, ; of the high pass
filter to the filter bank again to compute a; ok, b2 %, €tc. At each stage we save
the wavelet coefficients b;,s and input the scaling coefficients a; for further
processing, see Figure 7.10. The output of the final stage is the set of scaling
coefficients agg, assuming that we stop at j = 0. Thus our final output is the
complete set of coefficients for the wavelet expansion

ji—1 oo o0
fi= Z Z bjipwjrg + Z Aok Dok
j'=0k=—00 k=—00

based on the decomposition
Vi=WisioW,.e---oW, oWy V.

To derive the synthesis filter bank recursion we can substitute the inverse rela-
tion
Bis = 2 (s = 20)dj-10 + d(5 = 2R)wj 1) , (7.49)
h
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Figure 7.10: General Fast Wavelet Transform
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Figure 7.11: Wavelet inversion

into the expansion (7.44) and compare coefficients of ¢;_; ¢, w;_1 . With the
expansion (7.43) to obtain the inverse recursion

Ajn = ZC(?k - n)aj_l,k + Z d(2]€ — Tb)bj_l,k. (750)
k k
This is exactly the output of the synthesis filter bank shown in Figure 7.11.
Thus, for level 5 the full analysis and reconstruction picture is Figure 7.12.
In analogy with the Haar wavelets discussion, for any f(¢) € L%*[—oo, oc] the
scaling and wavelets coefficients of f are defined by

7°° F(8) (2t — Bydt, (7.51)

Gjr = (fa ¢jk) = 2j/2/

b = (fowg) =272 [~ fyw@t— k)i

—0oQ

7.2.1 Wavelet Packets

The wavelet transform of the last section has been based on the decomposition
V; = W;_1 @ V;_; and its iteration. Using the symbols a;, b; (with the index &
suppressed) for the projection of a signal f on the subspaces V;, W}, respectively,
we have the tree structure of Figure 7.13 where we have gone down three levels
in the recursion. However, a finer resolution is possible. We could also use our
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Figure 7.12: General Fast Wavelet Transform and Inversion

Figure 7.13: General Fast Wavelet Transform Tree
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Figure 7.14: Wavelet Packet Tree

low pass and high pass filters to decompose the wavelet spaces W; into a direct
sum of low frequency and high frequency subspaces: W; = W;, @ W,,. The
new ON basis for this decomposition could be obtained from the wavelet basis
wjy (t) for W; exactly as the basis for the decomposition V; = W;_, @ V;_, was
obtained from the scaling basis ¢,x(t) for V;: wje1(t) = Spod(k — 26)w;i(t)
and w;o(t) = S8, c(k — 20)w;(t). Similarly, the new high and low frequency
wavelet subspaces so obtained could themselves be decomposed into a direct sum
of high and low pass subspaces, and so on. The wavelet transform algorithm (and
its inversion) would be exactly as before. The only difference is that the algorithm
would be applied to the b;;, coefficients, as well as the a;; coefficients. Now
the picture (down three levels) is the complete (wavelet packet) Figure 7.14. With
wavelet packets we have a much finer resolution of the signal and a greater variety
of options for decomposing it. For example, we could decompose s as the sum of
the 8 terms at level three: s = a; 3+ b; 3+ bj_20+bj 21 +bj 100+ bj_1,01 +
bjfl,l,O + bjfl’l,l. A hybrid would be s = a;j1+ bj,1’0 + bj,1,1’0 + bjfl,l’l. The
tree structure for this algorithm is the same as for the FFT. The total number of
multiplications involved in analyzing a signal at level J all the way down to level
0 is of the order .J27, just as for the Fast Fourier Transform.

7.3 Sufficient conditions for multiresolution analy-
SIS
We are in the process of constructing a family of continuous scaling functions

with compact support and such that the integer translates of each scaling function
form an ON set. Even if this construction is successful, it isn’t yet clear that each
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of these scaling functions will in fact generate a basis for L?[—o0, o], i.e. that

any function in L? can be approximated by these wavelets. The following results

will show that indeed such scaling functions determine a multiresolution analysis.
First we collect our assumptions concerning the scaling function ¢(t).

e Condition A: Suppose that ¢(t) is continuous with compact support on
the real line and that it satisfies the orthogonality conditions (¢ok, doe) =
[ ot — k)p(t — £)dt = Jge in Vy. Let V; be the subspace of L2[—o0, 00
with ON basis {¢; : k = 0, %1, - }Where dik(t) = 29/2¢(27t — k).

e Condition B: Suppose ¢ satisfies the normalization condition [ ¢(t)dt = 1
and the dilation equation

for finite V.

Lemma 42 If Condition A is satisfied then for all f € V{ and for all ¢, there is a
constant K such that

If(@®)] < KJ|f]l.

PROOF: If f € V; then we have f(t) = >, ckdor(t). We can assume pointwise
equality as well as Hilbert space equality, because for each ¢ only a finite number
of the continuous functions ¢(¢ — k) are nonzero. Since ¢, = (f, ¢ox) We have

:/h(t,s)f(s)ds, where h(t, s) Zqﬁt— é(s — k).

Again, for any ¢, s only a finite number of terms in the sum for A(¢, s) are nonzero.
For fixed ¢ the kernel h(t, s) belongs to the inner product space of square inte-
grable functions in s. The norm square of A in this space is

[1A(t, )15 = ZIM— )" < K?

for some positive constant K. This is because only a finite number of the terms
in the k-sum are nonzero and ¢(¢) is a bounded function. Thus by the Schwarz
inequality we have

F()] = [(E(E,), £)s] < (1R IIF]] < KF].
Q.E.D.
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Theorem 45 If Condition A is satisfied then the separation property for multires-
olution analysis holds: N2 V; = {0}.

PROOF: Suppose f € V_;. This means that f(27t) € V;. By the lemma, we have
F@0)] < K||f(2)]| = K279 f]].
If f € V_;forall jthen f(t) = 0. Q.E.D.

Theorem 46 If both Condition A and Condition B are satisfied then the density
property for multiresolution analysis holds: U]_,OOV L?[—00, 0].

PROOF: Let R,;(t) be a rectangular function:

1 fora<t<b
Ra(t) = { 0 otherwise.

for a < b. We will show that R,, € U]__OOVJ Since every step function is

a linear combination of rectangular functions, and since the step functions are
dense in L?[—o0, oo, this will prove the theorem. Let P;R,; be the orthogonal
projection of R, on the space V;. Since {¢,} is an ON basis for V; we have

PiRay = ki
%

We want to show that || Rq, — PjRg|| — 0a8s j — +o0. Since Ry, — PjRay LV
we have
||Ra||* = || Rap — PjRap||* + || PjRavl[*,

so it is sufficient to show that || P; R[> — || Ras||> a5 j — +00. Now

. b .
1P Rasll? = 3 lenl? = 3 [ (Rs, 8302 = 2 0| [ 627t — Rt
k k a

SO

1P Rl = 2 72\/ )t

Now the support of ¢(t) is contained in some finite interval with integer endpoints
m; < mo: mp < t < my. For each integral in the summand there are three
possibilities:
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1. The intervals [27a, 27b] and [m1, m,] are disjoint. In this case the integral is
0.

2. [my,my] C [27a, 27b]. In this case the integral is 1.

3. The intervals [2’a, 27b] and [my, m,] partially overlap. As j gets larger and
larger this case is more and more infrequent. Indeed if ab # 0 this case
won’t occur at all for sufficiently large 5. It can only occur if say, a =
0,m; < 0,mq > 0. For large 7 the number of such terms would be fixed at
|m1|. In view of the fact that each integral squared is multiplied by 277 the
contribution of these boundary terms goesto 0 as j — +oc.

Let N, (a, b) equal the number of integers between 27a and 27b. Clearly N;(a, b) ~
29(b — a) and 277 N;(a,b) — b — a as j — +oo. Hence

b
lim |[PRagl? =b—a= [ 1dt = || R

j—+o0

Q.E.D.

7.4 Lowpass iteration and the cascade algorithm

We have come a long way in our study of wavelets, but we still have no concrete
examples of father wavelets other than a few that have been known for almost a
century. We now turn to the problem of determining new multiresolution struc-
tures. Up to now we have been accumulating necessary conditions that must be
satisfied for a multiresolution structure to exist. Our focus has been on the coeffi-
cient vectors c and d of the dilation and wavelet equations. Now we will gradually
change our point of view and search for more restrictive sufficient conditions that
will guarantee the existence of a multiresolution structure. Further we will study
the problem of actually computing the scaling function and wavelets. In this sec-
tion we will focus on the time domain. In the next section we will go to the
frequency domain, where new insights emerge. Our work with Daubechies filter
banks will prove invaluable since they are all associated with wavelets.
Our main focus will be on the dilation equation

() = V23 c(k)d(2t — k). (7.52)

We have already seen that if we have a scaling function satisfying this equation,
then we can define d from c by a conjugate alternating flip and use the wavelet
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equation to generate the wavelet basis. Our primary interest is in scaling functions
¢ with support in a finite interval.

If ¢ has finite support then by translation in time if necessary, we can assume
that the support is contained in the interval [0, V). With such a ¢(t) note that even
though the right-hand side of (7.52) could conceivably have an infinite number of
nonzero c(k), for fixed ¢ there are only a finite number of nonzero terms. Suppose
the support of c is contained in the interval [Ny, No] (which might be infinite).
Then the support of the right-hand side is contained in [2, &£22)  Since the
support of both sides is the same, we must have N; = 0, N, = N. Thus c has
only N + 1 nonzero terms c¢(0), c(1), - - -, ¢c(IN). Further, N must be odd, in order
that c satisfy the double-shift orthogonality conditions.

Lemma 43 If the scaling function ¢(t) (corresponding to a multiresolution anal-
ysis) has compact support on [0, N), then c(k) also has compact support over
0<k<N.

Recall that ¢ also must obey the double-shift orthogonality conditions

S c(k)e(k — 2m) = dom

k

and the compatibility condition

between the unit area normalization [ ¢(¢)dt = 1 of the scaling function and the
dilation equation.

One way to try to determine a scaling function ¢(¢) from the impulse response
vector c is to iterate the lowpass filter C. That is, we start with an initial guess
#©)(t), the box function on [0, 1), and then iterate

N
¢UHI() = V23 e(k)o (2t — k) (7.53)
k=0
fori = 1,2,---. Note that ¢((¢) will be a piecewise constant function, constant

on intervals of length &. If lim; .o ¢V (t) = ¢(t) exists for each ¢ then the
limit function satisfies the dilation equation (7.52). This is called the cascade
algorithm, due to the iteration by the low pass filter.
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Of course we don’t know in general that the algorithm will converge. (We
will find a sufficient condition for convergence when we look at this algorithm in
the frequency domain.) For the moment, let’s look at the implications of uniform
convergence on [—oo, o] of the sequence ¢ (t) to ¢(t).

First of all, the support of ¢ is contained in the interval [0, V). To see this note
that, first, the initial function ¢(®) has support in [0, 1). After filtering once, we see
that the new function ¢ has support in [0, LX), Iterating, we see that ¢(*) has
support in [0, HHELUN),

Note that at Ievel 1 = 0 the scaling function and associated wavelets are or-
thonormal:

(W, wl)) = 6j5'6me, (85, W) =0

where j, j', £k, £k’ = 0,1,---. (Of course it is not true in general that ¢\ L

qﬁé?,z, for j # j'.) These are just the orthogonality relations for the Haar wavelets.
This orthogonality is maintained through each iteration, and if the cascade algo-
rithm converges uniformly, it applies to the limit function ¢:

Theorem 47 If the cascade algorithm converges uniformly in ¢ then the limit
function ¢(¢) and associated wavelet w(t) satisfy the orthogonality relations

(Wik, Wirgr) = 551 Ok, (Djrs win) = 0, (Djks Djrr) = O

where j, ', £k, £k' = 0,1, - -
PROOF: There are only three sets of identities to prove:

1. /°° St — )Gt — m)dt = b

—0o0

2, /°° $(t — n)w(t —m)dt = 0

-0

3. /:)O w(t — n)w(t — m)dt = Spm-

The rest are immediate.

1. We will use induction. If 1. is true for the function ¢® (¢) we will show that
it is true for the function ¢(+1)(¢). Clearly it is true for ¢ (¢). Now

[ 60— m) T = myde = (667, 6"
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=0 _c(k )¢, 2n+k,z ()6 2m+4)

k 14
= Z ¢1 ,2n+ks ¢1 2m+e) zk: c(k)c(k —2(m —n)) = bpm.

Since the convergence is uniform and ¢(t) has compact support, these or-
thogonality relations are also valid for ¢(t).

2.
[ 60 =m0 = mdt = (66,7, wf )
Z c(k ¢1 2n+k> Z d(/ wl 2m+£
k
= Z 1 2n+k= w§ )2m+e) = Z c(k)d(k —2(m —n)) =0,
k
because of the double-shift orthogonality of c and d.
3. - - .
[ e ¢ = = )t = (i )
=Y d(k)d(k — 2(m — n)) = dnm,
k
because of the double-shift orthonormality of d.
Q.E.D.

Note that most of the proof of the theorem doesn’t depend on convergence. It
simply relates properties at the ith recursion of the cascade algorithm to the same
properties at the (¢ + 1)-st recursion.

Corollary 13 If the the orthogonality relations

(w$), wih) = 6550, (@5, wi)) =0, (@5, 650) = o

where j,j', +k, k' = 0,1, - - - are valid at the sth recursion of the cascade algo-
rithm they are also valid at the (i + 1)-st recursion.
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7.5 Scaling Function by recursion. Evaluation at
dyadic points

We continue our study of topics related to the cascade algorithm. We are trying to
characterize multiresolution systems with scaling functions ¢(t) that have support
in the interval [0, V') where N is an odd integer. The low pass filter that charac-
terizes the system is c(0), - - -, ¢(ZV). One of the beautiful features of the dilation
equation is that it enables us to compute explicitly the values qb(%) forall j, &, i.e.,
at all dyadic points. Each value can be obtained as a result of a finite (and easily
determined) number of passes through the low pass filter. The dyadic points are
dense in the reals, so if we know that ¢ exists and is continuous, we will have
determined it completely.
The hardest step in this process is the first one. The dilation equation is

¢u)=vﬁz;d@¢@t—k) (7.54)

If ¢(t) exists, it is zero outside the interval 0 < ¢ < N, so we can restrict our
attention to the values of ¢(¢) on [0, N). We first try to compute ¢(¢) on the
integers ¢ = 0,1,---, N — 1. Substituting these values one at a time into (7.54)
we obtain the system of equations

[ (0) [ c(0) 0
¢(1) c(2) c(1) ¢(©0) 0
¢(2) c(4) ¢(3) ¢(2) c(1) c(0)
o) | _ sz | c6) c5) c(4) c(3) c(2)
¢(4) c(8) (1) ¢6) <5 c(4)

(N —2) o e(N=2) ¢(N-3)
sv-1 ]| e eN) eV =)
or

B(0) = m(0)P(0). (7.55)

This says that (0) is an eigenvector of the N x N matrix m(0), with eigenvalue
1. If 1 is in fact an eigenvalue of m(0) then the homogeneous system of equations
(7.55) can be solved for ®(0) by Gaussian elimination.

We can show that m(0) always has 1 as an eigenvalue, so that (7.55) always
has a nonzero solution. We need to recall from linear algebra that X is an eigen-
value of the N x N matrix m(0) if and only if it is a solution of the characteristic
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equation
det[m(0) — AI] = 0. (7.56)

Since the determinant of a square matrix equals the determinant of its transpose,
we have that (7.56) is true if and only if

det[m* (0) — \M] = 0.

Thus m(0) has 1 as an eigenvalue if and only if m*(0) has 1 as an eigenvalue. |
claim that the column vector (1,1, --,1) is an eigenvector of m*(0). Note that
the column sum of each of the 1st, 3rd 5th, ... columns of m(0) is v/2 Y, c(2k),
whereas the column sum of each of the even-numbered columns is v/2 3, c(2k +
1). However, it is a consequence of the double-shift orthogonality conditions

S e(k)e(k — 2m) = 6o

k

and the compatibility condition

that each of those sums is equal to 1. Thus the column sum of each of the columns
of m(0) is 1, which means that the row sum of each of the rows of m®™(0) is
1, which says precisely that the column vector (1,1,---,1) is an eigenvector of
m"(0) with eigenvalue 1.

The identities

V2Y e(2k) =v2Y e(2k+1) =1

k

can be proven directly from the above conditions (and I will assign this as a home-
work problem). An indirect but simple proof comes from these equations in fre-
quency space. Then we have the Fourier transform

Cw) =" c(k)e ™.

k

The double-shift orthogonality condition is now expressed as

IC(W)?+ |C(w+m)]* = 2. (7.57)
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The compatibility condition says

It follows from (7.57) that

C(m) =0=>_(-1)"c(k).
k
from C(7) = 0 we have ", c(2k) = >, ¢(2k + 1). So the column sums are the
same. Then from C(0) = /2 we get our desired result.

Now that we can compute the scaling function on the integers (up to a constant
multiple; we shall show how to fix the normalization constant shortly) we can
proceed to calculate ¢(¢) at all dyadic points t= 2% The next step is to compute
¢(t) on the half-integers ¢ = 1/2,3/2, - —1/2. Substituting these values one
at a time into (7.54) we obtain the system of equations

6(3) [ c(1) <(0)

é(3) c(3) ¢(2) c(1) c(0)

6(3) c(3) c(4) ¢(3) ¢(2) c(1)

6() | _ g | c() ) c5) c4) <)

6(3) c(9) ¢@®8) ¢(7) ¢ c(5)

SN —73) c(N—1) ¢(N-2)
[ (N —3) | 0 c(N)
or 1

3(3) = m(1)®(0). (7.58)

We can continue in this way to compute ¢(t) at all dyadic points. A general dyadic
point will be of the form¢ = n + swheren = 0,1,---,N —1and s < 1 is of
the forms = &,k =0,1,---,20 — 1, j = 1,2,---. The N-rowed vector ®(s)
contains all the terms gb(n + s) Whose fractional part is s:

< S
—~

~—~~

S N S N S SRS
e R R R
T NRJUR RS
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==
|

= DN

— —
L




Example 7

There are two possibilities, depending on whether the fractional dyadic s is < 3

or > 1. If 25 < 1 then we can substitute t = s,s + 1,5 +2,---,s + N — 1,

recursively, into the dilation equation and obtain the result
®(s) =m(0)P(2s).

If 2s > 1 then if we substitutet = s,s+1,s+2,---, s+ N — 1, recursively, into
the dilation equation we find that the lowest order term on the right-hand side is
#(2s — 1) and that our result is

O(s) =m(1)P(2s — 1).
If we set ®(s) = 0 for s < 0 or s > 1 then we have the
Theorem 48 The general vector recursion for evaluating the scaling function at
dyadic points is
®(s) =m(0)P(2s) + m(1)P(2s — 1). (7.59)

From this recursion we can compute explicitly the value of ¢ at the dyadic point
t = n + s. Indeed we can write s as a dyadic “decimal” s = .sys953 - - - Where

S.
8222—;, s; =0,1.

i>1
If 2s < 1 then s; = 0 and we have
O(s) = P(.0s253---) =m(0)P(2s) = m(0)P(.595354 - ).
If on the other hand, 2s > 1 then s; = 1 and we have
O(s) = P(1sgs3---) =m(1)P(2s — 1) = m(1)P(.525384 - - -).
Iterating this process we have the
Corollary 14

D(.s189 -+ 80) = m(s1)m(sy) - - - m(s,)P(0).
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Note that the reasoning used to derive the recursion (7.59) for dyadic s also
applies for a general real ¢ such that 0 < ¢ < 1. If we set ®(¢) = 0 for¢ < 0 or
t > 1 then we have the

Corollary 15
O(t) =m(0)®(2t) + m(1)P(2¢t — 1). (7.60)

Note from (7.58) that the column sums of the N' x N matrix m(1) are also
1 for each column, just as for the matrix m(0). Furthermore the column vector
e = (1,1,---,1) is an eigenvector of m*(0).

Denote by < ®(t),ey >= SN ¢(t + n) the dot product of the vectors e,
and ®(¢). Taking the dot product of e, with each side of the recursion (7.60) we
find

< D(t),eg >=< D(2t), g > + < (2t — 1),y > .

If ¢ is dyadic, we can follow the recursion backwards to ®(0) and obtain the

Corollary 16
Y d(s+n)=> ¢n)

for all fractional dyadics s.

Thus the sum of the components of each of the dyadic vectors ®(s) is constant. We
can normalize this sum by requiring it to be 1, i.e., by requiring that " ¢(n) =
1. However, we have already normalized ¢(t) by the requirement that [ ¢(¢)dt =
1. Isn’t there a conflict?

Not if ¢(¢) is obtained from the cascade algorithm. By substituting into the
cascade algorithm one finds

®D () = m(0)®® (2t) + m(1)0D (2t — 1),
and, taking the dot product of e, with both sides of the equation we have
< ®H (1), e >=< dD(2t), 89 > + < D (2t — 1), €9 >,

where only one of the terms on the right-hand side of this equation is nonzero. By
continuing to work backwards we can relate the column sum for stage 7 + 1 to the
column sum for stage 0: < ®(+1)(¢), ey >=< @) (1), e, >, for some 7 such that
0< 1<l

At the initial stage we have ¢®(¢t) = 1 for0 < ¢t < 1, and ¢ (t) = 0
elsewhere, the box function, so < ®©(7),e, >= 1, and the sum is 1 as also is
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the area under the box function and the L? normalization of ¢(*). Thus the sum
of the integral values of ¢ is preserved at each stage of the calculation, hence in
the limit. We have proved the

Corollary 17 If ¢(t) is obtained as the limit of the cascade algorithm then
Y dt+n)=1
for all ¢.

NOTE: Strictly speaking we have proven the corollary only for 0 < ¢ < 1. How-
ever, if t = m + r where m is an integer and 0 < r < 1 then in the summand we
cansett +n =r+ (m+n)=r -+ n’ and sum over n’ to get the desired result.

REMARK: We have shown that the N x N matrix m(0) has a column sum of 1,
so that it always has the eigenvalue 1. If the eigenvalue 1 occurs with multiplicity
one, then the matrix eigenvalue equation ®(0) = m(0)®(0) will yield N — 1
linearly independent conditions for the N unknowns ¢(0), - - -, ¢(N — 1). These
together with the normalization condition Y-, ¢(¢ +n) = 1 will allow us to solve
(uniquely) for the N unknowns via Gaussian elimination. If m(0) has 1 as an
eigenvalue with multiplicity £ > 1 however, then the matrix eigenvalue equation
will yield only N — & linearly independent conditions for the N unknowns and
these together with the normalization condition may not be sufficient to determine
a unique solution for the V unknowns. A spectacular example (L? convergence of
the scaling function, but it blows up at every dyadic point) is given at the bottom
of page 248 in the text by Strang and Nguyen. The double eigenvalue 1 is not
common, but not impossible.

Example 8 The Daubechies filter coefficients for D, (N = 3) are 4v/2c(k) =
1++/3,3++3,3— 3,1 — /3. The equation

®(0) = m(0)®(0)
is in this case
6001 ([1+Vv3 0 0 (0)
[¢(1)]—4 3—v3 3+v3 1++3 [¢(1)]-
¢(2) 0 1-+v3 3-v3]]| 4?2

Thus with the normalization ¢(0) + ¢(1) 4+ ¢(2) = 1 we have, uniquely,

40)=0, 6(1)=(1+V3) 6(2)= 501~ V3)
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REMARK 1: The preceding corollary tells us that, locally at least, we can rep-
resent constants within the multiresolution space V4. This is related to the fact
that e is a left eigenvector for m(0) and m(1) which is in turn related to the fact
that C'(w) has a zero at w = 7. We will show later that if we require that C'(w)
has a zero of order p at w = 7 then we will be able to represent the monomials
1,t,t2,---t*=1 within V4, hence all polynomials in ¢ of order p — 1. This is a
highly desirable feature for wavelets and is satisfied by the Daubechies wavelets
of order p.

REMARK 2: In analogy with the use of infinite matrices in filter theory, we can
also relate the dilation equation

60) = V3 c(k)9(21 — b

to an infinite matrix M. Evaluate the equation at the values ¢t + n,n = 0, +1,- - -
for any real ¢. Substituting these values one at a time into the dilation equation we
obtain the system of equations

bt — 2) O 0 0 0 0 b(2t — 2)
ot — 1) © 0o 0 0 0 b(2t — 1)
(t) V2 (2) c(1) c(0) 0 0 ¢(2t)
ot +1) (4) c(3) c2) c(1) c(0) ¢(2t +1)
o(t +2) (6) c(5) c(4) c(3) c(2) ¢(2t +2)

or
Doo(t) = Mo (2t),  —00 <t < 0. (7.61)

We have met M before. The matrix elements of M are M;; = v/2¢(2i — 5). Note
the characteristic double-shift of the rows. We have

M = V2L = (| 2)v2C

where L is the double-shifted matrix corresponding to the low pass filter C. For
any fixed ¢ the only nonzero part of (7.61) will correspond to either m(0) or m(1).
For 0 < t < 1 the equation reduces to (7.60). M shares with its finite forms
m(7) the fact that the column sum is 1 for every column and that A = 1 is an
eigenvalue. The left eigenvector now, however, is the infinite component row
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vector e®y = (---,1,1,1,---). We take the inner product of this vector only with

other vectors that are finitely supported, so there is no convergence problem.
Now we are in a position to investigate some of the implications of requiring

that C(w) has a zero of order p at w = 7 for p > 1 This requirement means that

C(m)=C'(n) =---=C" V(n) =0,
and since C'(w) = ¥, c(k)e ™, it is equivalent to

Y (—DFe(k)k* =0, £=1,2,---,p—1. (7.62)
k

We already know that

1 1
c(2k+1) = —C(0), (7.63)
2 c(3R) = el 1) = 5 =5C0
and that |C(w)|> + |C(w +m)|?> = 2. For use in the proof of the theorem to follow,
we introduce the notation

A=Y "(20)e(2) =D (2i + D)c(2i + 1), £=0,1,---,p—1. (7.64)
We already know that Ay =

The condition that M admit a left eigenvectore = (- - -, a1, ag, aq, - - ) With
eigenvalue X is that the equations

ﬁZaic(% — ) =Xy, 0, j=0,41,--- (7.65)

hold where not all «; are zero. A similar statement holds for the finite matrices
m(0), m(1) except that 4, j are restricted to the rows and columns of these finite
matrices. (Indeed the finite matrices m(0);; = v/2¢(2i — j) for0 <, < N — 1
and m(1);; = v/2¢(2i —j + 1) for 0 < 4,5 < N — 1 have the property that
the jth column vector of m(0) and the (j + 1)st column vector of m(1) each
contain all of the nonzero elements in the jth column of the infinite matrix M.
Thus the restriction of (7.65) to the row and column indices 7, j for m(0), m(1)
yields exactly the eigenvalue equations for these finite matrices.) We have already
shown that this equation has the solution a; = 1, A = 1, due to that fact that C'(w)
has a zero of order 1 at 7
For each integer h we define the (infinity-tuple) row vector e,* by

(en™); = i", i=0,+1---
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Theorem 49 If C(w) hasazeroof orderp > 1 atw = 7 then M (and m(0), m(1)
) have eigenvalues A\, = 2%, ¢ =0,1,---,p— 1. The corresponding left eigen-
vectors y, can be expressed as

-1
(—1)€yg = eg°° + Z aflehc").
h=0

PROOF: For each ¢ = 0,1,---,p — 1 we have to verify that an identity of the
following form holds:

-1 -1
1
VIS (14 X afit) et2i—5) = 3, 1+ X o).
2 h=0

h=0

fori,j =0,+1,+2,---. For £ = 0 we already know this. Suppose ¢ > 1.
Take first the case where j = 2s is even. We must find constants «, such that
the identity

V2 Z (z‘f + gaﬁih) c(2i — 2s) = % ((2s)f + gaﬁ(zs)h> ,

holds for all s. Making the change of variable i’ = i — s on the left-hand side of
this expression we obtain

V2 Z <(i’ +5)f + :;X:Zafl(i' + s)h> c(2i') = ; ((25)‘ + gai(%)h) .

Expanding the left-hand side via the binomial theorem and using the sums (7.64)

we find .
n 14 Aﬁfn - Y h Ahfn
e |(n)se gt () 3

h=0

1 —1
= 5 ((23)1Z +> aﬁ(2$)h> .
h=0
Now we equate powers of s. The coefficient of s¢ on both sides is 1. Equating
coefficients of s¢~! we find

th = 10‘5 1

%4‘0&5_1—2 _
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We can solve for of ; in terms of the given sum A;. Now the pattern becomes

clear. We can solve these equations recursively for af ;,af ,,---af. Equating

coefﬂ(:lents of sf J allows Us to express aj_; asa Imear comblnatlon of the A, and
Z -

of af_,,af_,,-- ]H Indeed the equation for of_ ;s

() B () ]

h=0—j+1

o

S

This finishes the proof for j = 2s. The proof for j = 2s — 1 follows immediately
from replacing s by s — % in our computation above and using the fact that the A,
are the same for the sums over the even terms in c as for the sums over the odd
terms. Q.E.D.

Since @, (t) = M®o(2t) and y, - M = Sry, for £ = 1,---,p — 1 it follows
that the function

Ve Poo(t) = D (ve)id(t + k)
k

satisfies

1
Yo Boo(t) = Z5¥e - Boo(21).
Iterating this identity we have

1
Yeo @oo(t) = Wyé : (1>00(2nt)

forn=1,2,---. Hence

1 n
Ye - (I)oo(t) = nll)I—Poo on oneYt” (1)00(2 t)' (766)
We can compute this limit explicitly. Fix ¢, # 0 and let n be a positive integer.
Denote by [2"%,] the largest integer < 2"t,. Then 2"ty = [2"ty] + s, Where
0 < s, < 1. Since the support of ¢(t) is contained in the interval [0, N], the only
nonzero terms in y, - @, (2"t,) are

N-
Ve Poo(27t0) = Z 2nto)P(Sn + )

Now as n — +oo the terms s, all lie in the range 0 < s, < 1 so we can
find a subsequence {s,, : h = 1,2,---} such that the subsequence converges to
s € [0,1],

lim s, =s.
h—+oc h
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Since ¢(t) is continuous we have ¢(s,, + j) — &(s + j) as h — oo. Further,
since (y¢); = (—i)* + lower order terms in i we see that

1 N-1 N—-1

Hm —— > (ye)j—pzeto)$(sn, +5) = (t0)" Y B(s+4) = (t)",
h—+o0 2Mh = =

since always Zj-vgol (s+7) = 1. If to = 0 then the limit expression (7.66) shows
directly that y; - ®,(0) = 0. Thus we have the

Theorem 50 If H(w) hasp > 1 zeros at w = 7 then

Zyek(b(t—i_k):tzi £:0,1,,p—1
k

The result that a bounded sequence of real numbers contains a convergent
subsequence is standard in analysis courses. For completeness, | will give a proof,
tailored to the problem at hand.

Lemma 44 Let {z, : n =1,2,---} be sequence of real numbers in the bounded
interval [0,1]: 0 < z, < 1. There exists a convergent subsequence {z,, : h =
1,2,---}, ie, limpyoo zn, = s, Where 0 < s < 1.

PROOF: Consider the dyadic representation for a real number x on the unit inter-
val [0, 1]:

.T:.81$283"'8j"'22—.

where s; = 0, 1. Our given sequence {z,, } contains a countably infinite number of
elements, not necessarily distinct. If the subinterval [0, 1/2) contains a countably
infinite number of elements x,,, choose one z,,,, set s; = 0 and consider only the
elements z, € [0/1/2) = I, with n > ny. If the subinterval [0,1/2) contains
only finitely many elements z,,, choose z,,, € [1/2,1], set s; = 1, and consider
only the elements z,, € [1/2,1] = I, with n > n;. Now repeat the process in
the interval I,, dividing it into two subintervals of length 1/22 and setting s, = 0
if there are an infinite number of elements of the remaining sequence in the left-
hand subinterval; or s, = 1 if there are not, and choosing x,,, from the first infinite
interval. Continuing this way we obtain a sequence of numbers s1, ss, - - - Where
s, = 0,1 and a subsequence {z,,, } such that lim;,_,. x,, = swhere s = .sysy- -
in dyadic notation. Q.E.D.
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Theorem 50 shows that if we require that C(w) has a zero of order patw = =
then we can represent the monomials 1, ¢, ¢2, - - - ¥*~! within V}, hence all polyno-
mials in ¢ of order p— 1. This isn’t quite correct since the functions y,- ®. (t) = t¢
, strictly speaking, don’t belong to Vj, or even to L?[—oo, oc]. However, due to
the compact support of the scaling function, the series converges pointwise. Nor-
mally one needs only to represent the polynomial in a bounded domain. Then all
of the coefficients y, that don’t contribute to the sum in that bounded interval can
be set equal to zero.

7.6 Infinite product formula for the scaling function

We have been studying pointwise convergence of iterations of the dilation equa-
tion in the time domain. Now we look at the dilation equation in the frequency
domain. The equation is

¢(t) =23 h(k)p(2t — k),

where c(k) = v/2h(k). Taking the Fourier transform of both sides of this equation
and using the fact that (for u = 2t — k)

W

*® =it g [ —iw(utk)/2 g, —iwk/2
2/_00 6(2t — k)e~dt /_Oo¢>(u)e du = 741262,
we find
~ . ~ W
) = (S me =42 5.
k
Thus the frequency domain form of the dilation equation is
~ W, ~, W
p(w) = H(§)¢(§)- (7.67)

(Here C(w) = v/2H (w). We have changed or normalization because the property
H(0) = 1 is very convenient for the cascade algorithm.) Now iterate the right-
hand side of the dilation equation:



We want to let N — oo on the right-hand side of this equation. Proceeding
formally, we note that if the cascade algorithm converges it will yield a scaling
function ¢(t) such that ¢(0) = [ ¢(t)dt = 1. Thus we assume limy_,, (5% ) =

$(0) = 1 and postulate an infinite product formula for ¢(w):

W

qAS(w) = H;?;H(E

). (7.68)
TIME OUT: Some facts about the pointwise convergence of infinite products.
An infinite product is usually written as an expression of the form

P =132, (1 + wjy), (7.69)

where {w;} is a sequence of complex numbers. (Inour case 1+w; = H(53)). An
obvious way to attempt to define precisely what it means for an infinite product to
converge is to consider the finite products

P, = H?Zl(l + w,)

and say that the infinite product is convergent if lim,,_, ., P, exists as a finite num-
ber. However, this is a bit too simple because if 1 + w,, = 0 for any term m,
then the product will be zero regardless of the behavior of the rest of the terms.
What we do is to allow a finite number of the factors to vanish and then require
that if these factors are omitted then the remaining infinite product converges in
the sense stated above. Thus we have the

Definition 31 Let
P =15_,, (1 4+ wy), 1<m<n.
The infinite product (7.69) is convergent if
1. there exists an my > 1 such that w; # —1 for £ > m,, and

2. form > my

lim P,
n—oo "

exists as a finite nonzero number.

Thus the Cauchy criterion for convergence is, given any ¢ > 0 there must exist an
N(e) such that |Pp,n, — Prntpl = [Pmnl * |1 — Patingp| < €forall m > my,
n>Nandp > 1.

The basic convergence tool is the following:
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Theorem 51 If p; > 0 for all 5, then the infinite product

converges if and only if 3222, p; converges.

PROOF: Set .
Pnzzpj, Pn:H?:1(1+pj)'
j=1

Now )
1 +Pn S Pn = H;lzl(l +p]) S er:1pj — 673”,

where the last inequality follows from 1 + p; < ePs. (The left-hand side is just
the first two terms in the power series of e?i, and the power series contains only
nonnegative terms.) Thus the infinite product converges if and only if the power
series converges. Q.E.D.

Definition 32 We say that an infinite product is absolutely convergent if the infi-
nite product 152 (1 + |wy]) is convergent.

Theorem 52 An absolutely convergent infinite product is convergent.

PROOF: If the infinite product P is absolutely convergent, then @ = TI22, (1 +
lw;) is convergent and 3=, [w;| < oo, S0 w; — 0. Itis a simple matter to check
that each of the factors in the expression | Py, | - |1 — P,41,4,| is bounded above
by the corresponding factor in the convergent product ). Hence the sequence is
Cauchy and P is convergent. Q.E.D.

Definition 33 Let {w,(z)} be a sequence of continuous functions defined on an
open connected set D of the complex plane, and let S be a closed, bounded sub-
set of D. The infinite product P(z) = TI32, (1 + w;(z)) is said to be uniformly
convergenton S if

1. there exists a fixed mq > 1 such that w;(z) # —1 for k& > my, and every
z € S, and

2. for any e > 0 there exists a fixed N(e) such that for n > N(e), m > my
and every z € S we have

‘Pm,n(z)‘ ) ‘1 - Pn+1,n+p(,2)\ <e€p>1.

198



Then from standard results in calculus we have the

Theorem 53 Suppose w;(z) is continuous in D for each j and that the infinite
product P(z) = TI32, (1 + w;(2)) converges uniformly on every closed bounded
subset of D. Then P(z) is a continuous function in D.

BACK TO THE INFINITE PRODUCT FORMULA FOR THE SCALING FUNC-
w

TION: A
Blw) = T2, H(Z).

Note that this infinite product converges, uniformly and absolutely on all finite
intervals. Indeed note that H(0) = 1 and that the derivative of the 27-periodic
function H'(w) is uniformly bounded: |H'(w)| < C. Then H(w) = H(0) +
Jy H'(s)ds so

|H(w)| <1+ Clw| < el

Since C 3°72, ‘,j—]‘ = (C'|w| converges, the infinite product converges absolutely,

and we have the (very crude) upper bound |¢(w)| < e€1“!.

Example 9 The moving average filter has filter coefficients h(0) = h(1) = £ and
H(w) = 3(1 + e™™). The product of the first N factors in the infinite product
formula is

H(N)(w) 1+ e—iw/Z)(l + e—iw/4)(1 + e—iw/8) 1+ e—iw/QN)'

= 2_N(
The following identities (easily proved by induction) are needed:

Lemma 45

o on_1 1 — 2"
I+2)(1+2)1+2Y 1+ )= b=
k=0

1—2z
Then, setting z = e /2" we have

1 1—e¢ ™

H W) = 557 apv

Now let N — oo. The numerator is constant. The denominator goes like 2% (iw /2N —
w?/2?N+1 4.y — jw. Thus
1= e

dw) = lim HM(w) — (7.70)

N—oo w

basically the sinc function.
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Although the infinite product formula for ¢(w) always converges pointwise
and uniformly on any closed bounded interval, this doesn’t solve our problem. We
need to have qAS(w) decays sufficiently rapidly at infinity so that it belongs to L2. At
this point all we have is a weak solution to the problem. The corresponding ¢(¢) is
not a function but a generalized function or distribution. One can get meaningful
results only in terms of integrals of ¢(¢) and ¢(w) with functions that decay very
rapidly at infinity and their Fourier transforms that also decay rapidly. Thus we
can make sense of the generalized function ¢(¢) by defining the expression on the
left-hand side of

o [ s(tgdt= [ 4()j(w)d

o0

by the integral on the right-hand side, for all g and g that decay sufficiently rapidly.
We shall not go that route because we want ¢(t) to be a true function.

Already the crude estimate |(w)| < e©“! in the complex plane does give us
some information. The Paley-Weiner Theorem (whose proof is beyond the scope
of this course) says, essentially that for a function ¢(¢) € L?|—oo, oo] the Fourier
transform can be extended into the complex plane such that |p(w)| < KeCl¢l if
and only if ¢(t) = 0 for |t/ > C. Itis easy to understand why this is true. If
¢(t) vanishes for [¢| > C then ¢(w) = [, ¢(t)e~™!dt can be extended into the
complex w plane and the above integral satisfies this estimate. If ¢(¢) is nonzero in
an interval around t, then it will make a contribute to the integral whose absolute
value would grow at the approximate rate el*o«!,

Thus we know that if ¢ belongs to L2, so that ¢(t) exists, then ¢(¢) has com-
pact support. We also know that if >~  h(k) = 1, our solution (if it exists) is
unique.

Let’s look at the shift orthogonality of the scaling function in the frequency
domain. Following Strang and Nguyen we consider the inner product vector

a(k) = (don, do) = [ 9(03(t — Ky, (7.7

and its associated finite Fourier transform A(w) = ¥, a(k)e **. Note that the
integer translates of the scaling function are orthonormal if and only if a(k) = o,
i.e., A(w) = 1. However, for later use in the study of biorthogonal wavelets, we
shall also consider the possibility that the translates are not orthonormal.

Using the Plancherel equality and the fact that the Fourier transform of ¢(t—k)
is e %< ¢(w) we have in the frequency domain

~

alk) = o [ Bw)dw)e™d

") w
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o0

1 2w ~ .
= %/0 > |¢(w + 2mn) P dw.

Theorem 54 o
Aw) =Y |p(w + 2mn)|2.

The integer translates of ¢(¢) are orthonormal if and only if A(w) = 1.

The function A(w) and its transform, the vector of inner products (¢(t), ¢(t +
k) will be major players in our study of the L? convergence of the cascade algo-
rithm. Let’s derive some of its properties with respect to the dilation equation. We
will express A(2w) in terms of A(w) and H (w). Since ¢(2w) = H (w)é(w) from
the dilation equation, we have

(2w + 27n) = H(w + mn)d(w + 7n)

B { H(w)d(w + 27k) n =2k
| Hw+m)p(w+ 74 21k) n=2k+1.
since H(w + 27) = H(w). Squaring and adding to get A(2w) we find
Aw) = [Hw)PY |p(w+2rk))2 + [Hw+ )2 |¢(w + 7 + 21k) >
k k
= |Hw)[PA(W) + |H(w + 7)|?A(w + 7) (7.72)

Essentially the same derivation shows how A(w) changes with each pass through
the cascade algorithm. Let

aO(k) = (66, 96) = [ 09037t yat, (773)
and its associated Fourier transform A®(w) = ¥, a®(k)e~*« denote the in-
formation about the inner products of the functions D (t) obtained from the ith
passage through the cascade algorithm. Since ¢V (2w) = H(w)¢® (w) we see

immediately that

A (2w) = [H(w)PAD () + |H(w + 7)PAD (w + ) (7.74)
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Chapter 8
Wavelet Theory

In this chapter we will provide some solutions to the questions of the existence of
wavelets with compact and continuous scaling functions, the L2 convergence of
the cascade algorithm and the accuracy of approximation of functions by wavelets.

At the end of the preceding chapter we introduced, in the frequency domain,
the transformation that relates the inner products

[ 008 e - by

to the inner products [*_ ¢ (t)a(i) (t — k)dt in successive passages through the
cascade algorithm. In the time domain this relationship is as follows. Let

a®(k) = (883,060 = [~ 098" (¢ - CEY

be the vector of inner products at stage i. Note that although a® is an infinite-
component vector, since ¢ () has support limited to the interval [0, N] only the
2N — 1 components a® (k),k = —N+1,---—1,0,1---, N — 1 can be nonzero.
We can use the cascade recursion to express a(+1)(s) as a linear combination of
terms a® (k):

alt (s / V() (& + 5)dt

= 4" B(k)h(¢) /_ - 3 (t — k)oD (2t + 25 — £)dt

k.0

— 2% h(2s — )Rl - j) / T 30169 (¢ + ).

3t e
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Thus
a®(s) =23 h(2s + j)h(£+ j)a? (¢) (8.2)
7,
(Recall that we have already used this same recursion in the proof of Theorem
47.) In matrix notation this is just

al*+!) = Ta® = (| 2)2HH"a® (8.3)
where the matrix elements of the T matrix (the transition matrix) are given by

Ty =2 Z h(2s + j)h(f + 7).

Although T is an infinite matrix, the only elements that correspond to inner prod-
ucts of functions with support in [0, N] are contained in the (2N — 1) x (2N — 1)
block - N +1 < s,¢ < N —1. When we discuss the eigenvalues and eigenvectors
of T we are normally talking about this (2N —1) x (2N — 1) matrix. We emphasis
the relation with other matrices that we have studied before:

T =(} 2)2HH" = MH".

Note: Since The filter H is low pass, the matrix T shares with the matrix M the
property that the column sum of each column equals 1. Indeed >, h(2s + j) = %
forall j and 3°; h(j) = 1,0 3, Ts, = 1 for all £. Thus, just as is the case with
M, we see that T admits the left-hand eigenvector ¢g = (---,1,1,1,---) with
eigenvalue 1.

If we apply the cascade algorithm to the inner product vector of the scaling

function itself

a(k) = (oo, ox) = /O; (t)p(t — k)dt,

we just reproduce the inner product vector:

a(s) =2) h(2s — j)h({ - j)a(0), (8.4)
A
or
a=Ta=(2)2HH a (8.5)
Since a(k) = dgx in the orthogonal case, this just says that
1=23 |h(),
J
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which we already know to be true. Thus T always has 1 as an eigenvalue, with
associated eigenvector a(k) = dy.

If we apply the cascade algorithm to the inner product vector of the sth iterate
of the cascade algorithm with the scaling function itself

b(k) = [ 618"t - Ky,

we find, by the usual computation,

b+t = Tb®, (8.6)

8.1 L? convergence

Now we have reached an important point in the convergence theory for wavelets!
We will show that the necessary and sufficient condition for the cascade algorithm
to converge in L? to a unique solution of the dilation equation is that the transition
matrix T has a non-repeated eigenvalue 1 and all other eigenvalues A such that
|A| < 1. Since the only nonzero part of T isa (2N — 1) x (2N — 1) block with
very special structure, this is something that can be checked in practice.

Theorem 55 The infinite matrix T = (| 2)2HH" = MH" and its finite subma-
trix Ton_1 always have A = 1 as an eigenvalue. The cascade iteration a+) =
Ta® converges in ¢2 to the eigenvector a = Ta if and only if the following con-
dition is satisfied:

e All of the eigenvalues A\ of T,y satisfy |A\| < 1 except for the simple
eigenvalue A = 1.

PROOEF: let \; be the 2V —1 eigenvalues of Tyx_;, including multiplicities. Then
there is a basis for the space of 2N — 1-tuples with respect to which T,y ; takes
the Jordan canonical form

A1

Ton_1 = Apta
Apo

p+q
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where the Jordan blocks look like

i)

0
0

o O

As
0

o

1

As

If the eigenvectors of T,y 1 form a basis, for example if there were 2N — 1
distinct eigenvalues, then with respect to this basis Ty_; would be diagonal and
there would be no Jordan blocks. In general, however, there may not be enough
eigenvectors to form a basis and the more general Jordan form will hold, with
Jordan blocks. Now suppose we perform the cascade recursion n times. Then the

action of the iteration on the base space will be

AT

= _
T2N—1 -

where
n n n—1 n
(1) (3)
0 A7
Ar =
0 0 0
0 0 0

An

p+1

n
AP+2
n
Ap-l—q
n /\n—ms+2
ms — 2 §
n )\n—ms—|—3
ms — 3 5
n
)‘s
0

and A; is an m, x mg matrix and m is the multiplicity of the eigenvalue \;. If
there is an eigenvalue with | ;| > 1 then the corresponding terms in the power ma-
trix will blow up and the cascade algorithm will fail to converge. (Of course if the
original input vector has zero components corresponding to the basis vectors with
these eigenvalues and the computation is done with perfect accuracy, one might

205




have convergence. However, the slightest deviation, such as due to roundoff error,
would introduce a component that would blow up after repeated iteration. Thus in
practice the algorithm would diverge. The same remarks apply to Theorem 47 and
Corollary 13. With perfect accuracy and filter coefficients that satisfy double-shift
orthogonality, one can maintain orthogonality of the shifted scaling functions at
each pass of the cascade algorithm if orthogonality holds for the initial step. How-
ever, if the algorithm diverges, this theoretical result is of no practical importance.
Roundoff error would lead to meaningless results in successive iterations.)

Similarly, if there is a Jordan block corresponding to an eigenvalue |);| = 1
then the algorithm will diverge. If there is no such Jordan block, but there is
more than one eigenvalue with |A;| = 1 then there may be convergence, but it
won’t be unique and will differ each time the algorithm is applied. If, however, all
eigenvalues satisfy |\;| < 1 except for the single eigenvalue \; = 1, then in the
limitas n — oo we have

lim T7 =
n—00 2N-1

and there is convergence to a unique limit. Q.E.D.
In the frequency domain the action of the T operator is

TX(2w) = |H(w)>X (w) + |H(w + m)]* X (w + 7). (8.7)

Here X (w) = N1y, x(n)e™™ and x(n) is a 2N — 1-tuple. In the z-domain
this is

TX(2*) = H()H(z )X (2) + H(—2)H(—2"") X (~2). (8.8)

where H(z) = SV h(k)z* and H(z7!) = N  h(k)zF. The x # 0 is an
eigenvector of T with eigenvalue A if and only if Tx = \x, i.e.,

M () =H(R)H((z DX (2) + H=2)H(—z")X(=2). (8.9)

We can gain some additional insight into the behavior of the eigenvalues of T
through examining it in the z-domain. Of particular interest is the effect on the

eigenvalues of p > 1 zeros at z = —1 for the low pass filter H. We can write
H(z) = (%)P*Ho(z) where H,(z) is the z-transform of the low pass filter
H, with a single zero at z = —1. In general, Hy won’t satisfy the double-shift

orthonormality condition, but we will still have Hy(1) = 1 and Hy(—1) = 0. This

206



means that the column sums of T, are equal to 1 so that in the time domain T
admits the left-hand eigenvector eq = (1,1,---,1) with eigenvalue 1. Thus T,
also has some right-hand eigenvector with eigenvalue 1. Here, T is acting on a
2N, — 1 dimensional space, where No = N — 2(p — 1)

Our strategy will be to start with Hy(z) and then successively multiply it by
the p—1 terms (”Tfl), one-at-a-time, until we reach H(z). At each stage we will
use equation (8.9) to track the behavior of the eigenvalues and eigenvectors. Each
time we multiply by the factor we will add 2 dimensions to the space on which we
are acting. Thus there will be 2 additional eigenvalues at each recursion. Suppose
we have reached stage H,(z) = (1+§71)5H0(z) in this process, with 0 < s < p—1.
Let x, be an eigenvector of the corresponding operator T'; with eigenvalue A;. In
the z-domain we have

)\sXs(z2) = Hs(z)ﬁs(zil)Xs(Z) + Hs(_z)ﬁs(_zil)Xs(_Z)' (810)

Now let Hy,1(2) = (%)Hs(z), Xsi1(2) = (1 = 271 (1 = 2)X4(2). Then,
since

14271 142

L= -2 = (1= 7)1 - )

the eigenvalue equation transforms to

1 _ _
1)‘5Xs+1 (22) =Hs (Z)Hs+1(z_1)Xs+1(Z) + Hs—l—l(_Z)Hs+1(_z_1)Xs+1(_z)-

Thus, each eigenvalue A\; of T, transforms to an eigenvalue \,/4 of T,,;. In
the time domain, the new eigenvectors are linear combinations of shifts of the
old ones. There are still 2 new eigenvalues and their associated eigenvectors to
be accounted for. One of these is the eigenvalue 1 associated with the left-hand
eigenvector eg = (1,1,---,1). (The right-hand eigenvector is the all important
a.) To find the last eigenvalue and eigenvector, we consider an intermediate step
between H, and H,,;.

Let
1+ Z_l -7 -1 -1
Ks+1/2(z) = ( 9 )Hs(Z)Hs(Z )7 Xs+1/2(z) = (1 -z )Xs(z).
Then, since
1+ 271

the eigenvalue equation transforms to
1
5)\sXs+1/2(22) = Ksy172(2) Xsy1/2(2) + Kop1/2(—2) Xsp12(=2).  (8.11)
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This equation doesn’t have the same form as the original equation, but in the time
domain it corresponds to

1
(i 2)K3+1/2X5+1/2 = 5)‘Xs+1/2-

The eigenvectors of H, transform to eigenvectors of (| 2)K,,/, with halved
eigenvalues. Since K11/2(1) = 1, K,41/2(—1) = 0. the columns of (| 2)K, /2
sum to 1, and ({ 2)K,1/» has a left-hand eigenvector g = (1,1,---,1) with
eigenvalue 1. Thus it also has a new right-hand eigenvector with eigenvalue 1.
Now we repeat this process for (1£2) K1 /2(2), which gets us back to the eigen-
value problem for H,, ;. Since existing eigenvalues are halved by this process,
the new eigenvalue 1 for (| 2)K,. /> becomes the eigenvalue % for T.

NOTE: One might think that there could be a right-hand eigenvector of (|
2)K,1/2 With eigenvalue 2 that transforms to the right-hand eigenvector with
eigenvalue 1 and also that the new eigenvector or generalized eigenvector that is
added to the space might then be associated with some eigenvalue A # 1. How-
ever, this cannot happen; the new vector added is always associated to eigenvalue
1. First observe that the subspace (1 — z 1) X,(z) is invariant under the action of
(4 2)K,11/2. Thus all of these functions satisfy X (1) = 0. The spectral resolution
of ({ 2)K,1/, into Jordan form must include vectors X (z) such that X (1) # 0.
If X(2) is an eigenvector corresponding to eigenvalue A # 1 then the obvious
modification of the eigenvalue equation (8.11) when restricted to z = 1 leads to
the condition AX (1) = X (1). Hence X (1) = 0. It follows that vectors X (z)
such that X (1) # 0 can only be associated with the generalized eigenspace with
eigenvalue A = 1. Thus at each step in the process above we are always adding a
new to the space and this vector corresponds to eigenvalue 1.

Theorem 56 If H(z) has a zero of order p at = = —1 then T has eigenvalues
]-7 %a e (%)21)_1'

Theorem 57 Assume that ¢(t) € L?[—oc, oc]. Then the cascade sequence ¢ (t)
converges in L? to ¢(¢) if and only if the convergence criteria of Theorem 55 hold:

e All of the eigenvalues A\ of T,y ; satisfy |[A| < 1 except for the simple
eigenvalue A = 1.

PROOF: Assume that the convergence criteria of Theorem 55 hold. We want to
show that

169 — 611" = 11671 = (6, 6) — (&, 6%) +[I6II
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= a®(0) — 5”(0) — bD(0) + a(0) — 0

asi — oo, see (8.3), (8.6). Here

aO(k) = [~ 6037 -k, BOK) = [ o5 (¢ - k).
With the conditions on T we know that each of the vector sequences a”, b(®)
will converge to a multiple of the vector a as i — oo. Since a(k) = Jor We
have lim;_, . a® (k) = pdor and lim,_, . b® (k) = vé,. Now at each stage of the
recursion we have ¥, a® (k) = Y. b® (k) = 1,sop = v = 1. Thusasi — oo
we have

a®(0) =57 (0) = bP(0) +a(0) > 1 —1—1+1=0.

(Note: This argument is given for orthogonal wavelets where a(k) = dor. How-
ever, a modification of the argument works for biorthogonal wavelets as well.
Indeed the normalization condition 3", a® (k) = ¥, b® (k) = 1 holds also in the
biorthogonal case.) Conversely, this sequence can only converge to zero if the it-
erates of T converge uniquely, hence only if the convergence criteria of Theorem
55 are satisfied. Q.E.D.

Theorem 58 If the convergence criteria of Theorem 55 hold, then the ¢® () are
a Cauchy sequence in L2, converging to ¢(%).

PROOF: We need to show only that the ¢((¢) are a Cauchy sequence in L2,
Indeed, since L? is complete, the sequence must then converge to some ¢ € L2.
We have

1™ — 3|2 = ||6™]|2 — (6™, 6D) — (@, ¢™) + [|6]|2.

From the proof of the preceding theorem we know that lim;_,, ||¢®||?> = 1. Set
m =i + j for fixed j > 0 and define the vector

(k) = (65, 6

- /_ 7 60D (18 (¢ — k)dt,

i.e., the vector of inner products at stage . A straight-forward computation yields
the recursion . ‘
C§Z+1) — TCgZ).

209



Since Y, cg-”l) (k) = 1ateach stage ¢ in the recursion, it follows that lim;_, cg-i)(k) =

a(k) for each j. The initial vectors for these recursions are c (k) = <, 6D ()8 (¢
We have Yy, ci” (k) = 10 ¢\’ (k) — a(k) as i — oco. Furthermore, by the
Schwarz inequality [¢\” (k)| < [|¢@|] - [|¢|| = 1, so the components are uni-

formly bounded. Thus Ticg-o)(()) — a(0) = 1as¢ — oo, uniformly in j. It
follows that

I669) — GO 2 = |2 — (49, 60) — (40, 6449)) 4|62 = 0

as i — oo, uniformly in j. Q.E.D.

We continue our examination of the eigenvalues of T particularly in cases
related to Daubechies wavelets. We have observed that in the frequency domain an
eigenfunction X corresponding to eigenvalue \ of the T operator is characterized
by the equation
w w w

Y4+ |H(= +7)PX (= +7), (8.12)

X (@) = [H(S)PX . .

where X (w) = N x(n)e™™ and x(n) is a 2N — 1-tuple. We normalize X
by requiring that || X|| = 1.

Theorem 59 If H(w) satisfies the conditions

[Hw)* + [Hw+m)[* =1,

|Hw)| #0for —7/2 <w < 7/2,
then T has a simple eigenvalue 1 and all other eigenvalues satisfy |A| < 1.
PROOF: The key to the proof is the observation that for any fixed w with 0 <

lw| < 7 we have AX (w) = aX (%) + X (% + 7) where « > 0,3 > 0 and
a+ = 1. Thus AX (w) is a weighted average of X (%) and X (% + 7).
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e There are no eigenvalues with |A| > 1. For, suppose X were a normalized
eigenvector corresponding to A. Also suppose | X (w)| takes on its maximum
value at wp, such that 0 < wy < 27. Then [A] - [ X (wo)| < o X ()] +
BIX (% + )|, so, say, |A| - [X(wo)| < |X(%2)|. Since |A| > 1 this is
impossible unless | X (wg)| = 0. On the other hand, setting w = 0 in the
eigenvalue equation we find AX (0) = X(0), so X (0) = 0. Hence X (w) =
0 and A is not an eigenvalue.

e There are no eigenvalues with |A\| = 1 but A # 1. For, suppose X was
a normalized eigenvector corresponding to A. Also suppose | X (w)| takes
on its maximum value at wy, such that 0 < wy < 2. Then |A| - | X (wg)| <
o X ()| +B|X (L +m)|,50 | X (wo)| = [X(42)]. (Note: This works exactly
as stated for 0 < wy < 7. If 7 < wy < 27 we can replace wy by wj =
wo—2m and argue as before. The same remark applies to the cases to follow.)
Furthermore, X (wy) = A~' X (). Repeating this argument n times we find
that X (5%) = A"X (wo). Since X (w) is a continuous function, the left-hand
side of this expression is approaching X (0) in the limit. Further, setting
w = 0 in the eigenvalue equation we find AX (0) = X (0), so X(0) = 0.
Thus | X (wo)| = 0 and A is not an eigenvalue.

e )\ = 1is an eigenvalue, with the unique (normalized) eigenvector X (w) =

5= Indeed, for A = 1 we can assume that X (w) is real, since both X (w)

and X (w) satisfy the eigenvalue equation. Now suppose the eigenvector
X takes on its maximum positive value at wq, such that 0 < wg < 2.
Then X (wp) < aX(9)+BX (% +m),50 X (wo) = X(%). Repeating this
argument n times we find that X (5%) = X (wj). Since X (w) is a continuous
function, the left-hand side of this expression is approaching X (0) in the
limit. Thus X (wy) = X(0). Now repeat the same argument under the
supposition that the eigenvector X takes on its minimum value at w,, such
that 0 < w; < 27. We again find that X (w;) = X(0). Thus, X(w) is a
constant function. We already know that this constant function is indeed an
eigenvector with eigenvalue 1.

e There is no nontrivial Jordan block corresponding to the eigenvalue 1. De-
note the normalized eigenvector for eigenvalue 1, as computed above, by
X;(w) = —=. If such a block existed there would be a function X (w), not

Ver®
normalized in general, such that TX (w) = X (w) + X (w), i.e.,
L gy v 2y (Y
X(@) + o= = [HGPX(G) + [HG +mI X (5 +).
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Now set w = 0. We find X (0) + —— = X (0) which is impossible. Thus
there is no nontrivial Jordan block I\'g}\ =1.

Q.E.D.

NOTE: It is known that the condition |H (w)| # 0 for — 7/2 < w < 7/2, can be
relaxed to just hold for —7/3 < w < 7/3.

From our prior work on the maxflat (Daubechies) filters we saw that | H (w)|?
is 1 for w = 0 and decreases (strictly) monotonically to 0 for w = «. In particular,
|H(w)| # 0for0 < w < 7. Since |[H(w)|?> = 1 — |H(w + 7)|? we also have
|H(w)| # 0 for 0 > w > —m. Thus the conditions of the preceding theorem are
satisfied, and the cascade algorithm converges for each maxflat system to yield the
Daubechies wavelets Dy, where N = 2p—1 and p is the number of zeros of H (w)
at w = 7. The scaling function is supported on the interval [0, N]. Polynomials of
order < p can be approximated with no error in the wavelet space V5.

8.2 Accuracy of approximation

In this section we assume that the criteria for the eigenvalues of T are satisfied
and that we have a multiresolution system with scaling function ¢(t¢) supported
on [0, N]. The related low pass filter transform function H(w) has p > 0 zeros at
w = 7. We know that

Zyek(b(t_i_k):#? EZO,].,"',p—l,
k

so polynomials in ¢ of order < p — 1 can be expressed in V;, with no error.

Given a function f(¢) we will examine how well f can be approximated point-
wise by wavelets in V;, as well as approximated in the L? sense. We will also look
at the rate of decay of the wavelet coefficients b;;, as j — oo. Clearly, as j grows
the accuracy of approximation of f(t) by wavelets in V; grows, but so does the
computational difficulty. We will not go deeply into approximation theory, but far
enough so that the basic dependence of the accuracy on 5 and p will emerge. We
will also look at the smoothness of wavelets, particularly the relationship between
smoothness and p.

Let’s start with pointwise convergence. Fix j = J and suppose that f has p
continuous derivatives in the neighborhood |t — ¢o| < 57 of #. Let

F1) =" amon(t) = an2’?¢(27t — k),
k k
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oo

an = (f,60) = 2" [ {92t k),

— 00
be the projection of f on the scaling space V;. We want to estimate the pointwise
error | f(¢) — f;(¢)] in the neighborhood |¢ — ¢o| < 57.
Recall Taylor’s theorem from basic calculus.

Theorem 60 If f(¢) has p continuous derivatives on an interval containing ¢, and
t, then

p—1 _+\k — )P
0= ) han), B = [ 0@
k=0 . to p:

where f©O () = f(¢).

Since all polynomials of order < p — 1 can be expressed exactly in V; we can as-
sume that the first p terms in the Taylor expansion of f have already been canceled
exactly by terms a/;, in the wavelet expansion. Thus

1F(t) = £2(8)] = |Ry(t,t0) = D_ afpdui(t)],

where the a7, = (R,(t,%0), ¢4x) are the remaining coefficients in the wavelet
expansion (a, = a;, +a’y,.). Note that for fixed ¢ the sum in our error expression
contains only N nonzero terms at most. Indeed, the support of ¢(t) is contained in
[0, V), so the support of ¢ () is contained in [, £5X]. Then ¢ 74 (¢) = 0 unless
k=[27t] - ¢,£=0,1,---, N — 1, where [z] is the greatest integer in z. If | f(?)|
has upper bound A, in the interval [¢ — ¢,| < 5 then

M

p
< 271 (p+ 1)!

B2, 20)

and we can derive similar upper bounds for the other N terms that contribute to

the sum, to obtain oM
() = fr(0)] < QJT;;) (8.13)

where C'is a constant, independent of f and J. If f has only ¢ < p continuous

derivatives in the interval |t — to| < 2%, then the p in estimate (8.13) is replaced by

l:
CM,
O = 50 < -
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Note that this is a local estimate; it depends on the smoothness of f in the interval
[t —to| < 57. Thus once the wavelets choice is fixed, the local rate of convergence
can vary dramatlcally, depending only on the local behavior of f. This is different
from Fourier series or Fourier integrals where a discontinuity of a function at
one point can slow the rate of convergence at all points. Note also the dramatic
improvement of convergence rate due to the p zeros of H(w) at w = .

It is interesting to note that we can investigate the pointwise convergence in a
manner very similar to the approach to Fourier series and Fourier integral point-
wise convergence in the earlier sections of these notes. Since >, ¢(t + k) = 1
and [ ¢(t)dt = 1 we can write (for 0 < ¢ < -

10 =120 =110 = X2 [ 5@d(2"s — oo (2t~ )
=\;(f( ) =2 [ 1@3(2's — kda) 6(2"t — k)

<swlol Y [ L) - 155 dwa.

k=—N+1

Now we can make various assumptions concerning the smoothness of f to get

an upper bound for the right-hand side of (8.14). We are not taking any advantage

of special features of the wavelets employed. Here we assume that f is continuous

everywhere and has finite support. Then, since f is uniformly continuous on its
domain, it is easy to see that the following function exists for every h > 0:

wh) = sup  |f(t) = f(t)- (8.15)

[t—t'|<h, t,t’ real

(8.14)

Clearly, w(h) — 0as h — 0. We have the bound

50~ £a0)] < sup ol Nuo() [ 6(u)

If we repeat this computation for ¢ € [, £51] we get the same upper bound. Thus
this bound is uniform for all ¢, and shows that f,;(¢) — f(¢) uniformlyas J — oc.
Now we turn to the estimation of the wavelet expansion coefficients

bjk = (f,wik) = %//' (2t — k)dt (8.16)

where w(t) is the mother wavelet. We could use Taylor’s theorem for f here too,
but I will present an alternate approach. Since w(t) is orthogonal to all integer
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translates of the scaling function ¢(¢) and since all polynomials of order < p — 1
can be expressed in 4, we have

/°° tw(t)dt =0, £=0,1,---,p—1. (8.17)

Thus the first p moments of w vanish. We will investigate some of the conse-
quences of the vanishing moments. Consider the functions

t

Lit) = /_ w(7o)dro (8.18)
t

Ig(t) = /_ Il 7'1 dTl / dTl/ 7'0 dT()

() = [ Ina(mo)dmn, m=1,2p

From equation (8.17) with ¢ = 0 it follows that 7;(¢) has support contained in

[0, N). Indeed we can always arrange matters such that the support of w(t) is

contained in [0, N). Thus f)¥ t‘w(t)dt = 0. Integrating by parts the integral in

equation (8.17) with ¢ = 1, it follows that I5(¢) has support contained in [0, V).

We can continue integrating by parts in this series of equations to show, eventually,

that 1,,(¢) has support contained in [0, V). (This is as far as we can go, however. )
Now integrating by parts p times we find

by = 21/ /_°° FOW(27t — k)dt = 277/ /oo e -k

AN

Yw(u)du =

0 P u+k
dupf(

— 9i/2— Pi( / f p) 2Jt — k)dt

2792 (—1)P

Tywydu = 27791 [* f0( T, )

N+k

— 2i/2-mi(_ )/” FOT, (2t — k)dt.

27

If | #®)(¢)| has a uniform upper bound M, then we have the estimate

CM,

|bji| < w1727 (8.19)

where C' is a constant, independent of f, j, k. If, moreover, f(¢) has bounded
support, say within the interval (0, K) then we can assume that b;, = 0 unless
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0 < k < 27K. We already know that the wavelet basis is complete in L?[—o0, oc].
Let’s consider the decomposition

L*[—oc0,00] =V @ > W,

=1

We want to estimate the L? error || f — f;|| where f; is the projection of f on V.
From the Plancherel equality and our assumption that the support of f is bounded,
this is

0o 2K 202 M2K
1 = fallP =30 3 bl < =50 — (8.20)
j=J k=0

Again, if f has 1 < ¢ < p continuous derivatives then the p in (8.20) is replaced
by 4.

Much more general and sophisticated estimates than these are known, but
these provide a good guide to the convergence rate dependence on j, p and the
smoothness of f.

Next we consider the estimation of the scaling function expansion coefficients

ajx = (f, ds1) = 27/2 / F(O)B(2t — k)dt (8.21)
In order to start the FWT recursion for a function f, particularly a continuous
function, it is very common for people to choose a large j = J and then use func-
tion samples to approximate the coefficients: a s, ~ 2*J/2f(2%). This may not be
a good policy. Let’s look more closely. Since the support of ¢(t) is contained in
[0, N) the integral for a, becomes

N+k

we =27 [ 7§03t~ Kyt =29 [* f(" T E )G
The approximation above is the replacement
N ko N k
[ 5B ~ 1) [ Bwdn = ().

If 5 is large and f is continuous this using of samples of f isn’t a bad estimate. If
f is discontinuous or only defined at dyadic values, the sampling could be wildly
inaccurate. Note that if you start the FWT recursion at ;7 = J then

) = zk: ark®k(t)
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so it would be highly desirable for the wavelet expansion to correctly fit the sample
values at the points %

Flar) = Filay) = X anon(sy). 8.22)
k

However, if you use the sample values f(2;) for az; then in general fJ(ziJ) will
not reproduce the sample values! Strang and Nyuyen recommend prefiltering the
samples to ensure that (8.22) holds. For Daubechies wavelets, this amounts to
replacing the integral as; = (f, ¢sx) by the sum a), = 3, f(5)¢r(2). These
“corrected” wavelet coefficients a9, will reproduce the sample values. There is no
unique, final answer as to how to determine the initial wavelet coefficients. The
issue deserves some thought, rather than a mindless use of sample values.

8.3 Smoothness of scaling functions and wavelets

Our last major issue in the construction of scaling functions and wavelets via the
cascade algorithm is their smoothness. So far we have shown that the Daubechies
scaling functions are in L?[—oc0, oo]. We will use the method of Theorem 56 to ex-
amine this. The basic result is this: The matrix T has eigenvalues 1, 3, 1, - - -, 35—t
associated with the zeros of H(w) at w = 7. If all other eigenvalues X of T satisfy
Al < £ then ¢(t) and w(¢) have s derivatives. We will show this for integer s. It
is also true for fractional derivatives s, although we shall not pursue this.

Recall that in the proof of Theorem 56 we studied the effect on T of multi-
plying H(z) by factors % each of which adds a zero at z = —1. We wrote
H(z) = (%)P*Ho(z) where H,(z) is the z-transform of the low pass filter
H, with a single zero at z = —1. Our strategy was to start with Hy(z) and then
successively multiply it by the p—1 terms (%), one-at-a-time, until we reached
H(z). At each stage, every eigenvalue \; of the preceding matrix T; transformed
to an eigenvalue \;/4 of T,;.;. There were two new eigenvalues added (1 and
1/2), associated with the new zero of H(w).

In going from stage 7 to stage 7 + 1 the infinite product formula for the scaling
function

. - w
o) (W) = TI32 Hi(55), (8.23)
changes to
1 o0 w o0 1 1 —iw/29 00 w
(i1 (w) = Hj=1Hi+1(§) =112, (5 +5¢ /W) Hj:1Hz'(§)
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w

_ (1 - e_w> b (). (8.24)

The new factor is the Fourier transform of the box function. Now suppose that T';
satisfies the condition that all of its eigenvalues A; are < 1 in absolute value, except
for the simple eigenvalue 1. Then ¢ (w) € L?, 50 [ |w]?|dpit1)(w)]?dw < oo.
Now

1 o 2 w
Firn(t) = 5 [ _Pirpwe "dw

and the above inequality allows us to differentiate with respect to ¢ under the
integral sign on the right-hand side:

1 L iw
Qsl(z_l_l)(t) = % /Oo Zw¢(i+1) (w)e tdw.

The derivative not only exists, but by the Plancherel theorem, it is square inte-

grable. Another way to see this (modulo a few measure theoretic details) is in the

time domain. There the scaling function ¢(;11)(t) is the convolution of ¢; (¢) and

the box function:

1 t
b+ (t) = /0 b (t — x)dx = - by (u)du.
Hence By (t) = b3 (t) — ) (t — 1_). (Note: _Since Ppy(t) € L _it is: locally
integrable.) Thus ¢(;41)(t) is differentiable and it has one more derivative than
d@+1)(t). Thus once we have (the non-special) eigenvalues of T'; less than one
in absolute value, each succeeding zero of H adds a new derivative to the scaling
function.

Theorem 61 If all eigenvalues \ of T satisfy || < 4i (except for the special
eigenvalues 1,1, 1, - -, 35—, each of multiplicity one) then ¢(¢) and w(t) have s
derivatives.

Corollary 18 The convolution ¢, (t) has k£ + 1 derivatives if and only if ¢(t)
has £ derivatives.

PROOF: From the proof of the theorem, if ¢;(¢) has & derivatives, then ¢;, ()
has one more derivative. Conversely, suppose ¢;1(t) has k£ + 1 derivatives. Then
i11(t) has k derivatives, and from (8.3) we have

Biq (t) = ¢i(t) — @it — 1).
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Thus, ¢;(t) — ¢:(t — 1) has k derivatives. Now ¢;(t) corresponds to the FIR filter
H; s0 ¢;(t) has support in some bounded interval [0, M). Note that the function

6i0) = i1 = M) = 22 (8:0) = (¢ = 3).

must have k derivatives, since each term on the right-hand side has & derivatives.
However, the support of ¢;(¢) is disjoint from the support of ¢;(t — M), so ¢;(t)
itself must have k derivatives. Q.E.D.

Corollary 19 If ¢(t) has s derivatives in L? then s < p. Thus the maximum
possible smoothness is p — 1.

EXAMPLES:

e Daubechies D,. Here N = 3, p = 2, sothe 7" matrix is 5x5 (2N—1 = 5), or
Ts. Since p = 2 we know four roots of T5: 1, £, }L, 5- We can use Matlab to
find the remaining root. Itis A\ = i This just misses permitting the scaling
function to be differentiable; we would need |A| < ; for that. Indeed by
plotting the D, scaling function using the Matlab toolbox, or looking up to
graph of this function in your text, you can see that there are definite corners
in the graph. Even so, it is less smooth than it appears. It can be shown that,
in the frequency domain, [ |w|?|$(w)[?dw < oo for 0 < s < 1 (but not
for s = 1). This implies continuity of ¢(t), but not quite differentiability.

e General Daubechies D,,. Here M = N + 1 = 2p. By determining the
largest eigenvalue in absolute value other than the known 2p eigenvalues
1,3, -, 35— One can compute the number of derivatives s admitted by the
scaling functions. The results for the smallest values of p are as follows.
Forp=1,2we have s = 0. Forp = 3,4 we have s = 1. Forp = 5,6,7,8
we have s = 2. For p = 9,10 we have s = 3. Asymptotically s grows as
0.2075p + constant.

We can derive additional smoothness results by considering more carefully the
pointwise convergence of the cascade algorithm in the frequency domain:

W

Bw) = T2, H(S).
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Recall that we only had the crude upper bound |(w)| < e©°l“! where |H'(w)| <
Co and H(w) = H(0) + [ H'(s)ds, 50

|H(w)| < 1+ Cylw]| < el

This shows that the infinite product converges uniformly on any compact set, and
converges absolutely. It is far from showing that ¢(w) € L2. We clearly can find
much better estimates. For example if H(w) satisfies the double-shift orthogonal-
ity relations |H(w)|* + |H(w + 7)|? = 1 then |H(w)| < 1, which implies that
|¢(w)| < 1. This is still far from showing that ¢ decays sufficiently rapidly at
oo SO that it is square integrable, but it suggests that we can find much sharper
estimates.

The following ingenious argument by Daubechies improves the exponential
upper bound on q?(w) to a polynomial bound. First, let C; > 1 be an upper bound
for |H(w)],

|Hw)| <Oy for0<w< .

(Here we do not assume that H (w) satisfies double-shift orthogonality.) Set

w
@k(&)) = H‘I;ZIH(2_J)’
and note that |®x(w)| < € for |w| < 1. Now we bound |®;(w)| for |w| > 1.
For each |w| > 1 we can uniquely determine the positive integer K (w) so that
2K=1 < |w| < 2%, Now we derive upper bounds for | (w)]| in two cases: k¥ < K
and £ > K. For k£ < K we have

|Dr(w)| = 1\H( )\ <ck < offoe lwl _ = O} |wl[e 1,
since log CogQ lw| log |w|10g2 Cr ]Og2 Cl ]0g2 |L¢)| For k > K we have

B (w)| =11 1IH( DG H (53501 < CF [ @k

‘ < C ‘w‘longl Co

2K-|—] 2K)

Combining these estimates we obtain the uniform upper bound
@k (w)] < Cre® (1 + |w[8 )

for all w and all integers k. Now when we go to the limit we have the polynomial
upper bound R
B(w)] < Cre (1 + w['o= ). (8.25)
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Thus still doesn’t give L? convergence or smoothness results, but together with
information about p zeros of H(w) at w = 7 we can use it to obtain such results.

The following result clarifies the relationship between the smoothness of the
scaling function ¢(¢) and the rate of decay of its Fourier transform ¢(w).

Lemma 46 Suppose [ [¢(w)|(1 + |w|)* ®dw < oo, where n is a non-negative
integer and 0 < « < 1. Then ¢(t) has n continuous derivatives, and there exists
a positive constant A such that |¢p™ (¢ + h) — ¢™(t)| < A|h|*, uniformly in ¢ and
h.

SKETCH OF PROOF: From the assumption, the right-hand side of the formal

inverse Fourier relation
(m) (¢ :_m/"" S (w)wetd
o™ (t) o _oo¢(w)w e“dw

converges absolutely form = 0,1, - - -, n. It is a straightforward application of the
Lebesgue dominated convergence theorem to show that ¢(™ (¢) is a continuous
function of ¢ for all ¢. Now for A > 0

™ (t + h) — ™ (1) o /oo qg(w)wn(eiw(t—kh) _ eiwt)dw

7

he 21 J- he
_ "t /OO (g( ) n+ao iw(t—l— Sln 7 d (8 26)
o1 ) wiw-e (wh)® -

Note that the function sin £*/(wh)® is bounded for all wh. Thus there exists a
constant M such that | sin OJﬁ/(wh) @ < M for all wh. It follows from the hypoth-
esis that the integral on the right-hand side of (8.26) is bounded by a constant A.
A slight modification of this argument goes through for A < 0. Q.E.D.

NOTE: A function f(¢) such that | f(¢ + h) — f(t)| < Alh| is said to be HOlder
continuous with modulus of continuity .

Now let’s investigate the influence of p zeros at w = = of the low pass filter
function H(w). In analogy with our earlier analysis of the cascade algorithm
(8.23) we write H(w) = (<) H (w). Thus the FIR filter H ,(w) still has
H_,(0) = 1, but it doesn’t vanish at w = 7. Then the infinite product formula for

the scaling function

“, (8.27)

Bw) ==, H(

changes to
[e's) 1 1 —tw [e's)
B =112, (545 ) L (2)
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w

= (1 ‘.“'”)pél(w). (8.28)

The new factor is the Fourier transform of the box function, raised to the power p.
From Lemma 46 we have the upper bound

|q§_1(w)| < C’leco(l + |u)\1°g2 Cl). (8.29)
with
Cl — { ma’XwE[O,QWHH—I(w”
1.

This means that |_1(w)| decays at least as fast as |w|'82 1 for |w| — oo, hence
that |¢(w)| decays at least as fast as |w|'°82 “1 =P for |w| — oo.

EXAMPLE: Daubechies D,. The low pass filter is

iw 2 —iw\ 2
Hw) = (He ) [1[1+\/§]+ I ~ Ve = (He ) Ho ().
2 2 2 2
Here p = 2 and the maximum value of |H_;(w)| is C; = V3 atw = 7. Thus
log, v/3 = 0.79248 . .. and |¢(w)| decays at least as fast as |w|~"207 for |w| —
oo. Thus we can apply Lemma 46 with n = 0 to show that the Daubechies D4
scaling function is continuous with modulus of continuity at least o = 0.207 . . ..

We can also use the previous estimate and the computation of C to get a
(crude) upper bound for the eigenvalues of the 7" matrix associated with H ; (w),
hence for the non-obvious eigenvalues of 75y associated with H(w). If A isan
eigenvalue of the 7" matrix associated with H_; (w) and X (w) is the corresponding
eigenvector, then the eigenvalue equation

w w w w
AX(w) = [HA1 ()X (5) + [HA (5 +m)PX (G + ),
2 2 2 2
is satisfied, where X (w) = 0= 5, x(n)e~™ and x(n) is a 2(N — 2p) — 1-
tuple. We normalize X by requiring that || X || = 1. Let M = max,¢jo 2+ | X (w)| =
| X (wo)|. Setting w = wy in the eigenvalue equation, and taking absolute values
we obtain
Wo

A M = [|H (S0P

)+ [H (3 +mEX (S +7)

Wo
2

< CiM + C3M = 2C? M.
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Thus |A| < 2C? for all eigenvalues associated with H_;(w). This means that the
non-obvious eigenvalues of T, ; associated with H (w) must satisfy the inequal-
ity [\| < 2C?%/4P. In the case of D, where C? = 3 and p = 2 we get the upper
bound 3/8 for the non-obvious eigenvalue. In fact, the eigenvalue is 1/4.
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Chapter 9
Other Topics

9.1 The Windowed Fourier transform and the Wavelet
Transform

In this and the next section we introduce and study two new procedures for the
analysis of time-dependent signals, locally in both frequency and time. The first
procedure, the “windowed Fourier transform” is associated with classical Fourier
analysis while the second, the (continuous) “wavelet transform” is associated with
scaling concepts related to discrete wavelets.
Let g € L?[—o0, o] with ||g|| = 1 and define the time-frequency translation
of g by
glevel(t) = 2 g (t 4 1) 9.1)

Now suppose g is centered about the point (g, wg) in phase (time-frequency)
space, i.e., suppose

[7 o =to, [ wlaew)Pdo =wo

where G(w) = [ g(t)e *"“'dt is the Fourier transform of g(¢). (Note the
change in normalization of the Fourier transform for this chapter only.) Then

/ t|g[w1,w2](t)|2dt =ty — 11, / w|g[w1,zz}(w)|2dw — Wy -+ T

so gl*172l js centered about (¢, — 1,wy + 2) in phase space. To analyze an
arbitrary function f(t) in L?*[—o0, oo] we compute the inner product

o0

Flon,as) = (f,9=0) = [~ jo)ge=I(dt

—0oQ
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with the idea that F'(z1, z5) is sampling the behavior of f in a neighborhood of
the point (g — z1, wy + z2) in phase space.

As z1, x5 range over all real numbers the samples F'(x1, z5) give us enough
information to reconstruct f(¢). It is easy to show this directly for functions f
such that f(¢)g(t — s) € L?|—oo, oc] for all s. Indeed let’s relate the windowed
Fourier transform to the usual Fourier transform of f (rescaled for this chapter):

fwy= [ swe a0 = [ f@etde. 92)

Thus since -

F(x1,29) = / f)g(t + xp)e 224z,
we have o

Fglt+a) = [ Flayaa)e™ das.

Multiplying both sides of this equation by ¢(¢ + x;) and integrating over x; we

obtain
1

10 = Tgp

This shows us how to recover f(¢) from the windowed Fourier transform, if f
and g decay sufficiently rapidly at co. A deeper but more difficult result is the
following theorem.

/oo /oo F(z1,39)g(t + x1)e*™2dz 1 ds. (9.3)

Theorem 62 The functions gl*122] are dense in L?[—o0, cc] as [z, x2] runs over
R2.

PROOF (Technical): Let V' be the closed subspace of L?[—oco, co] generated by
all linear combinations of the functions gl*»?2l, Then L?[—oc0,00] = V @ V*,
Then any h € L?|—o0, oo] can be written uniquely as » = hy + hy with hy € V
and hy € V4. Let L : L?[—o0, 00] — L%[—00, o] be the projection operator of
L?*[—o0,00] on V', i.e., Lh = hy. Our aim is to show that L = E, the identity
operator, so that L?[—oo,0c] = V. We will present the basic ideas of the proof,
omitting some of the technical details.

Since V' is the closure of the space spanned by all finite linear combinations
> aig[c”gl)“él)l(t) it follows that if h,(t) € V then e®h,(t) € V for any real b.
Further (e®*hy(t), 7 (t)) = (ha(t), e ™®j(t)) = 0forany j € V,s0e®hy(t) € V.
Hence e®Lh(t) = e®h,(t) = L[e®*|h(t), so L commutes with the operation
of multiplication by functions of the form " for real b. Clearly L must also
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commute with multiplication by finite sums of the form 3>, c¢;e*™** and, by
using the well-known fact that trigonometric polynomials are dense in the space
of measurable functions, L must commute with multiplication by any bounded
function f(¢) on (—oo, 00). Now let @@ be a bounded closed interval in (—oo, co)
and let x be the index function of Q:

1 ifteq@
XQ(t):{ 0 ift ¢ Q.

Consider the function fo = Ly, the projection of xg on V. Since XQQ = Xxqo We
have fq(t) = Lxq(t) = Lx§(t) = xq(t)Lxe(t) = Xxq(t)fo(t) so fq is nonzero
only for t € (). Furthermore, if Q' is a closed interval with @' C @ and for =
Lxq then fo(t) = Lxgxe(t) = xo (t)Lxe(t) = xo/(t)fo(t) so fo(t) =
fo(t) fort € Q" and for(t) = 0 fort ¢ @Q'. It follows that there is a unique
function f(t) such that x5f € Lo(R) and x(t)f(t) = Lxg(t) for any closed
bounded interval Q in (—o0,0). Now let ¢ be a C* function which is zero in
the exterior of Q. Then Lo(t) = L(px(t)) = ¢(t)Lxg(t) = ¢(t)f(t)x(t) =
f(t)p(t), so L acts on ¢ by multiplication by the function f(¢). Since as @ runs
over all finite subintervals of (—oo, o) the functions ¢ are dense in Ly(R), it
follows that L = f(¢)E.

Now we use the fact that if h,(t) € V then so is hy(t — a) for any real number
a. Just as we have shown that L commutes with multiplication by a function we
can show that L commutes with translations, i.e., S,L = LS, for all translation
operators S, h(t) = h(t — a). Thus f(t)h(t — a) = f(t — a)h(t — a) for all a and
forall h € L2 Thus f(¢t) = f(t — a) almost everywhere, which implies that f(¢)
is a constant. Since L? = L, this constant must be 1. Q.E.D.

Now we see that a general f € L? is uniquely determined by the inner products
(f, gl=v®2l) —0co < 1,15 < co. (Suppose {f1, gi*=2l) = (f,, gl=v22]) for f, f, €
L?[—00, 00] and all 21, 2. Thenwith f = f, — f, we have (f, gl*+®2]) = 0,50 f is
orthogonal to the closed subspace generated by the gl#1-#2], This closed subspace
is L?[—o0, oo] itself. Hence f = 0 and f; = f5.)

However, as we shall see,the set of basis states gl**2] is overcomplete: the
coefficients (f, gi*-*21) are not independent of one another, i.e., in general there
isno f € L?[—o0,00] such that (f, g®v*2l) = F(z,x,) for an arbitrary F €
L*(R?). The gl*v®2] are examples of coherent states, continuous overcomplete
Hilbert space bases which are of interest in quantum optics, quantum field theory,
group representation theory, etc. (The situation is analogous to the case of band
limited signals. As the Shannon sampling theorem shows, the representation of a
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band limited signal f(¢) in the time domain is overcomplete. The discrete samples
f (&) for n running over the integers are enough to determine f ur;iquely.)

As an important example we consider the case ¢ = 7 Y%e */2. (Here g is
essentially its own Fourier transform, so we see that g is centered about (¢g, wo) =
(0, 0) in phase space. Thus

g[wl,wg] (t) _ 7r—1/4e27ritzze—(t+:c1)2/2

is centered about (—z;,x2). ) This example is known as the Gabor window.
There are two features of the foregoing discussion that are worth special emphasis.
First there is the great flexibility in the coherent function approach due to the
fact that the function g € L?[—oc, co| can be chosen to fit the problem at hand.
Second is the fact that coherent states are always overcomplete. Thus it isn’t
necessary to compute the inner products (f, g*+*2ly = F(zy, z,) for every point
in phase space. In the windowed Fourier approach one typically samples F' at
the lattice points (z1,x2) = (ma,nb) where a, b are fixed positive numbers and
m, n range over the integers. Here, a, b and g(t) must be chosen so that the map
f — {F(ma,nb)} is one-to-one; then f can be recovered from the lattice point
values F'(ma, nb).

Example 10 Given the function

L <y
g(t)_{(), |t|2%

the set { g™} is an O N basis for L?(—o0, 0o). Here, m, n run over the integers.
Thus g**2] is overcomplete.

9.1.1 The lattice Hilbert space

There is a new Hilbert space that we shall find particularly useful in the study
of windowed Fourier transforms: the lattice Hilbert space. This is the space V'’
of complex valued functions ¢(z1, z3) in the plane R? that satisfy the periodicity
condition

(a1 + o1, a9 + T2) = e 2N 203y 35) (9.4)

for ay,as = 0,+1, - - - and are square integrable over the unit square:

1 1
/ / lo(21, 22) [Pdz1d2s < 00.
0o Jo
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The inner product is

1 1
<<P1,S02>:/0 /0 ©(x1, 22)P(21, T2)d1ds.

Note that each function ¢(zq,x2) is uniquely determined by its values in the
square {(z1,z2) : 0 < z,29 < 1}. It is periodic in z, with period 1 and sat-
isfies the “twist” property p(x, + 1,z2) = e 2™ 2p(x1, T3).

We can relate this space to L?(R) = L?*[—o0, oo] via the periodizing operator
(Weil-Brezin-Zak isomorphism)

o0

Pf(r1,m3) = Z €2mm2f(“ + 1) (9.5)

n=—oo

which is well defined for any f € L,(R) which belongs to the Schwartz space. It
is straightforward to verify that f = P f satisfies the periodicity condition (9.4),
hence f belongs to V’. Now

<Pf(a ')a Pfl('a )>
1 1 00
= /o dzq /0 dxo Z eQm(n_m)‘”zf(n +x1) f'(m+ x1)

m,n=—00

o

= [an 3 fote)For e = [ f@)F@) d

-

so P can be extended to an inner product preserving mapping of Ly (R) into V.

It is clear from the Zak transform that if o(x1, z5) = P f(z1,22) then we can
recover f(z;) by integrating with respect to x5 : f(z1) = f; ¢(1,y)dy. Thus we
define the mapping P* of V' into L, (R) by

1
P (1) =/0 o(t,y)dy, eV’ (9.6)
Since ¢ € V' we have
1 .
Po(t +a) = /O o(t,y)e 2" dy = & (1)

for a an integer. (Here ¢, (¢) is the nth Fourier coefficient of ¢ (¢, y).) The Parseval
formula then yields

[lewylay= 3 Pt +a)

a=—00
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SO

o= [ [ o)ty = [ 3 [Pl + e

a=—00

= [ IPeldt = (P*p,Pg).

and P* is an inner product preserving mapping of V' into Ly(R). Moreover, it is
easy to verify that

Pfe)=(fPo)
for f € Ly(R), ¢ € V', i.e., P* is the adjoint of P. Since P*P = E on Ly(R) it
follows that P is a unitary operator mapping L, (R) onto V' and P* = P! isa
unitary operator mapping V' onto Ly (R).

9.1.2 More on the Zak transform

The Weil-Brezin transform (earlier used in radar theory by Zak, so also called
the Zak transform) is very useful in studying the lattice sampling problem for
(f, gl#v=21), at the points (z1, z3) = (ma, nb) where a, b are fixed positive numbers
and m, n range over the integers. This is particularly in the case a = b = 1.
Restricting to this case for the time being, we let ¢ € Ly(R). Then

o0

Yp(21,22) = PYp(21,22,0) = > 7™ 29(zy + k) (9.7)

k=—00

satisfies _
vp (k1 + 21, ko + 12) = 6_2m’c1m21/)P (z1,22)

for integers k1, ko. (Here (9.7) is meaningful if ¢ belongs to, say, the Schwartz
class. Otherwise Py = lim,_,, Py, where ¢y = lim,_,,, and the i, are
Schwartz class functions. The limit is taken with respect to the Hilbert space
norm.) If ¢ = gl™nl(t) = €2 g(t + m) we have

el

T, 3;2) — eZm’(wln—wgm)gP(l,l’ $2)'

Thus in the lattice Hilbert space, the functions g%”’”] differ from gp simply by
the multiplicative factor e?™@in=22m) = |, (z,,z,), and as n, m range over the
integers the E,, ,, form an ON basis for the lattice Hilbert space:

1 pl
(801,902)2/0 /0 901(331,552)802(%,$2)d$1d$2-
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Definition 34 Let f(t) be a function defined on the real line and let =(¢) be the
characteristic function of the set on which f vanishes:

(1 if) =0
(t)—{o it f(t) 0.

We say that f is nonzero almost everywhere (a.e.) if the L? norm of 2 is 0, i.e.,
[l = 0.

(1]

Thus f is nonzero a.e. provided the Lebesgue integral [°° Z%(t)dt = 0, so £
belongs to the equivalence class of the zero function. If the support of = is con-
tained in a countable set it will certainly have norm zero; it is also possible that the
support is a noncountable set (such as the Cantor set). We will not go into these
details here.

Theorem 63 For (a,b) = (1,1) and g € L*[—o0, 00| the transforms {g™ :
m,n = 0+1,42,---} span L?[—oo, oc] ifand only if Pg(z1, x2,0) = gp(x1,12) #
0a.e..

PROOF: Let M be the closed linear subspace of L?|—o0,00] spanned by the
{gI™™}. Clearly M = L?[—o0, co] iff f = 0a.e. is the only solution of { f, gi™") =
0 for all integers m and n. Applying the Weyl-Brezin -Zak isomorphism P we
have

(f,g™™y = (Pf,EnmPyg) (9.8)
= ([Pf] [P_g]a En,m) = (ngPa En,m)- (99)

Since the functions E,, ,,, form an ON basis for the lattice Hilbert space it follows
that (f, g™") = 0 for all integers m, n iff fp(z1,22)gp(z1,22) = 0, ae.. If
gp # 0,ae then fp = f = 0and M = Ly(R). If gp = 0 onasetsS of
positive measure on the unit square, and the characteristic function xys = Pf =
fp satisfies fpgp = xsgp = 0 a.e., hence (f, g™™) = 0 and M # L?*[—o0, x].
Q.E.D.

In the case g(t) = 7~ '/e~*/2 one finds that

o
gP(xlaxZ) = 7'('71/4 Z 6271'Z’k.7327($1+k)2/2.

k=—o0

As is well-known, the series defines a Jacobi Theta function. Using complex
variable techniques it can be shown (Whittaker and Watson) that this function
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vanishes at the single point (%, 1) in the square 0 < z; < 1,0 < 2, < 1. Thus
gp # 0 a.e. and the functions {g[™"} span L?[—o0, oc]. (However, the expansion
of an L2[—o0, oo] function in terms of this set is not unique and the {g[™"} do
not form a Riesz basis.)

Corollary 20 For (a,b) = (1,1) and g € L?[—o0, oc] the transforms {gl™"] :
m,n =0,+1,---} forman ON basis for L?|—o0, o] iff |gp (71, 72)| = 1, a.e.

PROOF: We have

5mm/5nn/ = <g[m,'fl]’g[m’,n’]> = (En,mgP7 En’,m’gP) (910)
(|gP‘25 En’fn,m’fm) (911)

iff [gp|? = 1, a.e. Q.E.D.
As an example, let g = xo,1) Where

|1 o<i<
XD\ =Y 0 otherwise.

Then it is easy to see that |gp(z1,72)| = 1. Thus {gI™"} is an ON basis for
Lo(R).

Theorem 64 For (a,b) = (1,1) and g € L?[—o0, 00], suppose there are con-
stants A, B such that

0< A< |gp(r,22)]* < B < o0

almost everywhere in the square 0 < z1,zo < 1. Then {g[m’”}} is a basis for
Ly(R), i.e., each f € L?[—o0, 0] can be expanded uniquely in the form f =
Y Gmn g™, Indeed,

Amn = (fp,ggl’"]/|gp\2) = (fe/9p, Enm)

PROOF: By hypothesis |gp|~" is a bounded function on the domain 0 < z, z, <
1. Hence fp/gp is square integrable on this domain and, from the periodic-
ity properties of elements in the lattice Hilbert space, g—g(xl +n,xe +m) =

[ (1, 25). It follows that

f_P = Z amnEn,m

ae
where ap, = (fe/gp, Enm), SO fp = Y @mnEnmgp. This last expression im-
plies f = Y amng™". Conversely, given f = ¥ amng™™ we can reverse the
steps in the preceding argument to obtain a,,, = (fp/gp, Enm). Q.E.D.
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9.1.3 W.indowed transforms

The expansion f = ¥ a,,,g™™ is equivalent to the lattice Hilbert space expansion
fP - EamnEn,mgP or

ngP = Z(amnEn,m)‘gP‘z (912)

Now if gp is a bounded function then fpge(z1,72) and |gp|? both belong to the
lattice Hilbert space and are periodic functions in z; and z» with period 1. Hence,

fegp = D bmnEnm (9.13)
lgpl” = Y cmnBom (9.14)
with
bmn = (ngPa En,m) = (fPagPEn,m) = <fa g[m,n]>’ (915)
Cmn = (ngPa En,’m) = <g,g[m,n]> (916)

This gives the Fourier series expansion for fpgp as the product of two other
Fourier series expansions. (We consider the functions f, g, hence fp, gp as known.)
The Fourier coefficients in the expansions of fpgp and |gp|? are cross-ambiguity
functions. If |gp |? never vanishes we can solve for the a,,,, directly:

Z amnEn,m = (Z bmnEn,m) (Z c:rmEn,m)-

where the ¢/, are the Fourier coefficients of |gp|~2. However, if |gp|? vanishes at
some point then the best we can do is obtain the convolution equations b = a * c,
i.e.,
bmn = Z AetChorpr -
k+k'=m+0=n

(We can approximate the coefficients ax, even in the cases where |gp|? vanishes
at some points. The basic idea is to truncate Y- a,,, Ey . to a finite number of
nonzero terms and to sample equation (9.12), making sure that |gp|(z1, z2) iS
nonzero at each sample point. The a,,, can then be computed by using the inverse
finite Fourier transform.)

The problem of |gp | vanishing at a point is not confined to an isolated example.
Indeed it can be shown that if gp is an everywhere continuous function in the
lattice Hilbert space then it must vanish at at least one point.
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9.2 Bases and Frames, Windowed frames

9.2.1 Frames

To understand the nature of the complete sets {gl™"!} it is useful to broaden our
perspective and introduce the idea of a frame in an arbitrary Hilbert space #. In
this more general point of view we are given a sequence {f,,} of elements of H
and we want to find conditions on {f,,} so that we can recover an arbitrary f € H
from the inner products (f,f,) on 4. Let ¢* be the Hilbert space of countable
sequences {&,} with inner product (£,7) = >, &n7in- (A sequence {&,} belongs
to /2 provided ¥, £,&, < 00.) Now let T : H — ¢2 be the linear mapping defined
by
(Tf), = (£, £.).

We require that T is a bounded operator from A to ¢2, i.e., that there is a finite
B > 0suchthat 3", [(f, f,)|> < B||f||%. In order to recover f from the (f, f,) we
want T to be invertible with T=! : Ry — H where Ry is the range T#H of T in
£%. Moreover, for numerical stability in the computation of f from the (f, f,,) we
want T~ to be bounded. (In other words we want to require that a “small” change
in the data (f, f,,) leads to a “small” change in f.) This means that there is a finite
A > Osuchthat >, [(f,£,)[*? > A||f]|*>. (Note that T'¢ = fif &, = (f,£f,).) If
these conditions are satisfied, i.e., if there exist positive constants A, B such that

Allf[* < 3K, £)1* < B[

for all f € #, we say that the sequence {f,} is a frame for # and that A and B
are frame bounds. (In general, a frame gives completeness, but also redundancy.
There are more terms than the minimal needed to determine f. However, if the set
{f..} is linearly independent, then it forms a basis, called a Riesz basis, and there
is no redundancy.)

The adjoint T* of T is the linear mapping T* : #2 — # defined by

(T¢, ) = (¢, Tf)
forall € € £2, f € H. A simple computation yields
T'¢ =) &fn
(Since T is bounded, so is T* and the right-hand side is well-defined for all £ €
£2.) Now the bounded self-adjoint operator S = T*T : H — H is given by
Sf = T*Tf = ) (f.f,)f,, (9.17)

n
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and we can rewrite the defining inequality for the frame as
Allf|[* < (T*Tf,f) < B

Since A > 0, if T*Tf = 0 then f = 0, so S is one-to-one, hence invertible.
Furthermore, the range SH of S is H. Indeed, if S is a proper subspace of
H then we can find a nonzero vector g in (SH)* : (Sf,g) = 0 forall f € H.
However, (Sf,g) = (T*Tf,g) = (Tf, Tg) = > (f,£,)(f,,g). Settingf = g

we obtain
> Ke,f)* =0.

But then we have g = 6, a contradiction. thus SH = H and the inverse operator
S~ exists and has domain .

Since SS 'f = S~!Sf = f for all f € #, we immediately obtain two expan-
sions for f from (9.17):

a) £ =3 (ST £V = S (F, ST (9.18)
b) £ = S(f, £.)S ', (9.19)

(The second equality in the first expression follows from the identity (S—'f, f,,) =
(f,S~1£,), which holds since S is self-adjoint.)

Recall that for a positive operator S, i.e., an operator such that (Sf, f) > 0 for
all f € H the inequalities

AlIf]]” < (Sf,f) < BJJf||?
for A, B > 0 are equivalent to the inequalities
Allf[| < |[sf]| < BJ[f]].
This suggests that if the {f,} form a frame then so do the {S~'f,}.

Theorem 65 Suppose {f,} is a frame with frame bounds A, B and let S = T*T.
Then {S~!f,} is also a frame, called the dual frame of {f,}, with frame bounds
Bt AL

PROOF: Setting f = S~'g we have B7'||g|| < [|[S™'g|| < A~'||g||. Since

S—1 is self-adjoint, this implies B~ t||g||? < (S7'g,g) < A~!||g||2. Then we

have S™'g = >,(S7'g, £a)S £ 50 (S7'g,8) = Ya(S7'g, fu)(S . 8) =

>n l{g, S7T,) 2. Hence {S™'f,} is a frame with frame bounds B~!, A~*. Q.E.D.
We say that {f,,} is a tight frame if A = B.
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Corollary 21 If {f,} is a tight frame then every f € H can be expanded in the
form

f=ATY (F fa) .

PROOF: Since {f, } isatight frame we have A||f||? = (Sf,f) or ((S—AE)f,f) =
0 where E is the identity operator Ef = f. Since S — AE is a self-adjoint operator
we have |[(S — AE)f|| = 0 forall f € H. Thus S = AE. However, from (7.18),
Sf = ¥ (f, f,)f.. Q.E.D.

Riesz bases

In this section we will investigate the conditions that a frame must satisfy in order
for it to define a Riesz basis, i.e., in order that the set {f,,} be linearly independent.
Crucial to this question is the adjoint operator. Recall that the adjoint T* of T is
the linear mapping T* : 2 — H defined by

<T*§’ f> = (fa Tf)
forall £ € ¢2, f € H, so that

T'¢ =) &t

Since T is bounded, it is a straightforward exercise in functional analysis to show
that T* is also bounded and that if || T||> = B then ||T||? = ||T*||> = ||TT*|| =
||T*T|| = B. Furthermore, we know that T is invertible, as is T*T, and if
||T~|> = A= then ||(T*T)~"|| = A~'. However, this doesn’t necessarily imply
that T* is invertible (though it is invertible when restricted to the range of T). T*
will fail to be invertible if there is a nonzero & € ¢2 such that T*¢ = 3, &,.f, = 0.
This can happen if and only if the set {f, } is linearly dependent. If T* is invertible,
then it follows easily that the inverse is bounded and ||(T*)~!||> = A~
The key to all of this is the operator TT* : /2 — H with the action

(TT*é)n = Zé-m(fm: fn), 6 € EQ.

Then matrix elements of the infinite matrix corresponding to the operator TT*
are the inner products (TT*)pm = (fu, fm). This is a self-adjoint matrix. If its
eigenvalues are all positive and bounded away from zero, with lower bound A > 0
then it follows that T* is invertible and ||T* ||> = A~L. In this case the f, form
a Riesz basis with Riesz constants A, B.

We will return to this issue when we study biorthogonal wavelets.
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9.2.2 Framesof W — H type

We can now relate frames with the lattice Hilbert space construction.
Theorem 66 For (a,b) = (1,1) and g € Lo(R), we have
0< A< |gp(r,22)]* < B< oo (9.20)

almost everywhere in the square 0 < z,,z, < 1 iff {gl™"} is a frame for
L?[—00, 00] with frame bounds A, B. (By Theorem 64 this frame is actually a
basis for L?[—o0, oc].)

PROOF: If (9.20) holds then gp is a bounded function on the square. Hence for
any f € Ly(R), fege is a periodic function, in z, z, on the square. Thus

Z |<f,g[m,n}>|2 = Z |(fP7En,mgP)|2
= > |(fpgp, Enm)|” = || frgpl|? (9.21)

1 1
:/0 /0 | fo|*|gp |*dz1dzs.

(Here we have used the Plancherel theorem for the exponentials £, ,,,) It follows
from (9.20) that

o0

AllIFIP< S [f g™ < BIfIP (9.22)

m,n=—00

so {gl™™} is a frame.
Conversely, if {gl™"1} is a frame with frame bounds A, B, it follows from
(9.22) and the computation (9.21) that

1 r1
AllfelP < [ [ 1fellgpPdride, < B fe|

for an arbitrary fp in the lattice Hilbert space. (Here we have used the fact that
I|fll = |lfell, since P is a unitary transformation.) Thus the inequalities (9.20)
hold almost everywhere. Q.E.D.

Frames of the form { g™} are called Weyl-Heisenberg (or W-H) frames.
The Weyl-Brezin-Zak transform is not so useful for the study of W-H frames with
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general frame parameters (a,b). (Note from that it is only the product ab that
is of significance for the W-H frame parameters. Indeed, the change of variable
t' = t/a in (9.1) converts the frame parameters (a,b) to (a’,0') = (1,ab).) An
easy consequence of the general definition of frames is the following:

Theorem 67 Letg € Ly(R) and a, b, A, B > 0 such that

1. 0<A<Y,, lg(z+ma)? <B<ooae,

2. g has support contained in an interval I where I has length 5=,
Then the {gl™e™*} are a W-H frame for L, (R) with frame bounds b1 A, b~ B.
PROOF: For fixed m and arbitrary f €  Lo(R) the function
F.(t) = f(t)g(t +ma) has support in the interval I,, = {t + ma : z € I}
of length b. Thus F,, () can be expanded in a Fourier series with respect to the

basis exponentials E,,;(t) = e2*®" on I,,,. Using the Plancherel formula for this
expansion we have

Yo F g P =Y (Fons Buo)? (9.23)
= S XK Fl = ;X [ P+ ma)ar
= %/O:o\f(t)|22|g(t+ma)\2dt.

¢From property 1) we have then
A B
SIAPE < XU gm e < Sl

so {gm»m¥1} is a W-H frame. Q.E.D.

It can be shown that there are no W-H frames with frame parameters (a, b)
such that ab > 1. For some insight into this case we consider the example
(a,b) = (N,1),N > 1, N an integer. Let g € L?*[—o0,00]. There are two
distinct possibilities:

1. There isa constant A > 0 such that A < |gp(z1,x2)| almost everywhere.

2. Thereisnosuch A > 0.
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Let M be the closed subspace of L2[—oo, o] spanned by the functions { g™V, m, n =
041,42, ---} and suppose f € L?*[—oo, cc]. Then

<fa g[mN,n]> = (fPa En,mNgP) = (ngP’ En,mN)-

If possibility 1) holds, we set fp = gp En,1. Then fp belongs to the lattice
Hilbert space and 0 = (Eyq 1, Enmn) = (fedp Enmn) = (f, g™y so f € M+
and {g[™""} is not a frame. Now suppose possibility 2) holds. Then according
to the proof of Theorem 66, g cannot generate a frame {g™™} with frame pa-
rameters (1,1) because there is no A > 0 such that A f[> < X [{f: g™™) .
Since the {g™""} corresponding to frame parameters (1, N) is a proper subset
of {gl™n1}, it follows that { g™} cannot be a frame either.

For frame parameters (a,b) with 0 < ab < 1 it is not difficult to construct
W-H frames { g™} such that g € Lo (R) is a smooth function. Taking the case
a=1,b= % for example, let v be an infinitely differentiable function on R such
that

0 ifz<0
v(@) :{ 1 ifz>1 (9.24)
and 0 < v(z) < 1if0 <z < 1. Set
0, <0
B v(x), 0<z<l1
9(z) = V1—vi(z—1), 1<z<2
0, 2 < x.

Then g € L?[—o0, o0] is infinitely differentiable and with support contained in
the interval [0,2]. Moreover, ||g||? = 1 and 3, [g(z + m)|?> = 1. It follows
immediately from Theorem 67 that {g™"/2} is a W-H frame with frame bounds
A=B=2.

Theorem 68 Let f,g € Lo(R) such that | fp(z1,2z2)| |gp(z1,z2)| are bounded
almost everywhere. Then

STUF g™y P =S (f, Y (g™, g).

m,n

Since (f, g™y = (fp, Enmgr) = (fpgp, Enm) We have the Fourier series
expansion
fr(x1,22)gp (w1, 22) = Z<fa g[m’n]>En,m($1,$2)- (9.25)

m,n
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Since | fp|, |gp| are bounded, frgp is square integrable with respect to the measure
dxzdzx, on the square 0 < z;,zo < 1. From the Plancherel formula for double
Fourier series, we obtain the identity

1,1
[ [ 15 Plge daidzs = 3 4,9

Similarly, we can obtain expansions of the form (9.25) for fp fp and gpgp. Ap-
plying the Plancherel formula to these two functions we find

1 rl
| [ 1fellge Pdiday = S, fmy g, g).

m,n

Q.E.D.

9.2.3 Continuous Wavelets

Here we work out the analog for wavelets of the windowed Fourier transform. Let
w € L?[—o00, oo] with ||w|| = 1 and define the affine translation of w by

t—>

where a > 0. Let f(t) € L*[—o0, oo|. The integral wavelet transform of f is the
function

t—>b

Fala by =10 [~ f(oym (T)dt — (fu).  (0.26)

—0o0

(Note that we can also write the transform as
Fy(a,) = a2 [~ f(au+ b (u)du,

which is well-defined as a — 0.) This transform is defined in the time-scale
plane. The parameter b is associated with time samples, but frequency sampling
has been replaced by the scaling parameter a. In analogy with the windowed
Fourier transform, one might expect that the functions w(®% (t) span Ly(R) as a, b
range over all possible values. However, in general this is not the case. Indeed
Ly(R) = H* @ H~ where H™ consists of the functions f. such that the Fourier
transform F £ (w) has support on the positive w-axis and the functions f_ in H~
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have Fourier transform with support on the negative w-axis. If the support of
(w) is contained on the positive w-axis then the same will be true of (%) (w)
for all @ > 0,b as one can easily check. Thus the functions {w(*} will not
necessarily span L, (R), though for some choices of w we will still get a spanning
set. However, if we choose two nonzero functions w.. € H* then the (orthogonal)
functions {w w'™ > 0} will span Ly(R).

An alternatlve way to proceed, and the way that we shall follow first, is to
compute the samples for all (a,b) such that a # 0, i.e., also to compute (9.26)
for a < 0. Now, for example, if the Fourier transform of w has support on the
positive w-axis, we see that, for a < 0, @(® (w) has support on the negative w-
axis. Then it it isn’t difficult to show that, indeed, the functions w(®® () span
Ly(R) as a, b range over all possible values (including negative a.). However, to
get a convenient inversion formula, we will further require the condition (9.27) to
follow (which is just @ (0) = 0).

We will soon see that in order to invert (9.26) and synthesize f from the trans-
form of a single mother wavelet w we shall need to require that

/ w(t)dt = 0. (9.27)
Further, we require that w(¢) has exponential decay at oo, i.e., |w(t)| < Ke kIt
for some k£, K > 0 and all . Among other things this implies that |@(w)| is
uniformly bounded in w. Then there is a Plancherel formula.

Theorem 69 Let f, g € L?[~o00,00] and C' = 2 [ [ (w)|* {2 & Then
— da db
o[ rwgwit= [~ [7 Fu(hGula ) 5" (©029)

PROOF: Assume first that f and § have their support contained in |w| < Q for
some finite €2. Note that the right-hand side of (9.26), considered as a function
of b, is the convolution of f(¢) and |a|~*/?w(—t/a). Thus the Fourier transform
of F,(a,-) is |a|"/2f (w)w(aw). Similarly the Fourier transform of G,,(a,-) is
la|'/?§(w)w(aw). The standard Plancherel identity gives

/°° Fw(a,b)éw(a,b)db—%/ la] ()3 (w) | #(aw) [2dw.

—00

Note that the integral on the right-hand side converges, because f, g are band-
limited functions. Multiplying both sides by da/|a|? and integrating with respect
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to a and switching the order of integration on the right (justified because the func-
tions are absolutely integrable) we obtain

/ / ab)d“db—27rc/ )G (w)dw.

Using the Plancherel formula for Fourier transforms, we have the stated result for
band-limited functions.

The rest of the proof is “standard abstract nonsense”. We need to limit the
band-limited restriction on f and g. Let f, g be arbitrary L? functions and let

fN<w>={ fw) if W <N

0  otherwise,

where N is a positive integer. Then fy — f (in the frequency domain L2 norm)
as N — +oo, with a similar statement for g,. From the Plancherel identity we
then have f,, — f, gn — g (in the time domain L? norm). Since

da db

a2

C [ U@ = fu@®Pdt= [~ [ [Fun(ab) = Fupla,b)?

it follows easily that { £}, v } is a Cauchy sequence in the Hilbert space of square
integrable functions in R? with measure da db/|a|?, and F,, y — F,, in the norm,
as N — oo. Since the inner products are continuous with respect to this limit, we
get the general result. Q.E.D.

You should verify that the requirement [°0_w(t)dt = 0 ensures that C' is finite.
At first glance, it would appear that the integral for C' diverges.
The synthesis equation for continuous wavelets is as follows.

Theorem 70

t— b dbda
C/ / w(a, b)la| 2w~ T (9.29)

a a
PROOF: Consider the b-integral on the right-hand side of equation (9.29). By

the Plancherel formula this can be recast as 27 [0 Fw(w)w( ’)( )dw where the

Fourier transform of F,(a,-) is |a|'/2f(w)w(aw), and the Fourier transform of
la| = 2w () s [a]%e Zt‘“w( w). Thus the expression on the right-hand side of
(9.29) becomes

© da [ 2 N 2 itw
C J)owTal _oof(w)|w(aw)| "™ dw
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2 o0 . 3 e’}
= Z [ fwean [ ata) P

The a-integral is just C'/27, so from the inverse Fourier transform, we see that the
expression equals f(t) (provided it meets conditions for pointwise convergence of
the inverse Fourier transform). Q.E.D.

Now let’s see have to modify these results for the case where we require
a > 0. We choose two nonzero functions w. € H¥*, i.e., w, is a positive
frequency probe function and w_ is a negative frequency probe. To get a con-
venient inversion formula, we further require the condition (9.30) (which is just

i, (0) = 0, (0) = 0):

/°° we (t)dt = /°° w_(#)dt = 0. (9.30)

—0o0 —00

Further, we require that w.(¢) have exponential decay at oo, i.e., |wi(t)] <
Ke "It for some k, K > 0and all £. Among other things this implies that [t (w)|
are uniformly bounded in w. Finally, we adjust the relative normalization of W,
and w_ so that

0227r/000| s 2/ |2d°" 9.31)

\w| -

Let f(t) € L*[—oo, oc0]. Now the integral wavelet transform of f is the pair of
functions

Pelab) = a2 [~ floym, (?)dt — (). (932)

(Note that we can also write the transform pair as
Fi(a,b) = |a|'/? / f(au + b)w. (u)du,

which is well-defined as a — 0.) Then there is a Plancherel formula.
Theorem 71 Let f, g € L?[—o0, 0c]. Then
da db

0/ #)dt = / / (Fi(a, )G (a,b) + F_(a.0)T-(a, b)) =
(9.33)
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PROOF: A straightforward modification of our previous proof. Assume first that

f and § have their support contained in |w| < Q for some finite Q. Note that

the right-hand sides of (9.32), considered as functions of b, are the convolu-
tions of f(¢) and |a|"'/?®wW.(—t/a). Thus the Fourier transform of F.(a,-) is
a2 f (w)ib+ (aw). Similarly the Fourier transforms of G. (a, -) are |a|'/2§(w) = (aw).
The standard Plancherel identity gives

| P b)Gia,b)db =27 [ Jalf(w)5() i (aw) P,

/°° F_(a,b)é_(a,b)db—%/ la| ()3 (w) [ (aw)[2dw.

Note that the integrals on the right-hand side converge, because f, g are band-
limited functions. Multiplying both sides by da/|a|?, integrating with respect to a
(from 0 to +o00) and switching the order of integration on the right we obtain

I (Fe@h)@eta) + F(a0)T-(a.1)) dsz _

27TC/ w)g(w)dw + 27C /_Ooo f(w)g(w)dw

=2nC /Oo f(w)g(w)dw

Using the Plancherel formula for Fourier transforms, we have the stated result for
band-limited functions.

The rest of the proof is “standard abstract nonsense”, as before. Q.E.D.

Note that the positive frequency data is orthogonal to the negative frequency
data.

Corollary 22

/ / Fy(a,b)G ab)d“db 0. (9.34)

PROOF: A slight modification of the proof of the theorem. The standard Plancherel
identity gives

/ ~ F.(a,0)G_(a,b)db = 2n /0 ol f @)@V (aw)B_(aw)dw = 0

since W, (w)w_(w) = 0. Q.E.D.
The modified synthesis equation for continuous wavelets is as follows.
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Theorem 72

£(t) = é/o""/_(’;ml/z (F+(a’b)m(t—b t—b\ dbda

)+ F_(a,b)w_( ))

a a a?

(9.35)

PROOF: Consider the b-integrals on the right-hand side of equations (9.35). By
the Plancherel formula they can be recast as 27 [0 Fi(w)w_i“"') (w)dw where

the Fourier transform of F..(a, -) is |a|*/2f (w)w+ (aw), and the Fourier transform
of |a| 2wy (L) is |a|'/%e by (aw). Thus the expressions on the right-hand
sides of (9.35) become

2m oo da [

“n v £ ~ 2 jitw
¢ JowTal 7oof(w)\wi(aw)| ™ dw

_27r o0
O )

Each a-integral is just C'/27, so from the inverse Fourier transform, we see that the
expression equals f(t) (provided it meets conditions for pointwise convergence of
the inverse Fourier transform). Q.E.D.

Can we get a continuous transform for the case @ > 0 that uses a single
wavelet? Yes, but not any wavelet will do. A convenient restriction is to require
that w(¢) is a real-valued function with ||w|| = 1. In that case it is easy to show

that w(w) = w(—w), S0 |W(w)| = |1 (—w)|. Now let

Fpedo [ foua) s

—o0 lal’

wy(t) = /Ooow(w)ei“’tdw, w_(t) = /O W (w)e™dw.

Note that
w(t) = wy(t) +w_(2), w || = [lw_]|

and that w_. are, respectively, positive and negative frequency wavelets. we further
require the zero area condition (which is just w(o) = @, (0) = 0,w_(0) = 0):

/ " w (t)dt = / " w_(t)dt =0, (9.36)
and that w(¢) have exponential decay at oo. Then
00 dw 0 dw
_ - 28w - o W
C= 27r/0 |w(w)| ] 27 /_oo [ (w)] ] (9.37)
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exists. Let f(t) € L*[—oo,00]. Here the integral wavelet transform of f is the

function
F(a,b) = |a|\/? [ - f)w (?)dt = (f, w(@®). (9.38)

Theorem 73 Let f,g € L?[—o0, 0], and w(t) a real-valued wavelet function
with the properties listed above. Then

5 / t)dt = / / ab)dadb (9.39)

PROOF: This follows immediately from Theorem 71 and the fact that

[ e = [ [ 0+ £t 610060 2
- /0 ~ [ ‘: (Fy(a,b)G4(a,b) + F_(a,b)G_(a, b)) d(;j ’

due to the orthogonality relation (9.34). Q.E.D.
The synthesis equation for continuous real wavelets is as follows.

Theorem 74

=2 [ [Tl EE @ao)

a2

The continuous wavelet transform is overcomplete, just as is the windowed
Fourier transform. To avoid redundancy (and for practical computation where
one cannot determine the wavelet transform for a continuum of «, b values) we
can restrict attention to discrete lattices in time-scale space. Then the question
is which lattices will lead to bases for the Hilbert space. Our work with discrete
wavelets in earlier chapters has already given us many nontrivial examples of of a
lattice and wavelets that will work. We look for other examples.

9.2.4 Lattices in Time-Scale Space

To define a lattice in the time-scale space we choose two nonzero real numbers
ag,bp > 0 with ag # 1. Then the lattice points are a = af*,b = nboaf’, m,n =
0,+1,---, 0

w™ (t) = w098 (1) = ay ™ *w(ag ™t — nby).
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Note that if w has support contained in an interval of length ¢ then the support
of w™" is contained in an interval of length a,™¢. Similarly, if Fw has support
contained in an interval of length L then the support of Fw™" is contained in an
interval of length o L. (Note that this behavior is very different from the behavior
of the Heisenberg translates gl™®!, In the Heisenberg case the support of ¢ in
either position or momentum space is the same as the support of g™, In the
affine case the sampling of position-momentum space is on a logarithmic scale.
There is the possibility, through the choice of  and n, of sampling in smaller and
smaller neighborhoods of a fixed point in position space.)

The affine translates w(**) are called continuous wavelets and the function w
is a mother wavelet. The map T : f — (f, g'™) is the wavelet transform.

NOTE: This should all look very familiar to you. The lattice ay = 27,y =
1 corresponds to the multiresolution analysis that we studied in the preceding
chapters.

9.3 Affine Frames

The general definitions and analysis of frames presented earlier clearly apply to
wavelets. However, there is no affine analog of the Weil-Brezin-Zak transform
which was so useful for Weyl-Heisenberg frames. Nonetheless we can prove the
following result directly.

Lemma 47 Let w, € Lo(R) such that the support of Fg is contained in the
interval [¢, L] where 0 < £ < L < oo, and let ag > 1,by > 0 with (L — £)by < 1.
Suppose also that

0< A< |Fui(afw)|* < B < oo
for almostall w > 0. Then {w’*"} is a frame for #£* with frame bounds A /b,, B /by.
PROOF: Let f € H™ and note that w, € H™. For fixed m the support of

Ff(afy)Fw,(w) is contained in the interval £ < w < £ + 1/b, (of length 1/by).
Then

S = Y UFLFG™ (9.41)
= Z ag™| /000 Fflag™w)Fw, (w)e ™0ow dy|?
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—m 041 /bo
= SO [ ) P )
= 33 [TIF @) Fu ) P

1 foe
= [ (SFu ) s

Since ||f[|? = [5° | Ff(w)|?dw for f € HT, the result

AllfH2<Z\ f,wi™)* < B|f|?

follows. Q.E.D.

A very similar result characterizes a frame for H~. (Just let w run from —oco
to 0.) Furthermore, if {w?"}, {w™"} are frames for #*,# ", respectively, corre-
sponding to lattice parameters ay, by, then {w™"", w™"} is a frame for L,(R)

Examples 5 1. For lattice parameters aq = 2, by = 1, choose @ = X1 2) and
W_ = X(—2,—1]- Then w, generates a tight frame for H* with A = B =1
and g_ generates a tight frame for £~ with A = B = 1. Thus {w?"", w™"}
is a tight frame for Ly(R). (Indeed, one can verify directly that {w"} is
an ON basis for Ly(R).

2. Let w be the function such that

0 fw</
1 sin Zv “;Z fl<w<al
Fol) = 7=1 sz, (i) :
na | cosjv az(a1) ifal <w<af

0 if 0?0 < w

where v(x) is defined as in (9.24). Then {w™"} is a tight frame for #* with
A = B = 5—. Furthermore, if w, = w and w_ = o then {w]"} is a
tight frame for Lo(R).

Suppose w € Lo(R) such that Fw(w) is bounded almost everywhere and has

support in the interval [—, %]. Then forany f € Ly(R) the function

ay "™ F f(ay"w) Fu(w)
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has support in this same interval and is square integrable. Thus

S = 30" [ F ") Fule)e il 0.42)

- 12/ NF f(ag™w) Foo(w) Pdw
= o [ IFI@P T Fulew) s
+ b/ I Fulag) P

It follows from the computation that if there exist constants A, B > 0 such that

A <Y |Fuw(agw)|* < B

for almost all w, then the single mother wavelet w generates an affine frame.

Of course, the multiresolution analysis of the preceding chapters provides a
wealth of examples of affine frames, particularly those that lead to orthonormal
bases. In the next section we will use multiresolution analysis to find affine frames
that correspond to biorthogonal bases.

9.4 Biorthogonal Filters and Wavelets

9.4.1 Resumé of Basic Facts on Biorthogonal Filters

Previously, our main emphasis has been on orthogonal filter banks and orthogonal
wavelets. Now we will focus on the more general case of biorthogonality. For
filter banks this means, essentially, that the analysis filter bank is invertible (but
not necessarily unitary) and the synthesis filter bank is the inverse of the analysis
filter bank. We recall some of the main facts from Section 6.7, in particular,
Theorem 6.7: A 2-channel filter bank gives perfect reconstruction when

No distortion : Fy(2)Hy(z) + Fi(2)H,(z) = 227°
Alias cancellation : Fy(z)Ho(—z) + Fi(2)H1(—2) = 0. (9.43)

In matrix form this reads

Fo(2) Fl(zﬂ[H()(z) H‘)(‘Z)]:mzﬁ 0l
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Figure 9.1: Perfect reconstruction 2-channel filter bank

where the 2 x 2 matrix is the analysis modulation matrix H,,(z).

This is the mathematical expression of Figure 9.1.

We can solve the alias cancellation requirement by defining the synthesis fil-
ters in terms of the analysis filters:

Fy(2) = Hi(—=2), Fi(z2) = —Hy(—2)
We introduce the (lowpass) product filter
Py(z) = Fy(2)Ho(2)
and the (high pass) product filter
P (z) = Fi(2)H,(2).

¢From our solution of the alias cancellation requirement we have Py(z) = Ho(z)H1(—z)
and Pl(Z) = —H()(—Z)Hl(Z) = —P()(—Z) Thus

Py(2) — Po(—2) = 227" (9.44)

Note that the even powers of z in Py(z) cancel out of (9.44). The restriction is
only on the odd powers. This also tells us the ¢ is an odd integer. (In particular, it
can never be 0.)

The construction of a perfect reconstruction 2-channel filter bank has been
reduced to two steps:
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1. Design the lowpass filter P, satisfying (9.44).
2. Factor P, into FyH,, and use the alias cancellation solution to get F}, H;.

A further simplification involves recentering P, to factor out the delay term. Set
P(2) = 2*Py(z). Then equation (9.44) becomes the halfband filter equation

P(z) + P(—2) =2. (9.45)

This equation says the coefficients of the even powers of z in P(z) vanish, except
for the constant term, which is 1. The coefficients of the odd powers of z are
undetermined design parameters for the filter bank.

In terms of the analysis modulation matrix, and the synthesis modulation ma-
trix that will be defined here, the alias cancellation and no distortion conditions
read

£ A1 )1 ]

where the 2 x 2 F-matrix is the synthesis modulation matrix F,,(z). (Note the
transpose distinction between H,,(z) and F,,(z).) If we recenter the filters then
the matrix condition reads

Fo(2)H,,(2) = 21

where Hy(z) = 2'Ho(2), Ho(—2) = (=2)tHo(—2), Hi(z) = 2'H(z), and
Hy(=z) = (—2)*Hy(—z). (Note that since these are finite matrices, the fact
that H,,(z) has a left inverse implies that it has the same right inverse, and is
invertible.)

Example 11 Daubechies D, half band filter is
_ 1 3 —1 -3
P(z) = E(_Z +92+16+92 " — 2 )
The shifted filter Py(z) = 2“P(z) must be a polynomial in 2~ with constant
term 1. Thus ¢ = 3 and
Py(z) = 1 (—1 +9272+1627% + 927" — 2_6)
0 16 .

Note that p = 2 for this filter, so Py(z) = (1 + 271)*Q(z) where @ has only
two roots, ¢ = 2 — /3 and 1 = 2 + /3. There are a variety of factorizations
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Py(z) = Fy(2)Hy(2), depending on which factors are assigned to H, and which to
Fy. For the construction of filters it makes no difference if the factors are assigned
to Hy or to Fy (there is no requirement that H, be a low pass filter, for example)
so we will list the possibilities in terms of Factor 1 and Factor 2.

REMARK: If, however, we want to use these factorizations for the construction
of biorthogonal or orthogonal wavelets, then H, and F; are required to be low-
pass. Furthermore it is not enough that the no distortion and alias cancellation
conditions hold. The 7" matrices corresponding to the low pass filters Hy and Fj
must each have the proper eigenvalue structure to guarantee L? convergence of
the cascade algorithm. Thus some of the factorizations listed in the table will not
yield useful wavelets.

Case Factorl DegreeN Factor2 DegreeN
a 1 (I+zHe—2)(e ! =27
b (1+2z71) (1+z2"3(c—2"Y(ct =271
v (c—27") (I+2z0)c =27
c (1+271)2 (1+27Y2%(c—27Y(ct =271

c 1+z1Y(c—21)

C" (C _ Z—l)(cfl _ Zil)
(1+2z71)3

d' (1+27H2%(c—271)

(14213t -21
(1+z 14
A+zHe—zYct =21
(T4+272 (=27

U
W Wk = & Ot Oy

W W NN -~ O

For cases b', ¢/, d’' we can switch ¢ <» ¢! to get new possibilities. Filters &', ¢ are
rarely used. A common notation is (N4 + 1)/(Ns + 1) where N4 is the degree of
the analysis filter Hy and N is the degree of the synthesis filter . Thus from ¢
we could produce a 5/3 filter Hy(z) = g(—1+ 227" + 6272+ 2272 — 2~*) and
Fy(z) = 5(1+ 227" + 272), or a 3/5 filter with H, and F; interchanged. The
orthonormal Daubechies D, filter (4/4) comes from case d'.

Let’s investigate what these perfect reconstruction requirements say about the
finite impulse response vectors hy(n), hy(n), fy(n), fi(n). The half-band filter
condition for P(z), recentered , says

and
Z h1 (f + n)f1 (Qk - n) = _5Ok:7 (947)

251



or
> b (n)fo (2 + n) = Sor, (9.48)

and
Zhl f1 2k + TL) - _5010’ (949)

where

so fo(n) = (—1)"hy (£ —n), fi(n) = (—1)"*hy(¢ — n). The anti-alias conditions
H()(Z)F1(Z) - Ho(—Z)Fl(—Z) =0 Hl(Z)Fo(Z) — Hl(—Z)F()(—Z) =0

imply
Z ho(n)f;(2k + n) = 0, (9.50)

and

Expression (9.48) gives us some insight into the support of hy(n) and f,(n).
Since Py(z) is an even order polynomial in 2~ it follows that the sum of the
orders of Hy(z) and Fy(z) must be even. This means that h,(n) and f,(n) are each
nonzero for an even number of values, or each are nonzero for an odd number of
values.

9.4.2 Biorthogonal Wavelets: Multiresolution Structure

In this section we will introduce a multiresolution structure for biorthogonal wavelets,
a generalization of what we have done for orthogonal wavelets. Again there
will be striking parallels with the study of biorthogonal filter banks. We will
go through this material rapidly, because it is so similar to what we have already
presented.

Definition 35 Let {V; : -1,0,1,-- } be a sequence of subspaces of
L*[—o0,00] and ¢ € V4. Slmllarly, let {V Jj= —1,0,1,---} be a sequence
of subspaces of L?[—o0, oo] and $ € V. Thisis a blorthogonal multiresolution
analysis for L?[—oo, oo] provided the following conditions hold:

1. The subspaces are nested: V; C V;,; and V; C V1.
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2. The union of the subspaces generates L? :

.7_00 J=—00

3. Separation: N%2__V; = N2 V] = {0}, the subspace containing only

j=—00 J=—00

the zero function. (ThusL only the zero function is common to all subspaces
V;, or to all subspaces V;.)

4. Scale invariance: f(t) € V; <= f(2t) € Vjy1, and f(t) € V; <=
f(2t) € Vi

5. Shift invariance of 14 and Vor f(t) € Vo <= f(t—k) €V, for all integers
k,and f(t) € Vo <= f(t — k) € 1, for all integers k.

6. Biorthogonal bases: The set {¢(t — k) : k = 0,%1,---} is a Riesz basis
for Vy, the set {¢(t — k) : k = 0,+1,---} is a Riesz basis for V; and these
bases are biorthogonal:

< ok, Poe >= / k)p(t — £)dt = Os.

Now we have two scaling functions, the synthesizing function ¢(t), and the an-
alyzing function ¢(t). The V', W spaces are called the analysis multiresolution
and the spaces V, W are called the synthesis multiresolution.

In analogy with orthogonal multiresolution analysis we can introduce comple-
ments W; of V; in V44, and W; of V; in V.

Vi =V + W,

However, these will no longer be orthogonal complements. We start by construct-
ing a Riesz basis for the analysis wavelet space W;. Since V; C V4, the analyzing
function ng( ) must satisfy the analysis dilation equation

=2 Z ho(k)d(2t — k), (9.52)

where y
> hy(k) =
k

for compatibility with the requirement

/o:o o(t)dt = 1.

V= UV = L?[—00, ).



Similarly, since V C V3, the synthesis function ¢(¢) must satisfy the synthesis
dilation equation

=2 Z fo(k)p(2t — k), (9.53)
where
S folk) =1 (9.54)
for compatibility with the requireml:ent
/_ O:o $(t)dt = 1.

REMARK 1: There is a problem here. If the filter coefficients are derived from the
half band filter Py(z) = Hy(2)Fy(z) as in the previous section, then for low pass
filters we have 2 = P(1) = Hy(1)Fy(1) = [X, ho(k)][>Xs fo(k)], so we can’t
have Y, ho(k) = >, fo(k) = 1 simultaneously. To be definite we will always
choose the H, filter such that >, ho(k) = Zflo(k) = 1. Then we must replace
the expected synthesis dilation equations (9.53) and (9.54) by

Zfo B2t — k), (9.55)
where
> fo(k) =2 (9.56)
for compatibility with the requireml;nt
/_ o:o é(t)dt = 1

Since the f; filter coefficients are fixed multiples of the fll coefficients we will
also need to alter the analysis wavelet equation by a factor of 2 in order to obtain
the correct orthogonality conditions (and we have done this below).

REMARK 2: We introduced the modified analysis filter coefficients B,-(n) =
h;(¢—n) in order to adapt the biorthogonal filter identities to the identities needed
for wavelets, but we left the synthesis filter coefficients unchanged. We could just
as well have left the analysis filter coefficients unchanged and introduced modified
synthesis coefficients ?j(n) =f;({ —n).
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Associated with the analyzing function ¢(t) there must be an analyzing wavelet
w(t), with norm 1, and satisfying the analysis wavelet equation

2 b (k)b (2t — k), (9.57)

and such that « is orthogonal to all translations ¢(¢ — k) of the synthesis function.
Associated with the synthesis function ¢(t) there must be an synthesis wavelet
w(t), with norm 1, and satisfying the synthesis wavelet equation

=2 Zﬁ o2t — k), (9.58)
and such that w is orthogonal to all translations ¢ (¢ — k) of the analysis function.

Since w(t) L ¢(t — m) for all m, the vector h, satisfies double-shift orthogo-
nality with fy:

< Bt - Z hy (k)£ (k + 2m) = 0. (9.59)

The requirement that @ (¢) L w(t—m) for nonzero integer m leads to double-shift
orthogonality of h; to f;:

w(t —m), m(t) >= Y hy (k)£ (k — 2m) = Som- (9.60)

Since w(t) L ¢(t—m) for all m, the vector hy satisfies double-shift orthogonality
with f;:

w(t), p(t —m Zho )i (k + 2m) = 0. (9.61)

The requirement that ¢(¢) L ¢(t —m) for nonzero integer m leads to double-shift
orthogonality of hq to fy:

< (t), ¢ >=3 ho(K)fo(k — 2m) = Soum. (9.62)

Thus,
Wo = Span{w(t — k)}, Wy = Span{w(t —k)}, VoL Wy, VyL W,
Once w, w have been determined we can define functions
wik(t) = 28w(20t — k), dij(t) = 280(20¢ — k)
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7, k=0,£1,4+2,---,
and

Sin(t) = 256(27t — k), Giu(t) = 254(2t — k)
j:k :O,ﬂ:l,ﬂ:2,"',
It is easy to prove the biorthogonality result.
Lemma 48
< Wik, Wik > = Ojjr0prrs, < Pjk, Wiwy >=0 (9.63)
< Qjk, Qjpr > = O, < Wik, ik >=0,
where j, 5" k, k' =0,+1,---.

The dilation and wavelet equations extend to:

je =2 Zho — 20);414(2), (9.64)
Bje = Zfo 20)hj114(1), (9.65)
Wi = Zm —20)¢;114(2), (9.66)
wip = 2 Zfl — 20)pj414(2), (9.67)

Now we have 3 3
Vi =Span{¢;x}, Vj=Span{g;.},
W; = Span{w;x}, Wj = Span{w;;}, V;L Wj, IN/J 1 W;.
We can now get biorthogonal wavelet expansions for functions f € L2.

Theorem 75

Lz[—OO,OO]:‘/}+ZW]€:‘/}+Wj+Wj+1+---: ZWj’
k=j j=—o00
so that each f(t) € L?[—o0, oc] can be written uniquely in the form
f=fi+Y w,,  w, €Wy, fi €V (9.68)
k=j
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Similarly
L—00,00|=V; + Y Wi =V, + W+ Wi +---= Y W,

so that each f(t) € L?[—o0, co] can be written uniquely in the form
f=FH+Y 0 k€W f€V; (9.69)
k=j

We have a family of new biorthogonal bases for L?[—co, o], two for each
integer j:

{¢jkawj’k'; éjkawj'k’ : jI:jaj+1a"'a ikaiklzoala}

Let’s consider the space V; for fixed j. On the one hand we have the scaling
function basis

{(bj,k: : j:k:(),l,}
Then we can expand any f; € V; as

fi= Y akbik, Gk =< fi ik > (9.70)

k=—00

On the other hand we have the wavelets basis
{qu—l,ka Wi—1,k - :l:ka :l:k, = Oa 13 o }
associated with the direct sum decomposition
Vi=Wia+Via
Using this basis we can expand any f; € V; as

fi= Z ijl,k’wjfl,k"l‘ Z Qi1 kDj—1 ks (9.71)

k!'=—00 k=—o00

where

biik =< fj, Wj—1k >, Gj_1k =< fj, 0j—1k > -

There are exactly analogous expansions in terms of the ¢, @ basis.
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If we substitute the relations

Gi—1e=2> ho(k — 20)¢;(t), (9.72)

k
W 12—2111 k —20) ¢3k() (9.73)

into the expansion (9.70) and compare coefficients of ¢,, with the expansion
(9.71), we obtain the following fundamental recursions.

Theorem 76 Fast Wavelet Transform.

Averages(lowpass)  @j_10 = >, flo(n —2k)an (9.74)
Differences(highpass) b;_1x = 3 hy(n — 2k)ajp,. (9.75)

These equations link the wavelets with the biorthogonal filter bank. Let x(k) =
a;, be a discrete signal. The result of passing this signal through the ( time re-
versed) filter HZ and then downsampling is y (k) = (. 2)HZ * x(k) = @;_14,
where @;_  is given by (9.74). Similarly, the result of passing the signal through
the (time-reversed) filter H” and then downsampling is z(k) = (| 2)HT «x(k) =
bj 1k Where b; 1 is given by (9.75).

The picture is in Figure 9.2.

We can iterate this process by inputting the output a;_, 5, of the low pass filter
to the filter bank again to compute @;_ x, bk, €tc. At each stage we save the
wavelet coefficients Ej,k, and input the scaling coefficients a; for further pro-
cessing, see Figure 9.3,

The output of the final stage is the set of scaling coefficients aq,, assuming
that we stop at j = 0. Thus our final output is the complete set of coefficents for
the wavelet expansion

Jj=1 oo 0
=D D bpswik+ Y aoxdor,
§'=0 k=—00 k=—o0
based on the decomposition
Vi=W,ai+Wo+---+ Wi + Wy + W.

To derive the synthesis filter bank recursion we can substitute the inverse rela-
tion
655 = (Fols — 2h)¢j-1n + Fi(s — 2R)w; 1) , (9.76)
h
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Figure 9.2: Wavelet Recursion

into the expansion (9.71) and compare coefficients of ¢;_; ,, w;_1, with the
expansion (9.70) to obtain the inverse recursion.

Theorem 77 Inverse Fast Wavelet Transform.

Qjp = Z fO(g - 2]‘7)&]'71,19 + Zfl (f — 2147)51'71,19- (9.77)
k k

This is exactly the output of the synthesis filter bank shown in Figure 9.4.

Thus, for level j the full analysis and reconstruction picture is Figure 9.5.

For any f(t) € L?*[—oo, 0] the scaling and wavelets coefficients of f are
defined by

Gjp = <[y >= 22 / T 0627t — k)t (9.78)

-0

b = < [y = 292 /_°° FOD(27t — k)dt

9.4.3 Sufficient Conditions for Biorthogonal Multiresolution Anal-
ysis

We have seen that the coefficients h;, f; in the analysis and synthesis dilation and
wavelet equations must satisfy exactly the same double-shift orthogonality prop-
erties as those that come from biorthogonal filter banks. Now we will assume that
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we have coefficients h;, f; satisfying these double-shift orthogonality properties
and see if we can construct analysis and synthesis functions and wavelet functions
associated with a biorthogonal multiresolution analysis.

The construction will follow from the cascade algorithm, applied to functions
D (t) and ¢ (t) in parallel. We start from the box function ¢© () = ¢ )( ) on
[0, 1]. We apply the low pass filter F, recursively and with scaling, to the dD(t),
and the low pass filter Hy, recursively and with scaling, to the ¢()(¢). (For each
pass of the algorithm we rescale the iterate by multiplying it by 12 to preserve
normalization.)

Theorem 78 If the cascade algorithm converges uniformly in~L2 for both the
analysis and synthesis functions, then the limit functions ¢(¢), ¢ and associated
wavelets w(t), w(t) satisfy the orthogonality relations

< Wik, Witk >= 0510k, < Gjk, Pjrr >= O,
< Qi Wiy >=0, < Wik, Py >=0
where j, j', £k, +k" = 0.

PROOF: There are only three sets of identities to prove:

1. /OO St — )Gt — m)dt = S

—0o0

2, /°° 3t — n)d(t —m)dt = 0

-0

3, /°° w(t — )@t — m)dt = G-

—0o0

The rest are duals of these, or immediate.

1. We will use induction. If 1. is true for the functions ¢ (t), ¢ (t) we will
show that it is true for the functions ¢V (¢), p*1)(¢). Clearly it is true for

6O (t), 6 (t). Now
/ (- ) (- m)dt =< gV, G >

=< Z fO ¢1 2n+k? z hO 1 2m+£ >

= ZfO ) < ¢1 2n+k> ¢1 2mtl > = Zfo(k)}le(k —2(m —n)) = dum-
k

Smce the convergence is L?, these orthogonality relations are also valid in
the limit for ¢(2), (2).
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/ ¢ (¢ — )@ z+1)( m)dt ¢ z+1 z+1) S
=< Zfo 1 2n+k: Zhl m4e =
=zyumﬁw»<@mﬂﬂﬂ@H>:2z)ummw—ﬂm—n»=m
k

ke

because of the double-shift orthogonality of £, and h; .

3.
/ w D (t — n)b (”1)( —m)dt =< wi™, B >
k
because of the double-shift orthonormality of f; and h.
Q.E.D.

Theorem 79 Suppose the filter coefficients satisfy double-shift orthogonality con-
ditions (9.48), (9.49), (9.50) and (9.51), as well as the conditions of Theorem

55 for the matrices T = (| 2)2F,F, and T = ({ 2)21110111?, which guar-
antee L? convergence of the cascade algorithm. Then the synthesis functions
¢(t — k), w(t — k) are orthogonal to the analysis functions ¢(t — £), w(t — £),
and each scaling space is orthogonal to the dual wavelet space:

V; LW, W; LV (9.79)

Also B . .
Vit Wi=Vis, Vi Wy =V
where the direct sums are, in general, not orthogonal.

Corollary 23 The wavelets
wip =22w(20 — k), = 280(2 — k),
are biorthogonal bases for L2:

/ Wik (E) W () dt = 650 O - (9.80)

— 0
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A TOY (BUT VERY EXPLICIT) EXAMPLE: We will construct this example by
first showing that it is possible to associate a scaling function ®(t) the the identity
low pass filter Hy(w) = Hy(z) = 1. Of course, this really isn’t a low pass filter,
since Hy(m) # 0 in the frequency domain and the scaling function will not be a
function at all, but a distribution or “generalized function”. If we apply the cascade
algorithm construction to the identity filter Hy(w) = 1 in the frequency domain,
we easily obtain the Fourier transform of the scaling function as ¢(w) = 1. Since
¢(w) isn’t square integrable, there is no true function ¢(t). However there is a
distribution ¢(¢) = §(¢) with this transform. Distributions are linear functionals
on function classes, and are informally defined by the values of integrals of the
distribution with members of the function class.

Recall that f € L?[—o0, co] belongs to the Schwartz class if f is infinitely
differentiable everywhere, and there exist constants C,, , (depending on f) such

that |t 4~ f| < C,,, on R foreach n,q = 0,1,2, - - -. One of the pleasing features

of this space of functions is that f belongs to the class if and only if f belongs to
the class. We will define the distribution ¢(¢) by its action as a linear functional
on the Schwartz class. Consider the Parseval formula

™ oo = - [ dw)fw)a

—00 21 J -

where f belongs to the Schwartz class. We will define the integral on the left-hand
side of this expression by the integral on the right-hand side. Thus

" stwrman = [" bt = o [7 fw)do = 1(0)

—0o0 —00 —0o0

from the inverse Fourier transform. This functional is the Dirac Delta Function,
o(t) = (t). It picks out the value of the integrand at ¢ = 0.

We can use the standard change of variables formulas for integrals to see how
distributions transform under variable change. Since Hy(w) = 1 the correspond-
ing filter has hy(0) = 1 as its only nonzero coefficient. Thus the dilation equation
in the signal domain is ¢(t) = 2¢(2t). Let’s show that ¢(t0 = 6(¢) is a solution
of this equation. On one hand

" o= o [7 o) = 1(0)

—00 21 J 0o

for any function f(¢) in the Schwartz class. On the other hand (for 7 = 2t)

| 2ee0swd= [~ o)

- —00
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since g(7) = f(%) belongs to the Schwartz class. The the distributions §(z) and
24(2t) are the same.

Now we proceed with our example and consider the biorthogonal scaling func-
tions and wavelets determined by the biorthogonal filters

Hi(z) == —2""4+ 2272, Fi(z) =-1.
The low pass analysis and synthesis filters are related to the half band filter P, by
Py(z) = Hy(2)Fy(2), where Py(1) = 2, Py(z) — Py(—2) = 2z7*

and Z is the delay. Then alias cancellation gives H;(z) = Fy(—=2), Fi(z) =
—Hy(-2), s0
1,1,
Hi(z)==-—2"7"+=-2"7 Fi(z) = -1,
2 2
and we find that Py(z) = 3 + 27" + 3272, 50 = 1.

To pass from the biorthogonal filters to coefficient identities needed for the
construction of wavelets we have to modify the filter coefficients. In the notes
above | modified the analysis coefficients to obtain new coefficients Bj(n) =
h;(¢ —n), j = 0,1, and left the synthesis coefficients as they are. Since the
choice of what is an analysis filter and what is a synthesis filter is arbitrary, |
could just as well have modified the synthesis coefficients to obtain new coeffi-
cients f;(n) = f;(¢ — n), j = 0,1, and left the analysis coefficients unchanged. In
this problem it is important that one of the low pass filters be Hy(z) = 1 (so that
the delta function is the scaling function). If we want to call that an analysis filter,
then we have to modify the synthesis coefficients.

Thus the nonzero analysis coefficients are

1 1
(ho(0)) = (1) and (hi(0), (1), hi(2)) = (5, -1, 5)-
The nonzero synthesis coefficients are
1 1

(0) = (-1)  and (B(0), B(1), 6(2)) = (5, 1,5)
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Smce f; ( ) =f;({ —n) = £;(1 —n) for j = 0,1 we have nonzero components
(fo(—1), £ ( )s ?( )) = (3,1,3) and (fl( )) = (—1), so the modified synthesis
filtersare Fy(2) = 12+ 1+ 327", and Fy(2) = —2 7.

The analysis dilation equation is ¢(t) = 2¢(2t) with solution ¢(t) = 4(t), the
Dirac delta function.
The synthesis dilation equation should be

Zfo o(2t — k),

or
B(1) = S6(21+1) + 9(21) + 1 6(2% — 1)

It is straightforward to show that the hat function (centered at ¢ = 0)

1+t -1<t<0
pt)=¢ 1—t 0<t<l1
0 otherwise

is the proper solution to this equation.
The analysis wavelet equation is

Zhl o2t — k),

or
(1) = 38(21) — 32t — 1) + 332t ~2)

The synthesis wavelet equation is
_22f1 d(2t — k).  orw(t) = —2¢(2t —1).
Now it is easy to verify explicitly the biorthogonality conditions

/ S(1)B(t — k)dt = / w(t)d(t — k)dt = o(k),

/¢ Wt -k dt—/q§ —0.
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9.4.4 Splines

A spline f(t) of order N on the grid of integers is a piecewise polynomial
fit) = aoy +a;(t —5) +-an;(t =), <<+,

such that the pieces fit together smoothly at the gridpoints:

£G) = Fi10), £1G) = Fioa )y, £V G) = £ATPG), G =0,41, -

Thus f(t) has N — 1 continuous derivatives for all ¢. The Nth derivative exists
for all noninteger ¢ and for ¢ = j the right and left hand derivatives f()(j +
0), f™M(j — 0) exist. Furthermore, we assume that a spline has compact support.
Splines are widely used for approximation of functions by interpolation. That is,
if F'(t) is a function taking values F'(j) at the gridpoints, one approximates F' by
an N-spline f that takes the same values at the gridpoints: f(j) = F(j), for all ;.
Then by subdividing the grid (but keeping NV fixed) one can show that these N-
spline approximations get better and better for sufficiently smooth F'. The most
commonly used splines are the cubic splines, where N = 3.

Splines have a close relationship with wavelet theory. Usually the wavelets are
biorthogonal, rather than orthogonal, and one set of N-splines can be associated
with several sets of biorthogonal wavelets. We will look at a few of these con-
nections as they relate to multiresolution analysis. We take our low pass space Vj
to consist of the N — 1-splines on unit intervals and with compact support. The
space V7 will then contain the N — 1-splines on half-intervals, etc. We will find a
basis ¢(t — k) for V4 (but usually not an ON basis).

We have already seen examples of splines for the simplest cases. The 0-splines
are piecewise constant on unit intervals. This is just the case of Haar wavelets. The
scaling function ¢y (%) is just the box function

1, 0<t<1
dolt) = B(t) = { 0, otherwise
Here, ¢o(w) = B(t) = (1 — e ™), essentially the sinc function. Here the set

¢(t — k) is an ON basis for V}.

The 1-spines are continuous piecewise linear functions. The functions f(¢) €
V, are determined by their values f(k) at the integer points, and are linear between
each pair of values:

F@O) =[flk+1) = f(R)|(t — k) + f(k) fork <t<k+1.
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The scaling function ¢, is the hat function. The hat function H (¢) is the continu-
ous piecewise linear function whose values on the integers are H (k) = d, i.e.,
H(1) = 1and H (t) is zero on the other integers. The support of H(t) is the open
interval —0 < ¢ < 2. Furthermore, H(t) = ¢1(t) = (B * B)(t), i.e., the hat
function is the convolution of two box functions. Moreover, ¢, (w) = B2(t) =

(+)2(1 — e~™)2 Note that if f € V;, then we can write it uniquely in the form

f@)=>_fk)H(t—k+1).

All multiresolution analysis conditions are satisfied, except for the ON basis re-
quirement. The integer translates of the hat function do define a Riesz basis for
Vo (though we haven’t completely proved it yet) but it isn’t ON because the inner
product (H(t), H(t — 1)) # 0. A scaling function does exist whose integer trans-
lates form an ON basis, but its support isn’t compact. It is usually simpler to stick
with the nonorthogonal basis, but embed it into a biorthogonal multiresolution
structure, as we shall see.

Based on our two examples, it is reasonable to guess that an appropriate scal-
ing function for the space V;, of N — 1-splines is
dn-1(t) = (B*xBx---xB)(t) N times, QASN_l(w) = EN(t) = (L)N(l—e’i‘*’)N.

(9.81)

This special spline is called a B-spline, where the B stands for basis.

Let’s study the properties of the B-spline. First recall the definition of the
convolution:

o0

frg®) = [ ft-a)g@dz= [ f@g(t- ).

—0o0

If f = B, the box function, then
1

Bxg(t) = ./ttl g(x)dx = /0 g(t — x)dx.

Now note that ¢ 5 () = B * ¢y _1(1), SO

t
on(t) = / pn_1(z)dz. (9.82)
t—1
Using the fundamental theorem of calculus and differentiating, we find
Pn(t) = dn-1(t) — dn 1t = 1). (9.83)

Now ¢ (%) is piecewise constant, has support in the interval [0, 1) and discontinu-
itieslatt=0and —latt = 1.
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Theorem 80 The function ¢ (¢) has the following properties:
1. Itis aspline, i.e., it is piecewise polynomial of order N.
2. The support of ¢ (¢) is contained in the interval [0, N + 1).

3. The jumps in the Nth derivative at¢ = 0,1,---, N + 1 are the alternating

binomial coefficients (—1)* ( JZ )
PROOF: By induction on N. We observe that the theorem is true for N = 0.
Assume that it holds for N = M — 1. Since ¢, 1(t) is piecewise polynomial
of order M — 1 and with support in [0, M), it follows from (9.82) that ¢, (%)
is piecewise polynomial of order M and with support in [0, M + 1). Denote by
[0 ()] = 600 (+0)— " (j—0) the jump in ¢\ (¢) at t = j. Differentiating
(9.83) M — 1 times for N = M, we find

B3 ()] = 6% ()] = 68 V(- 1)
forj =0,1,--- M + 1 where

w%%n=@w<Mfl)—FW*(7:f>

J

S (=1 (M —1)!
= (-1) (j!(M—j— 1)! + (j — 1)!(M—j)!>

= (M Dy e (V).
Q.E.D.

Normally we start with a low pass filter H with finite impulse response vector
h(n) and determine the scaling function via the dilation equation and the cas-
cade algorithm. Here we have a different problem. We have a candidate B-spline
scaling function ¢, _1(¢) with Fourier transform

2 1 N —iw\N
Lw) = ()N —e )N,
Pn-1(w) (iw) (1—e™™)
What is the associated low pass filter function H(w)? The dilation equation in the
Fourier domain is

dn-1(w) = H(5)on1(5):



Thus

1N __—iw\N _ ¥ L \n __—iw/2\N
Solving for H(w/2) and rescaling, we find
—iw\ N
Hw) = <1 = )

or

H(z) = (1 +2z—1>N.

This is as nice a low pass filter as you could ever expect. All of its zeros are at
—1! We see that the finite impulse response vector h(n) = 5 ( ]T\L[ ) so that the

dilation equation for a spline is

Y (N
pn_i(t) =27 ( ) dn_1(2t — k). (9.84)
k=0 n

For convenience we list some additional properties of B-splines. The first two
properties follow directly from the fact that they are scaling functions, but we give
direct proofs anyway.

Lemma 49 The B-spline ¢y (¢) has the properties:
1. % on(t)dt = 1.
2. Ypon(t+k)=1.
3. dn(t) =dn(N+1—1t),for N=1,2,---.
4. Let

1, t>k
Xi(t) = { 0, otherwise.

on(t) = St ( A ) (—1)'@%9@@) for N =1,2,---.

5. ¢ (t) > 0.
6. a(k) = /% on (D) on(t + k)dt = oy (N + K+ 1).
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PROOF:

L [, dn(t)dt = dn(0) = 1.
2. t+k %)
;¢N(t + k) = ;/H-kl ¢N_1($)d$ = /oo ¢N_1(t)dt =1.

3. Use induction on N. The statement is obviously true for N = 1. Assume it
holds for N = M — 1. Then

M+1—-t

du(M+1—1) = / brr—1(z)dr = /;1 drr—1 (M — u)du

M-t

= /tt1 Orr—1(u)du = Pu(t)

4. From the 3rd property in the preceding theorem, we have

N+1

N N+1

Wo=3 (Y7 ot
k=0

Integrating this equation with respect to ¢, from —oo to ¢, N times, we

obtain the desired result.

5. Follows easily, by induction on N.

6. The Fourier transform of ¢y (t) is ¢n(w) = @) ' (w) = (52)VH(1 —

e~)N+1 and the Fourier transform of ¢y (¢ + k) is e*“¢y(w). Thus the
Plancherel formula gives

o

/O:o On(t)on(t + k)dt = 27r/ |€Z,N(w)|2€ikwdw _

- —00

o 1 —iw % w
o /_w(%)mﬂ(l L TR Nk gy — g (N K+ 1),
Q.E.D.

An N-spline f(t) in Vj is uniquely determined by the values f(j) it takes at
the integer gridpoints. (Similarly, functions f(t) in V;; are uniquely determined
by the values f(k/27) for integer &.)
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Lemma 50 Let f, f € V; be N-splines such that f(j) = f(5) for all integers ;.
Then f(t) = f(¢).

PROOF: Let g(t) = f(t) — f(t). Then g € V; and g(j) = 0 for all integers ;.
Since g € V,, it has compact support. If g is not identically 0, then there is a least
integer J such that g; # 0. Here

gJ(t) :ao,j+a1,j(t—J)+"'+GN,J(t—J)N, JStS J+1

However, since g,_1(t) = 0 and since

9:(J) = gr1 (D), 05(J) = g1 (), -+, g5 V() = 5TV (),

we have g;(t) = ays(t — J)N. However g;(J + 1) = 0, s0 ay,; = 0 and
gs(t) = 0, a contradiction. Thus ¢(¢) = 0. Q.E.D.

Now let’s focus on the case N = 3. For cubic splines the finite impulse re-
sponse vector is h(n) = 5(1,4,6,4,1) whereas the cubic B-spline ¢;(¢) has
jumps 1, —4, 6, —4, 1 in its 3rd derivative at the gridpoints ¢t = 0, 1, 2, 3, 4, respec-
tively. The support of ¢5(¢) is contained in the interval [0, 4), and from the second
lemma above it follows easily that ¢5(0) = ¢3(4) = 0, ¢5(1) = ¢5(3) = 1/6.
Since the sum of the values at the integer gridpoints is 1, we must have ¢3(2) =
4/6. We can verify these values directly from the fourth property of the preceding
lemma.

We will show directly, i.e., without using wavelet theory, that the integer trans-
lates ¢3(t — k) form a basis for the resolution space V4 in the case N = 3.
This means that any f(¢) € V; can be expanded uniquely in the form f(t) =
>k s(k)ps(t — k) for expansion coefficients s(k) and all ¢. Note that for fixed ¢,
at most 4 terms on the right-hand side of this expression are nonzero. According
to the previous lemma, if the right-hand sum agrees with f(¢) at the integer grid-
points then it agrees everywhere. Thus it is sufficient to show that given the input
f(j) = f(4) we can always solve the equation

fG)=>_sk)ps(j—Fk),  j=0,%1,-- (9.85)

k

for the vector s(k) = s(k), £ = 0,+1,---. We can write (9.85) as a convolution
equation f = b x s where

b = (b(0), b(1),b(2),b(3), b(4)) = (0,
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We need to invert this equation and solve for s in terms of f. Let B be the FIR
filter with impulse response vector b. Passing to the frequency domain, we see
that (9.85) takes the form

F(w)=BW)Sw), F(w)=>3 f(j)e ™, Sw)=7 s(k)e™,

J k

—iw — 24w
Bw) = Yb(j)e 7 = T (1+4e ™ + ) =
J

(2+ cosw).

Note that B(w) is bounded away from zero for all w, hence B is invertible and has
a bounded inverse B! with

B_1( )_ 3e2iw _ 662iw
YT S fcosw 2+V3)(1+[2—V3lew)(1+ [2 - V3]e ™)
= — /3% e — L =Y c(n)e™
=8 <1+[2—\/§]eiw 1+[2—\/5]€‘i‘”> ; "
where _ [ VRV ifn>3
o= { V32 + VB (1) ifn < 2.
Thus,

s=cxf or s(k)= Zc(k — NHEQ)-

Note that B! is an infinite impulse response (IIR) filter.

The integer translates ¢ (¢ — k) of the B-splines form a Riesz basis of 1} for
each N. To see this we note from Section 8.1 that it is sufficient to show that the
infinite matrix of inner products

Ay = /o:o on(t —i)on(t — j)dt = /o:o dn()on(t+i—j)dt = a(i — §)

has positive eigenvalues, bounded away from zero. We have studied matrices of
this type many times. Here, A is a Toeplitz matrix with associated impulse vector
a(k) The action of A on a column vector x, y = Ax, is given by the convolution
y(n) = axx(n). In frequency space the action of A is given by multiplication by
the function

Aw) =Y ak)e™ = 3 1du(w + 27n)P.

k n=—0o0
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Now Npl
4sin?(2)
2 2) . (9.86)

o (w + 2mn)|* = <m

On the other hand, from (49) we have

Aw) =" dan1(N+k+1)e ™ = on 1 (N+1)4+2 D dony1 (N+k+1) cos(kw).
k

k>0

Since all of the inner products are nonnegative, and their sum is 1, the maximum
value of A(w), hence the norm of A, is A(0) = B = 1. Itis now evident from
(9.86) that A(w) is bounded away from zero for every N.(Indeed the term (9.86)
alone, with n = 0, is bounded away from zero on the interval [—7, 7].) Hence the
translates always form a Riesz basis.

We can say more. Computing A’(w) by differentiating term-by-term, we find

Aw)==2> ¢ont1(N + k + 1)ksin(kw).

k>0

Thus, A(w) has a critical pointat w = 0 and atw = 7. Clearly, there is an absolute
maximum at w = 0. It can be shown that there is an absolute minimum at w = 7.
Thus Amin = Ek: ¢2N+1(N +k+ 1)(—1)k

Although the B-spline scaling function integer translates don’t form an ON
basis, they (along with any other Riesz basis of translates) can be “orthogonalized”
by a simple construction in the frequency domain. Recall that the necessary and
sufficient condition for the translates ¢(¢ — k) of a scaling function to be an ON
basis for Vj is that

Alw)= > |p(w + 27mn) > = 1.
In general this doesn’t hold for a Riesz basis. However, for a Riesz basis, we have
|A(w)| > 0 for all w. Indeed, in the B-spline case we have that | A(w)| is bounded

away from zero. Thus, we can define a modified scaling function ¢ (¢) by

N (w) O (w)

AW) T bl + 27m) 2

> ¢
On(w) =
(w) \/|

so that ¢y () is square integrable and f~1~(w) = 1. If we carry this out for the
B-splines we get ON scaling functions ¢y (¢t — k) and wavelets, but with infi-
nite support in the time domain. Indeed, from the explicit formulas that we have
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derived for A(w) we can expand 1/4/|A(w)| in a Fourier series

1 — tkw
\/m = kgoo exe
so that A -
dyvw)= > exe™hn(w),
or k:w
on(t) = kz exdn(t — k).

This expresses the scaling function generating an ON basis as a convolution of
translates of the B-spline. Of course, the new scaling function does not have
compact support.

Usually however, the B-spline scaling function ¢ () is embedded in a family
of biorthogonal wavelets. There is no unique way to do this. A natural choice

is to have the B-spline as the scaling function associated with the synthesis filter
—1\N+1
Fy Since Py(z) = Hy(z)Fy(z), the half band filter P, must admit (”%) !

as a factor, to produce the B-spline. If we take the half band filter to be one

from the Daubechies (maxflat) class then the factor Hy(z) must be of the form
~1\2p—N-1 .
(%) P Q2p—2(z). We must then have 2p > N + 1 so that H, will have
a zero at z = —1. The smallest choice of p may not be appropriate, because
Condition E for a stable basis and convergence of the cascade algorithm, and the
Riesz basis condition for the integer translates of the analysis scaling function may

not be satisfied. For the cubic B-spline, a choice that works is

Fif) = (1“1)4, () = (1“1)4@6(@,

2 2

i.e., p = 4. This 11/5 filter bank corresponds to Daubechies Dg (which would be
8/8). The analysis scaling function is not a spline.

9.5 Generalizations of Filter Banks and Wavelets

In this section we take a brief look at some extensions of the theory of filter banks
and of wavelets. In one case we replace the integer 2 by the integer M, and in the
other we extend scalars to vectors. These are, most definitely, topics of current
research.
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9.5.1 M Channel Filter Banks and M Band Wavelets

Although 2 channel filter banks are the norm, M channel filter banks with A7 > 2
are common. There are M analysis filters and the output from each is downsam-
pled (J M) to retain only 1/A th the information. For perfect reconstruction,
the downsampled output from each of the M analysis filters is upsampled (1 M),
passed through a synthesis filter, and then the outputs from the M synthesis filters
are added to produce the original signal, with a delay. The picture, viewed from
the z-transform domain is that of Figure 9.6.
We need to define | M and 1 M.

Lemma 51 In the time domain, y = (| M)x has components y(n) = x(Mn).
In the frequency domain this is

V()= - [x() ¢ x(EE2T) Ly ML)

The z-transform is

v _iM_lx /M _2mik/M
()= o 3 X(MMeEmntir

Lemma 52 In the time domain, x = (1 M)y has components

£ . o e
x(k) = { y(57), if M divides k

0, otherwise
In the frequency domain this is
X(w)=Y(Mw).
The z-transform is
X(2) =Y (M).

The z-transform of u = ({ M)(1+ M)x is

1 M-1

U(z) = N ;; X (ze?mik/M)

Note that (1 M)(J M) is the identity operator, whereas (| M)(1 M)x leaves
every Mth element of x unchanged and replaces the rest by zeros.
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LHy () LM = o M HFui(z)

Figure 9.6: M-channel filter bank
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The operator condition for perfect reconstruction with delay 7 is
M-1
Y Fi(t2)({2)H; =8
j=0

where S is the shift. If we apply the operators on both sides of this requirement to
asignal x = {x(n)} and take the z-transform, we find

1 M-—1 M-1
— > Fi(2) Y0 Hi(zW*)X (eW*)
M =0 k=0
=2 *X(2), (9.87)

where X (z) is the z-transform of x, and W = e 2m/M_ The coefficients of
X (zWk) for 1 < k < M — 1 on the left-hand side of this equation are alias-
ing terms, due to the downsampling and upsampling. For perfect reconstruction
of a general signal X (z) these coefficients must vanish. Thus we have

Theorem 81 An M channel filter bank gives perfect reconstruction when

M-1
No distortion : Y Fj(2)H;(z) = Mz™* (9.88)
§=0
M-1
Alias cancellation : Y F;(2)H;(:W*) =0, k=1,---M -1 (9.89)
§=0
In matrix form this reads
F()(Z) H()(Z) Hl(Z) s HMfl(Z) ]\4'2_Z
FM—I(Z) HQ(ZWMﬁl) Hl (ZWMil) s HM_l(ZWMil) 0

where the M x M matrix is the analysis modulation matrix H,,(z). In the case
M = 2 we could find a simple solution of the alias cancellation requirements
(9.89) by defining the synthesis filters in terms of the analysis filters. However,
this is not possible for general M and the design of these filter banks is more
complicated. See Chapter 9 of Strang and Nguyen for more details.
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Associated with M channel filter banks are M-band filters. The dilation and
wavelet equations are

do(t) = M S hy(k)p(Mt — k),  £=0,1,---, M —1.
k

Here h,(k) is the finite impulse response vector of the FIR filter H,. Usually £ = 0
is the dilation equation (for the scaling function ¢¢(t) and £ = 1,---, M — 1 are
wavelet equations for M — 1 wavelets ¢,(t), £ = 1,---, M — 1. In the frequency
domain the equations become

e(w) :H(M)@(M)a £=0,1,---,M — 1,
and the iteration limit is
~ o0 w ~
do(w) = krz[l (H(W)) 3e0),  £=0,1,---, M —1,

assuming that the limit exists and ¢,(0) is well defined. For more information
about these M -band wavelets and the associated multiresolution structure, see the
book by Burrus, Gopinath and Rao.

9.5.2 Multifilters and Multiwavelets

Next we go back to filters corresponding to the case M = 2, but now we let
the input vector x be an r x oo input matrix. Thus each component x(n) is
an r-vector x;(n), j = 1,---,r. Instead of analysis filters H,, H; we have
analysis multifilters Hy, H;, each of which is an r x r matrix of filters, e.g.,
HY®,  j k = 1,---r. Similarly we have synthesis multifilters Fy, F;, each
of which isan r x r matrix of filters.

Formally, part of the theory looks very similar to the scalar case. Thus the
z-transform of a multifilter H is H(z) = Y, h(k)z % where h(k) is the r x r
matrix of filter coefficients. In fact we have the following theorem (with the same
proof).

Theorem 82 A multifilter gives perfect reconstruction when
No distortion : Fy(2)Hg(2) + F1(2)H,(2) = 22 ‘1 (9.90)

Alias cancellation : Fo(z)Hy(—2) + F1(2)Hy(—2) = 0. (9.91)
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Here, all of the matrices are  x r. We can no longer give a simple solution to the
alias cancellation equation, because r x r matrices do not, in general, commute.
There is a corresponding theory of multiwavelets. The dilation equation is

®(t) =23 ho(k)®(2t — k),

where ®,(¢), j =1,---,risa vector of r scaling functions. the wavelet equa-
tion is
w(t) =2> hi(k)w(2t — k),
k

where w;(t), j=1,---,r isavector of  wavelets.

A simple example of a multiresolution analysis is “Haar’s hat”. Here the space
Vo consists of piecewise linear (discontinuous) functions. Each such function is
linear between integer gridpoints t; = j and right continuous at the gridpoints:
f(G) = f(7 +0). However, in general f(j) # f(j — 0). Each such function
is uniquely determined by the 2-component input vector (f(j), f(7 +1—0)) =
(aj,bj), 7 = 0,£1,---. Indeed, f(t) = (b; —a;)(t —j) +a;forj <t <j+1.
We can write this representation as

bj—i-aj
2

b —
oi(t —j) + -2 2%

ft) = ¢t —j), J<t<j+1

where ”J%L is the average of f in the interval j < ¢ < j + 1and b; — a; is the
slope. Here,

1 0<t«l1 _J2t-1 0<t<1
o1(t) = { 0 otherwise $a(t) = { 0 otherwise.

Note that ¢, (%) is just the box function. Note further that the integer translates of
the two scaling functions ¢, (¢ + k), ¢(t + £) are mutually orthogonal and form
an ON basis for V,. The same construction goes over if we halve the interval. The
dilation equation for the box function is (as usual)

B1(t) = ¢1(2t) + p (2t — 1).

You can verify that the dilation equation for ¢»(¢) is

bolt) = % (62(28) + do(2t — 1) — b1(28) + 1(2t — 1)].
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They go together in the matrix dilation equation

¢1(t) L, 0] ¢:1(2¢) 1, 0] ¢u(2t—1)
= . 9.92
l%(t) Lot e | T UL L] de2e-1) (992)
See Chapter 9 of Strang and Nguyan, and the book by Burrus, Gopinath and Guo
for more details.

9.6 Finite Length Signals

In our previous study of discrete signals in the time domain we have usually as-
sumed that these signals were of infinite length, an we have designed filters and
passed to the treatment of wavelets with this in mind. This is a good assumption
for files of indefinite length such as audio files. However, some files (in particular
video files) have a fixed length L. How do we modify the theory, and the design
of filter banks, to process signals of fixed finite length L? We give a very brief
discussion of this. Many more details are found in the text of Strang and Nguyen.

Here is the basic problem. The input to our filter bank is the finite signal
x(0), - -x(L — 1), and nothing more. What do we do when the filters call for
values X(n) where n lies outside that range? There are two basic approaches.
One is to redesign the filters (so called boundary filters) to process only blocks of
length L. We shall not treat this approach in these notes. The other is to embed the
signal of length L as part of an infinite signal (in which no additional information
is transmitted) and to process the extended signal in the usual way. Here are some
of the possibilities:

1. Zero-padding, or constant-padding. Set x(n) = cforalln < 0orn > L.
Here c is a constant, usually 0. If the signal is a sampling of a continuous
function, then zero-padding ordinarily introduces a discontinuity.

2. Extension by periodicity (wraparound). We require x(n) = x(m) if n =
m, mod L, i.e.,x(n) =x(k) fork =0,1,---, L—1ifn = aL+k for some
integer a. Again this ordinarily introduces a discontinuity. However, Strang
and Nguyen produce some images to show that wraparound is ordinarily
superior to zero-padding for image quality, particularly if the image data is
nearly periodic at the boundary.

3. Extension by reflection. There are two principle ways this is done. The
first is called whole-point symmetry, or W. We are given the finite signal

281



x(0),---x(L — 1). To extend it we reflect at position 0. Thus, we define
x(—1) = x(1 ) x(—2) = x(2),---,x(— [L — 2]) = x(L — 2). This defines
x(n) inthe 2L — 2 stripn = —L +2,---,L — 1. Note that the values
of x(0 ) and x(L — 1) each occur once in thls strip, whereas the values of

x(1),--,x(L — 2) each occur twice. Now x(n) is defined for general n
by 2L — 2 perlodicity. Thus whole-point symmetry is a special case of
wraparound, but the periodicity is 2L — 2, not L. This is sometimes referred
to as a (1,1) extension, since neither endpoint is repeated.

e The second symmetric extension method is called half-point symme-
try, or H. We are given the finite signal x(0), - - - x(L — 1). To extend
it we reflect at position —%, halfway between 0 and —1. Thus, we
define x(—1) = x(0),x(-2) = x(1),---,x(=L) = x(L — 1). This
defines x(n) in the 2L stripn = —L,---, L — 1. Note that the values
of x(0) and x(L — 1) each occur twice in this strip, as do the val-
ues of x(1),---,x(L — 2). Now x(n) is defined for general n by 2L
periodicity. Thus H is again a special case of wraparound, but the pe-
riodicity is 2L, not L, or 2L — 2. This is sometimes referred to as a
(2,2) extension, since both endpoints are repeated.

Strang and Nguyen produce some images to show that symmetric extension
is modestly superior to wraparound for image quality. If the data is a sam-
pling of a differentiable function, symmetric extension maintains continuity
at the boundary, but introduces a discontinuity in the first derivative.

9.6.1 Circulant Matrices

All of the methods for treating finite length signals of length L introduced in
the previous section involve extending the signal as infinite and periodic. For
wraparound, the period is L; for whole-point symmetry W the period is 2L —2; for
half-point symmetry H it is 2L. To take advantage of this structure we modify the
definitions of the filters so that they exhibit this same periodicity. We will adopt
the notation of Strang and Nguyen and call this period L, (with the understanding
that this number is the period of the underlying data: L, 2L — 2 or 2L). Then
the data can be considered as as a repeating L-tuple and the filters map repeating
L-tuples to repeating L-tuples. Thus for passage from the time domain to the
frequency domain, we are, in effect, using the discrete Fourier transform (DFT),
base L.
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For infinite signals the matrices of FIR filters H are Toeplitz, the filter action
is given by convolution, and this action is diagonalized in the frequency domain as
multiplication by the Fourier transform of the finite impulse response vector of H.
There are perfect L x L analogies for Toeplitz matrices. These are the circulant
matrices. Thus, the infinite signal in the time domain becomes an L-periodic
signal, the filter action by Toeplitz matrices becomes action by L x L circulant
matrices and the finite Fourier transform to the frequency domain becomes the
DFT, base L. Implicitly, we have worked out most of the mathematics of this
action in Chapter 5. We recall some of this material to link with the notation of
Strang and Nguyen and the concepts of filter bank theory.

Recall that the infinite matrix FIR filter H can be expressed in the form H =

~_o h(k)S* where h(n) is the impulse response vector and S is the infinite shift
matrix Sx(n) = x(n — 1). If N < L we can define the action of H (on data
consisting of repeating L-tuples) by restriction. Thus the shift matrix becomes the
L x L cyclic permutation matrix S;, defined by S;x(n) = x(n — 1), mod L.
For example:

000 17T x(0) x(3)
S x — 1000 x(1) | _ | x(0)
=101 00| x@ || x)
0010 x(3) x(2)

The matrix action of H on repeating L-tuples becomes

This is an instance of a circulant matrix.

Definition 36 An L x L matrix A is called a circulant if all of its diagonals (main,
sub and super) are constant and the indices are interpreted mod L. Thus, there is
an L-vector vector a(k) such that Ay = a(¢ — k) mod L.

Example 12

St W N~
W N = Ot
N — Ot W
— Ot W N
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Recall that the column vector

is the Discrete Fourier transform (DFT) of x = {x[n|, n =0,1,---, L — 1} ifit
is given by the matrix equation X = Fx or

X[l] 1 w u)2 e wal X[l]
X[2] -1 w? wh e QALY X[2]
X[L.— 1] 1 wL'ﬂ CL)2(i71) w(Lfl.)(L—l) XL - 1
(9.93)
where w = W = e~27/L_Thus,
L1 o .
X[k] = i(k) = Z x[n]W" — Z X[n]e—Zmnk/L.

n=0 n=0

Here F; = Fy isan L x L matrix. The inverse relation is the matrix equation
x=F;'Xor

x[0] 1 1 1 1 X10]
x[1] 1 @ 0 e @bt X[1]
x2 |=1|1 & & ... e X[2]
. L . . . . . . ’
x[L - 1] | @kl @@y .. gy |\ XL -1
(9.94)
or
1 L—-1 1 L—1 ]
X[n] _ Z X[k]Wnk — Z X[k]eank/L,
L k=0 L k=0

where F~' = 1Fpand W = w = e /L W =5 = w™! = /L,
Note that .
FF =L  F, = F

For x,y € P, (the space of repeating L-tuples) we define the convolution

X *xy € Pr by
-1

x*xy[n| =z[n] = Y x[mly[n — m].

m=0
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Then Z[k] = X[k]Y [k]. )
Now note that the DFT of S}'x[m] is ST x[k] where
L—-1

S%X ]{I] Z S 727rz'mk/L — Z x[m . n]efQﬂ'imk/L

m=0

L—-1
= W™ S x[m]e 2"k — W X (k] = W*k[k].

m=0

Thus,

H,x[k] = <éh sgx> :(ih@)W"’“) %[k]

— h[k]x[].

In matrix notation, this reads
I:ILX =F,H;x=DyF,x
where Dy is the L x L diagonal matrix
(Di)jx = B[k]j.
Since x is arbitrary we have F,H;, = Dy F, or
Dy =F;'H,F;.

This is the exact analog of the convolution theorem for Toeplitz matrices in fre-
quency space. It says that circulant matrices are diagonal in the DFT frequency
space, with diagonal elements that are the DFT of the impulse response vector h.

9.6.2 Symmetric Extension for Symmetric Filters

As Strang and Nguyen show, symmetric extension of signals is usually superior
to wraparound alone, because it avoids introducing jumps in samplings of contin-
uous signals.

However, symmetric extension, either W or H, introduces some new issues.
Our original input is L numbers x(0), - - -, x(L — 1). We extend the signal x, by
W to get a 2(L — 1)-periodic signal, or by H to get a 2L-periodic signal. Then
we filter the extended signal Ex by a low pass filter H, and, separately, by a high
pass filter H;, each with filter length N < L. Following this we downsample
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1 2 the outputs from the analysis filters. The outputs from each downsampled
analysis filter will contain either L. — 1 elements (W) or L elements (H). From
this collection of 2(L — 1) or 2L downsampled elements we must be able to find
a restricted subset of L independent elements, from which we can reconstruct the
original input of L numbers via the synthesis filters.

An important strategy to make this work is to assure that the downsampled
signals (| 2)HEx are symmetric so that about half of the elements are obviously
redundant. Then the selection of L independent elements (about half from the low
pass downsampled output and about half from the high pass downsampled output)
becomes much easier. The following is a successful strategy. We choose the filters
H to be symmetric, i.e., h(N — n) = h(n).

Definition 37 If H is a symmetric FIR filter and N is even, so that the impulse
response vector h has odd length, then H is called a W filter. It is symmetric
about its midpoint N/2 and h(NN/2) occurs only once. If N is odd, then H is
called an H filter. It is symmetric about /2, a gap midway between two repeated
coefficients.

Lemma 53 If H isa W filter and Ex is a W extension of x, theny = HEx is a
W extension and ({ 2)y is symmetric. Similarly, if H is an H filter and Ex isa H
extension of x, then y = HEx is a W extension and (| 2)y is symmetric.

PROOF: Suppose H is a W filter and Ex is a W extension of x. Thus h(N —
n) = h(n) where N is even, and x(m) = x(—m) with x(m + L) = x(m) for
L=2(L-1).Nowsety(n) =3,,h(n —m)x(m). We have
y(N —=m) =Y h(N —n—m)x(m)=>Y_h(n+m)x(m)
=Y h(n—m)x(-m) =>_h(n — m)x(m) = y(n).
Also,

Then (4 2)y(k) = y(2k) so
12y~ k) = y(V - 2k) = y(2k) = (1 2)y (k).
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Similarly, suppose H is a H filter and Ex is a H extension of x. Thus h(N —
n) = h(n) where N is odd, and x(m) = x(—m — 1) with x(m + L) = x(m) for

L =2L. Nowsety(n) =3, h(n — m)x(m). We have

y(N —=m)=> h(N —n—m)x(m)=>_ h(n+m)x(m)

= Zh(" —m)x(—m) = Zh(n —m)x(m—1)=y(n—1).

Also,

y(N+1) =Y h(n+L—m)x(m) = h(n—[m— L])x(m)

m

3

= " h(n— K)x(k+ L) = Y h(n — K)x(k) = y(n).

Then (4 2)y(k) = y(2k) so

N -1

(i@ﬂ—;——k%=ﬂN—1—2@=y@@=4¢%ﬂ@-

Q.E.D.
REMARKS:

1. Though we have given proofs only for the symmetric case, the filters can
also be antisymmetric, i.e., h(N — n) = —h(n). The antisymmetry is
inherited by y (k) and (| 2)y (k).

2. For N odd (W filter) if the low pass FIR filter is real and symmetric and the
high pass filter is obtained via the alternating flip, then the high pass filter is
also symmetric. However, if N is even (H filter) and the low pass FIR filter
is real and symmetric and the high pass filter is obtained via the alternating
flip, then the high pass filter is antisymmetric.

3. The pairing of W filters with W extensions of signals (and the pairing of
H filters with H extensions of signals) is important for the preceding result.
Mixing the symmetry types will result in downsampled signals without the
desired symmetry.
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4. The exact choice of the elements of the restricted set, needed to reconstitute
the original L-element signal depend on such matters as whether L is odd or
even. Thus, for a W filter (V even) and a W extension E with L even, then
since L — 1 isodd (} 2)y must be a (1, 2) extension (one endpoint occurs
once and one is repeated) so we can choose 1 + % = g independent
elements from each of the upper and lower channels. However, if L is odd
then L — 1 is even and (J 2)y must be a (1, 1) extension. In this case the
independent components are 2 + % Thus by correct centering we can

choose £+ elements from one channel and £5* from the other.

5. For a symmetric low pass H filter (NV odd) and an H extension E with L
even, then (| 2)y must be a (1,1) extension so we can choose 2 + £52 =
% + 1 independent elements from the lower channel. The antisymmetry in
the upper channel forces the two endpoints to be zero, so we can choose
L=2 = L _ 1 independent elements. However, if L is odd then (| 2)y
must be a (1,2) extension. In this case the independent components in the
lower channel are 2 + % The antisymmetry in the upper channel forces
one endpoint to be zero. Thus by correct centering we can choose 1

2
independent elements from the upper channel.

6. Another topic related to the material presented here is the Discrete Cosine
Transform (DCT). Recall that the Discrete Fourier Transform (DFT) essen-
tially maps the data f(0), f(1),---, f(L — 1) on the interval [0, L — 1] to
equally spaced points around the unit circle. On the circle the points L — 1
and 0 are adjoining. Thus the DFT of samples of a continuous function f
on an interval can have an artificial discontinuity when passing from L — 1
to 0 on the circle. This leads to the Gibb’s phenomenon and slow conver-
gence. One way to fix this is to use the basic idea behind the Fourier cosine
transform and to make a symmetric extension g of f to the interval of length

2L: i)
n n=0,---,L—1

Now ¢g(—L) = g(L — 1), so that if we compute the DFT of g on an in-
terval of length 2. we will avoid the discontinuity problems and improve
convergence. Then at the end we can restrict to the interval [0, L — 1].

7. More details can be found in Chapter 8 of Strang and Nguyen.
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Chapter 10

Some Applications of Wavelets

10.1 Image compression

A typical image consists of a rectangular array of 256 x 256 pixels, each pixel
coded by 24 bits. In contrast to an audio signal, this signal has a fixed length. The
pixels are transmitted one at a time, starting in the upper left-hand corner of the
image and ending with the lower right. However for image processing purposes it
IS more convenient to take advantage of the 2D geometry of the situation and con-
sider the image not as a linear time sequence of pixel values but as a geometrical
array in which each pixel is assigned its proper location in the image. Thus the
finite signal is 2-dimensional: x(n,, ny) where 0 < n; < 28. We give a very brief
introduction to subband coding for the processing of these images. Much more
detail can be found in chapters 9-11 of Strang and Nguyen.
Since we are in 2 dimensions we need a 2D filter H

Hx(ni,no) = y(ni,ne) = Y h(ky, ko)x(n1 — k1, ne — k2).
k1,k2

This is the 2D convolution y = Hx. In the frequency domain this reads

Y (wi,ws2) = H(wi, we) X (w1, ws) (Z h(ky, ks)e k1w1+k2w2)>
k1,k2

(Z X(n1;n2)ei(mw1+n2w2)> ;

ni,n2
with a similar expression for the z-transform. The frequency response is 27-
periodic in each of the variables w; and the frequency domain is the square —m <
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w; < m. We could develop a truly 2D filter bank to process this image. Instead
we will take the easy way out and use separable filters, i.e., products of 1D filters.
We want to decompose the image into low frequency and high frequency com-
ponents in each variable n,, ny separately, so we will use four separable filters,
each constructed from one of our 1.D pairs hy,,, hpig, associated with a wavelet
family:

ho(n1,n2) = hygy(n1) ey (n2), hy(n1,ng) = hpigh(n1)hyew (n2),

h; (n1,n2) = hygy(n1)hpign(ne), h3(n1,n2) = hpign(n1)hpign(ne).

The frequency responses of these filters also factor. We have
Hy(wy,wy) = th’gh(wl)Hlow(w2)a

etc. After obtaining the outputs y,(ny,ne) from each of the four filters H; we
downsample to get (| [2, 2])y(n1,n2) = y;(2n1,2n2). Thus we keep one sample
out of four for each analysis filter. This means that we have exactly as many pixels
as we started with (256 x 256), but now they are grouped into four (128 x 128)
arrays. Thus the analyzed image is the same size as the original image but broken
into four equally sized squares: LL (upper left), HL (upper right), LH (lower left),
and HH (lower right). Here HL denotes the filter that is high pass on the n; index
and low pass on the n, index, etc.

A straight-forward z-transform analysis shows that this is a perfect reconstruc-
tion 2D filter bank provided the factors hy,,,, hy;4, define a 1.D perfect reconstruc-
tion filter bank. the synthesis filters can be composed from the analogous synthe-
sis filters for the factors. Upsampling is done in both indices simultaneously: (1
[2,2])y(2n1, 2ns) = y(n1,n9) for the even-even indices. (1 [2, 2])y(mi, m2) =0
for m1, my even-odd, odd-even or odd-odd.

At this point the analysis filter bank has decomposed the image into four parts.
LL is the analog of the low pass image. HL, LH and HH each contain high fre-
quency (or difference) information and are analogs of the wavelet components.
In analogy with the 1D wavelet transform, we can now leave the (128 x 128)
wavelet subimages HL, LH and HH unchanged, and apply our 2D filter bank to
the (128 x 128) LL subimage. Then this block in the upper left-hand corner of
the analysis image will be replaced by four 64 x 64 blocks L’L’, H’L’, L’'H” and
H’H’, in the usual order. We could stop here, or we could apply the filter bank
to L’L’ and divide it into four 32 x 32 pixel blocks L"L”, H”L”, L”"H” and H”H”.
Each iteration adds a net three additional subbands to the analyzed image. Thus
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one pass through the filter bank gives 4 subbands, two passes give 7, three passes
yield 10 and four yield 13. Four or five levels are common. For a typical analyzed
image, most of the signal energy is in the low pass image in the small square in the
upper left-hand corner. It appears as a bright but blurry miniature facsimile of the
original image. The various wavelet subbands have little energy and are relatively
dark.

If we run the analyzed image through the synthesis filter bank, iterating an
appropriate number of times, we will reconstruct the original signal. However,
the usual reason for going through this procedure is to process the image before
reconstruction. The storage of images consumes a huge number of bits in storage
devices; compression of the number of bits defining the image, say by a factor of
50, has a great impact on the amount of storage needed. Transmission of images
over data networks is greatly speeded by image compression. The human visual
system is very relevant here. One wants to compress the image in ways that are not
apparent to the human eye. The notion of “barely perceptible difference” is im-
portant in multimedia, both for vision and sound. In the original image each pixel
is assigned a certain number of bits, 24 in our example, and these bits determine
the color and intensity of each pixel in discrete units. If we increase the size of the
units in a given subband then fewer bits will be needed per pixel in that subband
and fewer bits will need to be stored. This will result in a loss of detail but may
not be apparent to the eye, particularly in subbands with low energy. This is called
quantization. The compression level, say 20 to 1, is mandated in advance. Then
a bit allocation algorithm decides how many bits to allocate to each subband to
achieve that over-all compression while giving relatively more bits to high energy
parts of the image, minimizing distortion, etc. (This is a complicated subject.)
Then the newly quantized system is entropy coded. After quantization there may
be long sequences of bits that are identical, say 0. Entropy coding replaces that
long strong of 0s by the information that all of the bits from location « to location
b are 0. The point is that this information can be coded in many fewer bits than
were contained in the original sequence of 0s. Then the quantized and coded file
is stored or transmitted. Later the compressed file is processed by the synthesizing
filter bank to produce an image.

There are many other uses of wavelet based image processing, such as edge
detection. For edge detection one is looking for regions of rapid change in the
image and the wavelet subbands are excellent for this. Noise will also appear
in the wavelet subbands and a noisy signal could lead to false positives by edge
detection algorithms. To distinguish edges from noise one can use the criteria
that an edge should show up at all wavelet levels. Your text contains much more

291



information about all these matters.

10.2 Thresholding and Denoising

Suppose that we have analyzed a signal down several levels using the DWT. If
the wavelets used are appropriate for the signal, most of the energy of the signal
Cklaj, k? = Sp(Jaj_1,l> + |bj—1,4*) at level j will be associated with just
a few coefficients. The other coefficients will be small in absolute value. The
basic idea behind thresholding is to zero out the small coefficients and to yield
an economical representation of the signal by a few large coefficients. At each
wavelet level one chooses a threshold ¢ > 0. Suppose z,(t) is the projection of
the signal at that level. There are two commonly used methods for thresholding.
For hard thresholding we modify the signal according to

oy — | xi(t), for|z;(t)[ >0
Yhard,j (t) = { 0, for|z;(t)] < 6.

Then we synthesize the modified signal. This method is very simple but does
introduce discontinuities. For soft thresholding we modify the signal continuously
according to

sign(z(t))(z;(t) — 0), for|z;(t)| >4
Ysoft,j (£) = { g 0, for |z;(t)| < 6.

Then we synthesize the modified signal. This method doesn’t introduce disconti-
nuities. Note that both methods reduce the overall signal energy. It is necessary to
know something about the characteristics of the desired signal in advance to make
sure that thresholding doesn’t distort the signal excessively.

Denoising is a procedure to recover a signal that has been corrupted by noise.
(Mathematically, this could be Gaussian white noise N (0, 1)) It is assumed that
the basic characteristics of the signal are known in advance and that the noise
power is much smaller than the signal power. A familiar example is static in
a radio signal. We have already looked at another example, the noisy Doppler
signal in Figure 7.5.

The idea is that when the signal plus noise is analyzed via the DWT the essence
of the basic signal shows up in the low pass channels. Most of the noise is captured
in the differencing (wavelet) channels. You can see that clearly in Figures 7.5,
7.6, 7.7. In a channel where noise is evident we can remove much of it by soft
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thresholding. Then the reconstituted output will contain the signal with less noise
corruption.
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